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In the past decade, Australian industry, and particularly the mining industry, has 

witnessed the development of several large “super-projects”, most in excess of a billion 

dollars. These large super-projects include the exploitation of Australia’s mineral wealth 

in alumina, copper, iron, nickel, uranium, and zinc, through the construction of huge 

complex industrial process plant ranging in cost from one to two billion dollars. Although 

these super-projects create many thousands of jobs resulting in significant decreases in 

unemployment especially during construction, as well as projected increases in the wealth 

and growth of the Australian economy, they bear a high risk in achieving their forecast 

profitability through maintaining budgeted costs. Most of the super-projects have either 

exceeded their budgeted establishment costs, or have experienced operational costs far in 

excess of what was originally estimated in their feasibility prospectus scope. Some of the 

more significant contributors to the cost “blow-outs” experienced by these super-projects 

can be attributed to the complexity of their engineering design, both in technology and in 

the complex integration of systems, as well as a lack of meticulous project management.  

 

The individual process systems on their own are adequately designed and constructed, 

often on the basis of previous similar, although smaller designs. It is the critical 

combination and complex integration of many such process systems that gives rise to 

design complexity and consequent frequent failure, where high risks of the integrity of 

engineering design are encountered. Research into this problem has indicated that large, 

expensive process plant may often have quite superficial design reviews. As an essential 

control activity of engineering design, design review practices can take many forms. At 

the lowest level they consist merely of an examination of engineering drawings and 

specifications before construction begins. At the highest level, they consist of 

comprehensive due diligence evaluations. Comprehensive design reviews are included at 

different phases of the engineering design process, such as conceptual design, preliminary 

or schematic design, and final detail design. In most cases, though, a structured basis of 

measure is rarely used against which designs, or design alternatives, should be reviewed.  

 

It is obvious from the real-world examples of recently constructed process plant that most 

of the problems stem from a lack of proper evaluation of their engineering integrity. In 
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determining the complexity and consequent frequent failure of the critical combination 

and complex integration of large engineering processes, both in technology as well as the 

integration of systems, their engineering integrity needs to be determined. This 

engineering integrity includes reliability, availability, maintainability and safety of the 

inherent process systems functions and their related equipment. Integrity of engineering 

design includes the design criteria of reliability, availability, maintainability and safety 

of the inherent systems and their related equipment. 

 

The tools that most design engineers resort to in determining integrity of design are 

techniques such as Hazardous Operations (HazOp) studies, and Simulation. Less 

frequently used techniques include Hazards Analysis (HazAn), Fault-Tree Analysis, 

Failure Modes and Effects Analysis (FMEA), and Failure Modes Effects and Criticality 

Analysis (FMECA). Despite the vast amount of research already conducted, many of 

these techniques are either misunderstood or conducted incorrectly, or not even conducted 

at all, with the result that many high cost super-projects eventually reach the construction 

phase without having been subjected to a rigorous and correct evaluation of the integrity 

of their designs. Much consideration is being given to process engineering design, based 

on the theoretical expertise and practical experience of process, chemical, civil, 

mechanical, electrical, and electronic engineers, from the point of view of “what should 

be achieved” to meet the design criteria. Unfortunately, it is apparent that not enough 

consideration is being given to “what should be assured” in the event the design criteria 

are not met. It is thus on the basis of the fact that many high cost super-projects 

eventually reach the construction phase without having been subjected to a proper 

rigorous evaluation of the integrity of their designs, and the contention that not enough 

consideration is being given in engineering design, as well as in design review 

techniques, to what should be assured in the event of design criteria not being met, that 

this research into the methodology for determining the integrity of process engineering 

design has been initiated. 

 

Many of the methods covered in this research have already been thoroughly explored by 

other researchers in the various fields of reliability, availability, maintainability and safety 
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analyses. What makes this research unique though, is the combination of these methods, 

as well as the latest techniques in probability and possibility modelling, mathematical 

algorithmic modelling, evolutionary algorithmic modelling, symbolic logic modelling, 

artificial intelligence modelling, and object oriented computer modelling, in a logically 

structured approach to determining the integrity of engineering design. This endeavour 

has not only encompassed a depth of research into the various methods and techniques, 

ranging from quantitative probability theory and expert judgement in Bayesian analysis, 

to qualitative possibility theory, fuzzy logic and uncertainty in Markov analysis; from 

reliability block diagrams, fault trees, event trees and cause-consequence diagrams, to 

Petri nets, genetic algorithms and artificial neural networks; but also a breadth of research 

into the concept of integrity in engineering design. Such breadth is represented by the 

inclusion of the topics of reliability and performance, availability and maintainability, and 

safety and risk, in an overall concept of designing for integrity during the engineering 

design process. 

 

One of the predominant outcomes of this research has been the development of an 

Artificial Intelligence Based (AIB) model in which new Artificial Intelligence (AI) 

modelling techniques, such as the inclusion of knowledge-based expert systems within 

a blackboard model, have been applied in the development of intelligent computer 

automated methodology for determining the integrity of engineering design. The AIB 

model provides a new and novel concept of automated continual design reviews 

throughout the engineering design process on the basis of concurrent design in an 

integrated collaborative design environment. This is implemented by remotely located 

multi-disciplinary groups of design engineers who input specific design data and 

schematics into their relevant knowledge-based expert systems, whereby the designed 

system or related equipment is automatically evaluated for integrity by each design 

group’s expert system. The design criteria pertaining to each system is then incorporated 

in the blackboard model to represent the complete unified and integrated design. 
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SECTION 1 

RESEARCH OVERVIEW 

 

CHAPTER 1 RESEARCH TOPIC 

 

1.1.1.  INTRODUCTION 

 

  In the past decade, Australian industry, and particularly the mining industry, has 

witnessed the development of several large super-projects, most in excess of a billion dollars. 

These large super-projects include the exploitation of Australia’s mineral wealth in alumina, 

copper, iron, nickel, uranium, and zinc through the construction of huge complex industrial 

process plant ranging in cost from one to two billion dollars. Listed among the more recent 

super-projects are the Worseley Alumina Expansion Project, the Olympic Dam Copper and 

Uranium Project, the BHP Hot Briquetting Iron Project, the Bulong, Cawse and Murrin Murrin 

Nickel-from-Laterite Projects, and the Sun Metals - Korea Zinc Project. Summaries of the 

volumes of related minerals and metals production, as well as export volumes and dollar values 

are given in Tables 1.1.1a. to 1.1.1c. 

 

Product 1999 - 2000   2000 - 2001   2001 - 2002 

Alumina 14 million tonnes  15 million tonnes  16.5 million tonnes 

Copper  689 thousand tonnes  787 thousand tonnes  834 thousand tonnes 

Iron Ore 153 million tonnes  156 million tonnes  175 million tonnes 

Nickel  167 thousand tonnes  182 thousand tonnes  276 thousand tonnes 

Uranium 6393 tonnes   8235 tonnes   10800 tonnes 

Zinc  323 thousand tonnes  404 thousand tonnes  550 thousand tonnes 

 

Table 1.1.1.a. Volume of Mineral and Metal Production in Australia 

 

Product 1999 - 2000   2000 - 2001   2001 - 2002 
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Alumina 11 million tonnes  11.65 million tonnes  13 million tonnes 

Copper  160 thousand tonnes  306 thousand tonnes  477 thousand tonnes 

Iron Ore 135 million tonnes  149 million tonnes  161 million tonnes 

Nickel  151 thousand tonnes  177 thousand tonnes  240 thousand tonnes 

Uranium 5989 tonnes   8025 tonnes   10800 tonnes 

Zinc  274 thousand tonnes  317 thousand tonnes  460 thousand tonnes 

 

Table 1.1.1.b. Volume of Mineral and Metal Exports from Australia 

 

Product 1999 - 2000   2000 - 2001   2001 - 2002 

Alumina $2910 million   $3471 million   $4247 million 

Copper  $398 million   $840 million   $1644 million 

Iron Ore $3844 million   $3817 million   $4866 million 

Nickel  $845 million   $1862 million   $2139 million 

Uranium $288 million   $367 million   $438 million 

Zinc  $444 million   $550 million   $881 million 

 

Table 1.1.1.c. Value of Mineral and Metal Exports from Australia 

 

Although these super-projects create many thousands of jobs resulting in significant decreases in 

unemployment especially during construction, as well as projected increases in the wealth and 

growth of the Australian economy, they bear a high risk in achieving their forecast profitability 

through maintaining budgeted costs.  

 

Most of the super-projects researched by the author have either exceeded their budgeted 

establishment costs, or have experienced operational costs far in excess of what was originally 

estimated in their feasibility prospectus scope. 

 

From a paper titled ‘THE AUSTRALIAN LATERITE NICKEL REVOLUTION’ presented at 

the Metal Bulletin’s Nickel and Markets Seminar in Paris, France, 7-8 September 1998, by Tony 
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Robson, formerly Senior Research Analyst of Prudential-Bache Securities Australia, the 

following abstract indicates the importance placed upon this particular field of engineering 

innovation in the Australian process and mining industry:   

  

‘A nickel revolution is now underway in Australia. Three Australian plants 

treating limonitic laterite ores with the high-pressure acid leach process have 

recently been built, at a capital cost of A$1,500 million. They should be producing 

metal at the rate of 65,000t nickel and 6,000t cobalt by the end of 1999 to early 

2000. Both capital and operating costs are low compared to most existing laterite 

processors and integrated sulphide operations, with cash costs after cobalt credits 

envisaged to be under US$1.00/lb. Expansion plans are held for all three, which 

should see output rise to 177,000t nickel and 14,300t cobalt by 2001 or 2002, with 

additional capital costs of A$1,600 million.  

 

A few second generation projects in Australia also show potential economic 

returns, and are expected to proceed to development. Prudential-Bache estimates 

that Australian raw nickel production will rise to 319,000t by 2003, which equates 

to 255,000t of finished nickel production. This is expected to place Australia as 

the world’s largest nickel producing nation, ahead of Russia and Canada.’ 

 

Since publication of the Metal Bulletin’s Nickel and Markets Seminar paper, the truth of the poor 

performances of these nickel-from-laterite projects, as well as several other projects, is given in 

the following paragraph that summarises the findings of a study conducted as part of this 

research. Because of the complexity of design of engineering projects such as the laterite-nickel 

processes, and the fact that most of the problems encountered in these projects stem from a lack 

of proper evaluation of the integrity of their design, it is expected that research in this field 

should arouse significant interest within the Australian process and mining industry in general. 

 

 

Problems Encountered in the Engineering Design and Construction of 

Complex Process Projects: 
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 In all of the nickel-from-laterite projects studied, additional funding had to be 

obtained for cost overruns and to cover shortfalls in working capital due to 

extended construction and commissioning periods. Final capital costs far 

exceeded initial feasibility estimates. Additional costs were mainly incurred 

for rectification of insufficiently designed system circuits and equipment, and 

increased engineering and maintenance costs. Actual construction completion 

schedule overruns averaged 6 months, and commissioning completion 

schedule overruns averaged 11 months. Actual start-up commenced +1 year 

after forecast with all the projects. 

 

 Estimated cash operating costs were over-optimistic and in some cases, no 

further cash operating costs were estimated due to schedule overruns as well 

as over-extended ramp-up periods in attempts to obtain design forecast output. 

 

 Technology and engineering problems were numerous in all the projects 

studied, especially in the various process areas, which indicated insufficient 

process design and/or specifications to meet the inherent process problems of 

viscosity, bogging, corrosion, scaling and erosion. 

 

 Procurement and construction problems were experienced by all the projects 

studied, especially relating to sub-contracted vendor packages and the related 

lack of design data sheets, incomplete equipment lists, inadequate 

instrumentation and process control, incorrect spare parts lists, lack of proper 

identification of spares and facilities equipment such as manual valves and 

piping both on design drawings and on-site, and basic quality ‘corner cutting’ 

resulting from cost and project overruns. Actual project schedule overruns 

averaged +1 year after forecast. 

 

 Pre-commissioning and commissioning schedules were over-optimistic in 

most cases where, as indicated previously, actual commissioning completion 
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schedule overruns averaged 11 months. Inadequate references to equipment 

data sheets and design specifications during plant pre-commissioning resulted 

in it later becoming an exercise of identifying the as-built equipment, rather 

than a confirmation of equipment installation according to design 

specifications. Most problems were encountered during wet commissioning, 

and during post-commissioning ramp-up operations. 

 

 The need to rectify process circuits, controls and equipment, occurred in all 

the projects because of detrimental erosion and corrosion effects on all the 

equipment with design and specification inadequacies, resulting in cost and 

time overruns. Difficulties with start-ups after resulting forced stoppages, and 

poor systems performance with regard to availability and plant utilisation, 

resulted in longer ramp-up periods and consequential shortfalls of operating 

capital to ensure proper project hand-over. 

 

 In all the projects studied, ramp-up schedules were over-optimistic with less 

than optimum production only being able to be reached much later than 

forecast. Production was much lower than envisaged, ranging between 10% to 

60% of design capacity, 12 months after the forecast date that design capacity 

would be reached. Ramp-up and optimum production problems with regard to 

achieving design throughput occurred in all the projects. This was mainly due 

to low process circuit availabilities and plant utilisation because of short 

operating periods and poor process and equipment design reliability. 

 

 Project management and control problems relating to construction, 

commissioning, start-up, and ramp-up schedule overruns were proliferate, as a 

result of inadequate assessments of design complexity and project volume 

with regard to the very many integrated systems and the vast amount of 

equipment. 
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It is obvious from the above real-world examples of recently constructed process plant that most 

of the problems stem from a lack of proper evaluation of their engineering integrity. The 

important question to be considered is: What does integrity of engineering design actually imply?  

 

Engineering Integrity: 

 

In determining the complexity and consequent frequent failure of the critical combination and 

complex integration of large engineering processes, both in technology as well as the integration 

of systems, their engineering integrity needs to be determined. This engineering integrity 

includes reliability, availability, maintainability and safety of the inherent process systems 

functions and their related equipment. 

  

Integrity of engineering design therefore includes the design criteria of reliability, availability, 

maintainability and safety of the inherent systems and their related equipment. 

 

Reliability can be regarded as the probability of successful operation or performance of systems 

and their related equipment, with minimum risk of loss or disaster or of system failure. 

Designing for reliability requires an evaluation of the effects of failure of the inherent systems 

and their related equipment. 

 

Availability is that aspect of system reliability which takes equipment maintainability into 

account. Designing for availability requires an evaluation of the consequences of unsuccessful 

operation or performance of the integrated systems, and the critical requirements necessary to 

restore operation or performance to design expectations. 

 

Maintainability is that aspect of maintenance which takes downtime of the systems into 

account. Designing for maintainability requires an evaluation of the accessibility and 

“repairability” of the inherent systems and their related equipment in the event of failure, as well 

as for integrated systems shut-down during planned maintenance. 
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Safety can be classified into three categories; one relating to personal protection, the second 

relating to equipment protection, and the third relating to environmental protection. Safety in 

this context may be defined as; “not involving risk”’ where risk is defined as; “the chance of loss 

or disaster”. Designing for safety is inherent in the development of designing for reliability and 

maintainability of systems and their related equipment. 

 

Environmental protection in engineering design, particularly in industrial process design, relates 

to failure of the inherent process systems resulting in environmental problems predominantly 

associated with the treatment of wastes and emissions from chemical processing operations, high 

temperature processes, hydrometallurgical and mineral processes, and processing operations from 

which by-products are treated to prevent short or long-term damage to the environment. 

 

The overall combination of these four topics constitutes a methodology which ensures good 

engineering design with the desired engineering integrity. This methodology provides the means 

by which complex engineering designs can be analysed and reviewed, not only with a focus upon 

individual inherent systems, but also with a perspective of the critical combination and complex 

integration of all the systems and related equipment, in order to achieve the required reliability, 

availability, maintainability and safety; (i.e. integrity).  

 

Such an analysis is often termed a RAM Analysis. The concept of RAM Analysis is not new, 

and has been progressively developed over the past two decades, predominantly in the field of 

product assurance. Those industries applying product assurance methods have unquestionably 

witnessed astounding revolutions of knowledge and techniques to match the equally astounding 

progress in technology, particularly in the electronic, micro-electronic and computer industries. 

Many technologies have already originated, attained peak development, and even become 

obsolete within the past two decades. In fact, most systems of products built today will be long 

since obsolete by the time they wear out. So too, must the development of ideas, knowledge and 

techniques to adequately manage the application and maintenance of newly developed systems, 

be compatible and adaptable, or similarly become obsolete and fall into disuse. 
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This applies significantly to the concept of engineering integrity, particularly to the integrity of 

engineering design. Engineering knowledge and techniques in the design and development of 

complex systems must either become part of a new information revolution in which compatible, 

and in many cases more stringent methods of design reviews and evaluations are adopted, 

especially in the field of intelligent computer automated methodology, or be relegated to the 

archives of obsolete practices.  

 

However, the phenomenal progress in technology over the past two decades has also confused 

the language of the engineering profession, and between engineering disciplines, engineers still 

have trouble speaking the same language, especially with regard to understanding the intricacies 

of concepts such as integrity, reliability, availability, maintainability and safety not only of 

individual components or systems, but also of their integration into larger complex installations. 

 

 

1.1.2.  PROBLEM DEFINITION 

 

  Some of the more significant contributors to cost “blow-outs” experienced by 

most of the super-projects can be attributed to the complexity of their engineering design, both in 

technology and in the complex integration of systems, as well as a lack of meticulous project 

management. The individual process systems on their own are adequately designed and 

constructed, often on the basis of previous similar, although smaller designs. 

 

 It is the critical combination and complex integration of many such process systems that gives 

rise to design complexity and consequent frequent failure, where high risks of the integrity of 

engineering design are encountered. 

 

Research by the author into this problem has indicated that large, expensive process plant may 

often have quite superficial design reviews. As an essential control activity of engineering 

design, design review practices can take many forms. At the lowest level they consist merely of 

an examination of engineering drawings and specifications before construction begins.  
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At the highest level, they consist of comprehensive due diligence evaluations. Comprehensive 

design reviews are included at different phases of the engineering design process, such as 

conceptual design, preliminary or schematic design, and final detail design.  

 

In most cases, a pre-defined and structured basis of measure is rarely used against which the 

design, or design alternatives, should be reviewed.  

 

This situation inevitably prompts the question: How can the integrity of process design be 

determined prior to any data being accumulated on the results of the operation and performance 

of the design? In fact, how can the reliability of process plant and its equipment be determined 

prior to the accumulation of any statistical meaningful failure data of the plant and its 

equipment? To further complicate matters: How will plant and equipment perform in large 

integrated systems, even if nominal reliability values of individual items of equipment are 

known? This is the dilemma that most design engineers are confronted with. 

 

The tools that most design engineers resort to in determining integrity of design are techniques 

such as Hazardous Operations (HazOp) studies, and Simulation. Less frequently used techniques 

include Hazards Analysis (HazAn), Fault-Tree Analysis, Failure Modes and Effects Analysis 

(FMEA), and Failure Modes Effects and Criticality Analysis (FMECA). This is evident by 

scrutiny of a typical Design Engineer’s Definitive Scope of Work given in Appendix A1.  

 

Despite the vast amount of research already conducted in the field of reliability analysis, many of 

these techniques seem to be either misunderstood or conducted incorrectly, or not even 

conducted at all, with the result that many high cost super-projects eventually reach the 

construction phase without having been subjected to a rigorous and correct evaluation of the 

integrity of their designs. Verification of this statement is given in the extract below in which 

comment is delivered in-part on an evaluation of the intended application of HazOp studies in 

conducting a preliminary design review for the most recent laterite-nickel process design. 
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Comment on Intended HazOp Studies for Use in Preliminary Design Reviews 

of a New Engineering Project: 

 

The Engineer’s Definitive Scope of Work for the Project includes the need for 

conducting Preliminary Design HazOp Reviews as part of Design Verification. 

Reference to determining equipment criticality for Mechanical Engineering Input 

as well as for Electrical Engineering Input in the Engineer’s Definitive Scope of 

Work can only be achieved through the establishment of Failure Modes and 

Effects Analysis (FMEA). There are however some concerns with the approach: 

 

 In HazOp studies the differentiation between analysis at higher and at lower 

system levels in assessing either Hazardous Operational Failure Consequences, or 

System Failure Effects, is extremely important from the point of view of 

determining process criticality, or determining equipment criticality. 

 

 The determination of process criticality can be seen as a Preliminary HazOp, 

or a higher systems level determination of process failure consequences, based 

upon process function definition in relation to the classical HazOp ‘guide 

words’, and obtained off the schematic design Process Flow Diagrams (PFDs).  

 

 The determination of equipment criticality can be seen as a Detailed HazOp 

(or HazAn), or a lower systems level determination of system failure effects, 

which is based upon equipment function definition. 

 

 The extent of analysis, effort and time, is very different between a Preliminary 

HazOp and a Detailed HazOp (or HazAn). Both are, however, essential for the 

determination of integrity of design; one at a higher process level, and the other at 

a lower equipment level, with the quantitative result of an estimation of the 

reliability of either processes (systems) or of equipment (assemblies/components). 
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 A Preliminary HazOp study is essential for the determination of integrity of 

design at process level, and should include process reliability which can be 

quantified from the establishment of process design criteria. 

 

 The Engineer’s Definitive Scope of Work for the Project does not include a 

determination of process reliability, although process reliability can be 

quantified from the establishment of process design criteria. 

 

 A Detailed HazOp (or HazAn) is essential for the determination of integrity of 

design at a lower equipment level and should include estimations of critical 

equipment reliability which can be quantified from equipment design criteria. 

 

 The Engineer’s Definitive Scope of Work for the Project does not include a 

determination of equipment reliability, although equipment reliability can be 

quantified from detail equipment design criteria. 

 

 FMEA or Failure Modes and Effects Analysis is dependent upon equipment 

function definition at assembly and component level in the Systems Breakdown 

Structure (SBS), which is considered in equipment specification development 

during schematic and detail design. Furthermore, FMEA is strictly dependent 

upon a correctly structured SBS at the lower systems levels, usually obtained off 

the detail design Pipe and Instrument Drawings (P&IDs). 

 

It is obvious from the above comment that a severe lack of insight exists in the essential activities 

required to establish a proper evaluation of the integrity of engineering design, with the 

consequence that many such ‘good intentions’ inevitably result in superficial design reviews, 

especially with large, complex, and expensive process designs. Based on hands-on experience, as 

well as in-depth analysis of the potential causes of the cost “blow-outs” of several super-projects, 

an inevitable conclusion can be derived that insufficient research has been conducted in 

determining the integrity of process engineering design, as well as in design review techniques.  
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1.1.3.  RESEARCH RATIONALE 

 

 Much consideration is being given to process engineering design, based on the 

theoretical expertise and practical experience of process, chemical, civil, mechanical, electrical, 

and electronic engineers, from the point of view of ‘what should be achieved’ to meet the design 

criteria. Unfortunately, it is apparent that not enough consideration is being given to ‘what 

should be assured’ in the event the design criteria are not met.  

 

It is thus on the basis of the fact that many high cost super-projects eventually reach the 

construction phase without having been subjected to a rigorous evaluation of the integrity of their 

designs, and the contention that not enough consideration is being given in engineering design, as 

well as in design review techniques, to ‘what should be assured’ in the event of design criteria 

not being met, that this research into the methodology for determining the integrity of process 

engineering design has been initiated. 

 

Taking due cognisance of the problems defined previously, an essential need has been identified 

in the Australian process and mining industry for practical intelligent computer automated 

methodology to be used as a structured basis of measure in determining the integrity of 

engineering design to achieve the required reliability, availability, maintainability and safety. 

This is especially of concern with respect to critical combinations and complex integrations of 

large process systems and their related equipment. The goal of this research is thus to: 

 

a) Formulate conceptual and mathematical models of engineering design integrity in design 

synthesis, which includes design for reliability, availability, maintainability and safety. 

 

b) Develop intelligent computer automated methodology whereby conceptual and mathematical 

models can be practically used in the process and mining industry, and also in other 

engineering oriented industries, to establish a structured basis of measure for engineering 

design review procedures, to achieve the necessary integrity of engineering design. 
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A target platform for evaluating and optimising the practical contribution of this research is 

focused on the design of large industrial processes that consist of many systems that give rise to 

design complexity and consequent high risk of design integrity. The current activity in the 

Australian process and mining industry makes such research and development very timely. 

 

 

1.1.4.  RESEARCH OBJECTIVES 

 

  The associated objectives accomplished in pursuit of the goal of this research, are: 

 

a) Establishment of a literature survey of the relevant literature and research into the related 

topics to be covered in this research. 

 

b) Development of the appropriate theory on the determination of integrity of engineering 

design for use in the mathematical and computer models. 

 

c) Conducting several field studies of engineering designs that have been recently constructed, 

that are in the process of being constructed, and that have yet to be constructed, to determine;  

 

i) the validity of the developed theory on the integrity of engineering design, 

 

ii) the application of mathematical / computer modelling in engineering design verification, 

 

 iii) the feasibility of a practical application of intelligent computer automated methodology in 

  engineering design review. 

 

d) Development of the appropriate industrial, simulation and mathematical models. 

 

e) Publication of material relating to this research and to the developed theory. 

 

1.1.5.  RESEARCH OUTPUT 
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  The following models have been developed, each for a specific purpose and with 

specific expected results, in partly achieving the objectives of this research: 

 

RAM Analysis modelling was applied to validate the developed theory on the determination of 

the integrity of engineering design. This computer model was applied to a recently constructed 

engineering design of an Environmental Plant for the recovery of sulphur dioxide emissions from 

a nickel smelter to produce sulphuric acid. Eighteen months after the plant was commissioned 

and placed into operation, failure data was obtained from the plant’s Distributed Control System 

(DCS) operation and trip logs, and analysed with a view to matching the developed theory with 

real operational data after plant start-up. The comparative analysis specifically included the 

determination of systems and equipment criticality and reliability. 

 

Dynamic systems simulation modelling was applied with individually developed Process 

Equipment Models (PEMs) based on Petri Net constructs, to initially determine mass - flow 

balances for preliminary engineering designs of large integrated process systems. The models 

were used to evaluate and verify process design integrity of critical combinations and complex 

integrations of systems and related equipment, for schematic and detail engineering designs. The 

Process Equipment Models have been verified for correctness, and the relevant results validated, 

by applying the PEMs in a large dynamic simulation of a complex integration of systems.  

 

Simulation modelling for design verification is common to most process engineering designs, 

particularly in the application of simulating process outcomes during the preliminary design 

phase. Dynamic simulation models are also used for design verification during the detail design 

phase, but not to the extent of determining process outcomes, as the level of complexity of the 

simulation models (and therefore the extent of data analysis of the simulation results) vary in 

accordance with the level of detail of the design. At the higher systems level, typical of 

preliminary designs, dynamic simulation of the behaviour of exogenous, endogenous and status 

variables, is both feasible and applicable. 
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However, at the lower, more detailed equipment level, typical of detail designs, dynamic 

continuous and/or discrete event simulation is applicable, together with the appropriate 

verification and validation analysis of results, their sensitivity to changes in primary or base 

variables, and the essential need for adequate simulation run periods determined from statistical 

experimental design. The extent of such simulation analysis is generally not conducted, nor 

properly understood, and thus often avoided on the assumption of a cost-effective justification of 

the amount of time required to develop the simulation models and to analyse their results.  

 

Mathematical modelling in the form of developed Optimisation Algorithms (OAs) of process 

design integrity was applied in predicting, assessing and evaluating reliability, availability, 

maintainability and safety requirements for the complex integration of process systems. These 

models were programmed into the PEM’s script so that each individual Process Equipment 

Model inherently has the facility for simplified data input and the ability to determine its design 

integrity with relevant output validation in graphical and tabular format. The output validation 

also includes the ability to determine the accumulative effect of all the PEMs’ reliabilities in a 

PFD configuration. 

 

Artificial Intelligence Based (AIB) modelling in which new Artificial Intelligence (AI) 

modelling techniques, such as the inclusion of knowledge-based expert systems within a 

blackboard model, have been applied in the development of intelligent computer automated 

methodology for determining the integrity of engineering design. The AIB model provides a new 

and novel concept of automated continual design reviews throughout the engineering design 

process on the basis of concurrent design in an integrated collaborative engineering design 

environment. This is implemented by remotely located multi-disciplinary groups of design 

engineers communicating via the Internet, who input specific design data and schematics into 

their relevant knowledge-based expert systems, whereby each designed system or related 

equipment is automatically evaluated for integrity by the design group’s expert system. The 

measures of integrity are based on the developed theory for predicting, assessing and evaluating 

reliability, availability, maintainability and safety requirements for complex integrations of 

engineering process systems. 
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The relevant design criteria pertaining to each level of a systems hierarchy of the engineering 

designs are incorporated in an all-encompassing blackboard model. The blackboard model allows 

multiple, diverse program modules, called knowledge sources, (in this case the knowledge-based 

expert systems), to co-operate in solving design problems such as determining the integrity of the 

engineering designs. This is analogous to a group of design engineers standing around a 

blackboard. The blackboard is an OOP application containing several databases that hold shared 

information among knowledge sources. Such information includes the RAM Analysis data, 

results from the Optimisation Algorithms, and compliance to specific design criteria, relevant to 

each level of systems hierarchy of the designs. In this manner, integrated systems and related 

equipment are continually evaluated for design compatibility and integrity throughout the 

engineering design process. 

 

1.1.6.  RESEARCH OUTCOME 

 

Many of the methods covered in this research have already been thoroughly explored by other 

researchers in the various fields of reliability, availability, maintainability and safety analyses. 

What makes this research outcome unique though, is the combination of these methods that 

include the latest techniques in probability and possibility modelling, mathematical algorithmic 

modelling, evolutionary algorithmic modelling, symbolic logic modelling, artificial intelligence 

modelling, and object oriented computer modelling, in a logically structured approach to 

determining the integrity of engineering design.  

 

This endeavour has not only encompassed a depth of research into these various methods and 

techniques, but also a breadth of research into the concept of integrity in engineering design. 

Such breadth is represented by the six topics of reliability and performance, availability and 

maintainability, and safety and risk, in an overall concept of the integrity of engineering design - 

which has been practically segmented into three progressive phases, a conceptual design phase, a 

preliminary or schematic design phase, and a detail design phase. Thus a matrix combination of 

the six topics have been considered in each of the three phases; a total of eighteen design 

methodology aspects for consideration. Hence the voluminous content of this dissertation.  
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Such a comprehensive combination of depth and breadth of research resulted in the conclusion 

during the formulation of the research outcome, that certain methods and techniques are more 

applicable to specific phases of the engineering design process, as indicated in the analytic 

development of each of the topics of reliability and performance, availability and maintainability, 

and safety and risk. This research has not remained on a theoretical basis however, but includes 

the development of three computer application models which have all been used in specific target 

industry projects, resulting in a wide range of design deliverables related to the theoretical topics. 

Taking all these design methodology aspects into consideration, this research can rightfully claim 

uniqueness in both integrative modelling and practical application in methodology for 

determining the integrity of process engineering design.  

 

A practical industry-based research outcome is the establishment of an intelligent computer 

automated methodology for determining the integrity of process engineering design, particularly 

for design reviews at the various progressive phases of the design process, namely conceptual, 

preliminary and detail engineering design. The overall value of such an intelligent computer 

automated methodology lies not only in a direct contribution to the engineering design 

profession, but also in the enhancement of design review methods for future engineering projects. 

This innovative approach does not limit the contribution to Australian industry alone, but can 

also include many countries world wide, as most of the large Australian mining houses are multi-

national. In addition, it opens a window of opportunity in developing more diverse and adaptable 

intelligent computer automated methodologies for a wider field of complex engineering designs, 

and for further research into modern AI modelling in concurrent design and in integrated 

collaborative engineering design, utilizing the Internet.  

 

The specific value of this research lies not so much in direct returns on the initial capital 

investment in engineering projects, but rather in potential savings obtained from avoiding capital 

investment overruns or cost “blow-outs” during project design and construction, with long-term 

benefits of lower maintenance costs. Such cost savings are directly realised by an understanding 

and acceptance of the fact that most of the problems encountered in the construction of complex 

processes stem from a lack of proper evaluation of the integrity of their design. 

 

CHAPTER 2 RESEARCH FRAMEWORK 
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1.2.1.  SCOPE OF RESEARCH 

 

This research has been conducted over a period of four years and is divided into 

several phases and parts, namely: 

 

Phase 1: Literature Study and Development of Theory 

 

Part 1: Literature study and detail search of related research topics. 

 

Part 2: Development of theory and methodology. 

 

Phase 2: Analysis of Target Engineering Design Projects 

 

Part 3:  Analysis of process design and process functionality of target engineering design. 

 

Part 4:   Analysis of equipment functionality and specifications of target engineering design. 

 

Phase 3: Development of Models and AIB Methodology 

 

Part 5:  Development of mathematical and simulation models of the process and equipment 

functionality of the target engineering design projects. 

 

Part 6:  Verification and validation of theory and methodology using the mathematical and 

simulation models. 

 

Part 7:  Development of an Artificial Intelligence Based (AIB) blackboard model for the 

application of methodology to determine the integrity of engineering design in an 

integrated collaborative design environment. 

 

 

Phase 4: Program Implementation and Analysis of Results 
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Part 8:  Implementation of the AIB model in a target engineering design project for trial 

tests of the applicability and benefit of the research. 

 

Part 9:   Analysis of the results of the trial tests for the applicability/benefit of the research. 

 

Phase 5: Conclusions and Dissertation 

 

Part 10:  Completion of research conclusions and writing of dissertation and publications. 

 

1.2.1.A. Phase 1: Literature Study and Development of Theory 

 

The scope of research necessitated an in-depth coverage of the relevant theory 

underlying the approach to determining the integrity of engineering process design, as well as an 

overall combination of the topics that would constitute a methodology. The scope of theory 

covered in the literature study included the following subjects: 

 

1.2.1.A.i.  Scope of Theory 

 

 Subject 1: Failure Analysis, which includes the Basics of Failure, Failure Criticality, Failure 

Models, Risk and Safety. 

 

 Subject 2: Reliability Analysis, which includes Reliability Theory, Methods and Models, 

Reliability Engineering, Control and Prediction, and Systems Engineering. 

 

 Subject 3: Availability Analysis, which includes Availability Theory, Methods and Models, 

Availability Engineering, Control and Prediction. 

 

 Subject 4: Maintainability Analysis, which includes Maintainability Theory, Methods and 

Models, Maintainability Engineering, Control and Testing. 
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 Subject 5: Quantitative Analysis, which includes Statistical Distributions, Programming, 

Quantitative Uncertainty, Markov Analysis, and Probability Theory. 

 

 Subject 6: Qualitative Analysis, which includes Descriptive Statistics, Complexity, 

Qualitative Uncertainty, Fuzzy Logic, and Possibility Theory. 

 

 Subject 7: Systems Analysis, which includes Systems Modelling, Dynamic Optimisation, 

Large Systems Analysis, Optimisation, Decomposition and Control. 

 

 Subject 8: Simulation Analysis, which includes Planning, Formulation, Specification, 

Evaluation, Verification, Validation, Computation, Modelling and Programming. 

 

 Subject 9: Process Analysis, which includes General Process Reactions, Mass Transfer, and 

Material and Energy Balance, and Process Engineering. 

 

 Subject 10: Artificial Intelligence Modelling, which includes Knowledge-based Expert 

Systems and Blackboard Models ranging from Domain Expert Systems (DES), Artificial 

Neural Systems (ANS), Procedural Diagnostic Systems (PDS), to Blackboard Management 

Systems (BBMS), and application of Expert System Shells such as CLIPS, Fuzzy CLIPS, 

EXSYS and CORVID. 

 

In addition to the numerous reference articles given at the end of each chapter, a comprehensive 

listing of books on the subject material covering the scope of the theory and analytic techniques 

researched, is given in Appendix A2: Bibliography of Select Literature. 

 

 

 

 

1.2.1.A.ii.  Essential Preliminaries 
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Essential preliminaries to the techniques used by design engineers in determining integrity of 

design, include activities such as: 

 

 Systems Breakdown Structures (SBS) 

 Process function definition  

 Quantification of engineering design criteria 

 Determination of failure consequences  

 Determination of preliminary design reliability 

 Determination of process criticality 

 Equipment function definition 

 Quantification of detail design criteria 

 Determination of failure effects 

 Failure Modes and Effects Analysis (FMEA) 

 Determination of detail design reliability 

 Failure Modes Effects and Criticality Analysis (FMECA) 

 Determination of equipment criticality 

 

However, very few engineering designs actually incorporate all of these activities, (except for the 

typical quantification of process design criteria and detail equipment design criteria); and 

unfortunately, very few design engineers apply or even understand the theoretical implications 

and practical application of such activities. The existing methodology that has been researched, 

in which engineering design problems are formulated to achieve optimal integrity, has been 

extended to accommodate its use in conceptual and preliminary or schematic design in which 

most of the design’s components have not yet been precisely defined.  

 

The approach then, is to determine methodology, particularly intelligent computer automated 

methodology, in which design for reliability, availability, maintainability and safety can be 

applied to systems whose components have not yet been precisely defined. 

 

1.2.1.A.iii.  Design for Reliability, Availability, Maintainability and Safety 
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The fundamental understanding of the concepts of reliability, availability and maintainability 

(and to a large extent an empirical understanding of safety), has in the main dealt with statistical 

techniques for the measure and/or estimation of various parameters related to each of these 

concepts, based on obtained data.  Such data may be obtained from current observations or past 

experience, and may be complete, incomplete or censored. Censored data arises from the 

cessation of experimental observations prior to a final conclusion of the results. These statistical 

techniques are predominantly couched in probability theory. 

 

The usual meaning of the term reliability is understood to be; “the probability of performing 

successfully”. In order to assess reliability, the approach is based upon available test data of 

successes or failures, or from field observations relative to performance under either actual or 

simulated conditions. Since such results can vary, the estimated reliability can be different from 

one set of data to another, even if there are no substantial changes in the physical characteristics 

of the item being assessed.  

 

Thus, associated with the reliability estimate, there is also a measure of the significance or 

accuracy of the estimate, termed the ‘confidence level’. This measure depends upon the amount 

of data available and/or the results observed. The data is normally governed by some parametric 

probability distribution. This means that the data can be interpreted by one or other mathematical 

formula representing a specific statistical probability distribution that belongs to a family of 

distributions which differ from one another only in the values of their parameters. Such a family 

of distributions may be grouped accordingly: 

 

 Beta distribution 

 Binomial distribution 

 Lognormal distribution 

 Exponential (Poisson) distribution 

 Weibull distribution 

 

Typical estimation techniques for determining the level of confidence related to an assessment of 

reliability based on these probability distributions are the methods of maximum likelihood, and 

Bayesian estimation. 
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 In contrast to reliability, which is typically assessed for non-repairable systems, i.e. without 

regard to whether or not a system is repaired and restored to service after a failure, availability 

and maintainability are principally assessed for repairable systems. Both availability and 

maintainability have the dimensions of a probability distribution in the range zero to one, and are 

based upon time-dependent phenomena. The difference between the two is that availability is a 

measure of total performance effectiveness, whereas maintainability is a measure of effectiveness 

of performance only during the period of restoration to service. 

 

Reliability assessment based upon the family of statistical probability distributions considered 

previously, is however subject to a somewhat narrow point of view - success or failure in the 

function of an item. They do not consider situations in which there are some means of backup for 

a failed item, either in the form of replacement, or in the form of restoration, or which include 

multiple failures with standby reliability, i.e. the concept of redundancy, where a redundant item 

is placed into service after a failure. Such situations are represented by additional probability 

distributions, namely: 

 

 Gamma distribution 

 Chi-square distribution 

 

Availability, on the other hand, has to do with two separate events; failure and repair. Therefore, 

assigning confidence levels to values of availability cannot be done parametrically, and a 

technique such as Monte Carlo simulation is employed, based upon the estimated values of the 

parameters of time-to-failure and time-to-repair distributions. When both these distributions are 

exponential, they can be reviewed in a Bayesian framework so that not only the time period to 

specific events are simulated, but also the values of the parameters. Availability is usually 

assessed with Poisson or Weibull time-to-failure and exponential or log-normal time-to-repair. 

 

Maintainability is concerned with only one random variable; the repair time for a failed system. 

Thus assessing maintainability implies the same level of difficulty as assessing reliability that is 

only concerned with one event, namely the failure of a system in its operating condition. In both 
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cases, if the time to an event of failure is governed by either a parametric, Poisson or Weibull 

distribution, the confidence levels of the estimates can also be assigned parametrically. 

 

However, in designing for reliability, availability and maintainability, it is more often the case 

that the measure and/or estimation of various parameters related to each of these concepts, is not 

based on obtained data. This is simply due to the fact that the available data does not exist. This 

poses a severe problem for engineering design analysis in determining the integrity of the design, 

in that the analysis cannot be quantitative. Furthermore, the complexity arising from an 

integration of engineering systems and their interactions, makes it somewhat impossible to gather 

meaningful statistical data that could allow for the use of objective probabilities in the analysis. 

Other acceptable methods must be sought to determine the integrity of engineering design in the 

situation where data is not available, or not meaningful. These methods are to be found in a 

qualitative approach to engineering design analysis. 

 

A qualitative analysis of the integrity of engineering design would need to incorporate qualitative 

concepts such as uncertainty and incompleteness. Uncertainty and incompleteness are inherent 

to engineering design analysis, whereby uncertainty, arising from a complex integration of 

systems, can best be expressed in qualitative terms, necessitating the results to be presented in the 

same qualitative measures.  Incompleteness considers results that are more or less sure, from 

those that are only possible. Thus the methodology investigated in this research for determining 

the integrity of engineering design, (particularly the methodology of designing for reliability, 

availability, maintainability and safety), is not solely a consideration of the fundamental 

quantitative measures of engineering design analysis based on probability theory, but also 

consideration of a qualitative analysis approach to selected conventional techniques. Such a 

qualitative analysis approach is based upon conceptual methodologies ranging from intervals and 

labelled intervals; uncertainty and incompleteness; fuzzy logic and fuzzy reasoning; through to 

approximate reasoning and possibility theory. 

 

a) Designing for Reliability: 
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In an elementary process, performance may be measured in terms of input, throughput and 

output quantities, whereas reliability is generally described in terms of the probability of failure 

or a mean time to failure of equipment (i.e. assemblies and components). This distinction is 

however not very useful in engineering design because it omits the assessment of system 

reliability from preliminary design considerations, leaving the task of evaluating equipment 

reliability during detail design, when most equipment have already been specified. A closer 

scrutiny of reliability is thus required, particularly the broader concept of system reliability. 

 

System reliability can be defined as; “the probability that a system will perform a specified 

function within prescribed limits, under given environmental conditions, for a specified time”.  

 

An important part of the definition of system reliability is the ability to perform within prescribed 

limits. The boundaries of these limits can be quantified by defining constraints on acceptable 

performance. The constraints are identified by considering the effects of failure of each 

identified performance variable. If a particular performance variable (designating a specific 

required duty) lies within the space bounded by these constraints, then it is a feasible design 

solution, i.e. the design solution for a chosen performance variable does not violate its 

constraints, thereby resulting in unacceptable performance. The best performance variable would 

have the greatest variance or safety margin from its relative constraints. A design that has the 

highest safety margin with respect to all constraints, will inevitably be the most reliable.  

 

Designing for reliability at the systems level, includes all aspects of the ability of a system to 

perform. When assemblies are configured together in a system, the system gains a collective 

identity with multiple functions, each function identified by the collective result of the duties of 

each assembly. Preliminary design considerations describe these functions at the system level, 

and as the design process progresses, the required duties at the assembly level are identified, 

which in effect constitute the collective performance of components that are defined at the detail 

design stage. 

 

In process systems, no difference is made between performance and reliability at the 

component level. When components are configured together in an assembly, the assembly gains a 
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collective identity with designated duties. Performance is the ability of such an assembly of 

components to carry out its duties, while reliability at the component level is determined by the 

ability of each of the components to resist failure. Unacceptable performance is considered from 

the point of view of the assembly not being able to meet a specific performance variable or 

designated duty, by an evaluation of the effects of failure of the inherent components on the 

duties of the assembly. Designing for reliability at the preliminary design stage would be to 

maximize the reliability of a system by ensuring that there are no 'weak links' (i.e. assemblies) 

resulting in failure of the system to perform its required functions. Similarly, designing for 

reliability at the detail design stage would be to maximize the reliability of an assembly by 

ensuring that there are no 'weak links' (i.e. components) resulting in failure of the assembly to 

perform its required duties. 

 

For example, in a mechanical system, a pump is an assembly of components that performs 

specific duties that can be measured in terms of performance variables such as pressure, flow 

rate, efficiency and power consumption. However, if a pump continues to operate but does not 

deliver the correct flow rate at the right pressure, then it should be regarded as having failed 

because it does not fulfil its prescribed duty. It is incorrect to describe a pump as 'reliable' if the 

rates of failure of its components are low, and yet it does not perform a specific duty required of 

it. Similarly, in a hydraulic system, a particular assembly may appear to be 'reliable' if the rates of 

failure of its components are low, and yet it may fail to perform a specific duty required of it. 

Numerous examples can be listed in various systems pertaining to the various engineering 

disciplines (i.e. process, mechanical, electrical, etc.) many of which become critical when 

multiple assemblies are configured together in single systems, and in turn, multiple systems are 

integrated into large complex engineering installations. 

 

The intention of designing for reliability is thus to design integrated systems with assemblies 

that effectively fulfil all their required duties. 

 

The initial designing for reliability method thus integrates functional failure as well as functional 

performance criteria so that a maximum safety margin is achieved with respect to acceptable 

limits of performance. The objective is thus to produce a design that has the highest possible 
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safety margin with respect to all constraints. However, as many different constraints defined in 

different units may apply to the overall performance of the system, a method of data point 

generation based on the limits of non-dimensional performance measures has been developed to 

allow the 'design for reliability' approach to be quantified. The choice of limits of performance 

for such an approach are generally made with respect to the consequences of failure and 

reliability expectations. If the consequences of failure are high, then limits of acceptable 

performance with high safety margins that are well clear of failure criteria are chosen. Similarly, 

if failure criteria are imprecise then high safety margins are adopted.  

 

This approach has been further expanded to represent sets of systems functioning under sets of 

failures and performance intervals, applying Labelled Interval Calculus. The most significant 

advantage of this method is that, besides not having to rely on the propagation of single estimated 

values of failure data, it does not have to rely on the determination of single values of maximum 

and minimum acceptable limits of performance for each criterion. Instead, constraint 

propagation of intervals about sets of performance values is applied. As these intervals are 

defined, a multi-objective optimisation of availability and maintainability performance values 

is computed, and optimal solution sets to different sets of performance intervals are determined. 

 

In addition, the concept of uncertainty in design integrity, both in technology as well as in the 

complex integration of multiple systems of large engineering processes, is considered through the 

application of Uncertainty Calculus utilizing Fuzzy Sets and Possibility Theory. Furthermore, 

the application of uncertainty in Failure Mode Effects and Criticality Analyses (FMECA) 

describes the impact of possible faults that could arise from the complexity of process 

engineering systems, or the complex integration of these systems, and forms an essential portion 

of knowledge gathered during the schematic design phase of the engineering design process. This 

knowledge is then incorporated in a knowledge base relevant to a particular knowledge source 

that is utilised in an Artificial Intelligence based blackboard system for further detail design.  

 

Information Integration Technology (IIT) is a multidisciplinary approach to evaluating the 

performance and reliability of engineering designs when data is sparse or non-existent. This 
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methodology is considered, particularly where complex integrations of engineering systems and 

their interactions makes it difficult and even impossible to gather meaningful statistical data. 

 

b) Designing for Availability: 

 

Designing for availability, as it is applied to an item of equipment, includes the aspects of utility 

and time. Designing for availability is concerned with equipment usage or application over a 

period of time. This relates directly to the equipment (i.e. assembly or component) being able to 

perform a specific function or duty within a time frame, as indicated by the following definition: 

 

Availability can be simply defined as; "the item's capability of being used over a period of 

time", and the measure of an item's availability can be defined as; "that period in which the 

item is in a usable state". 

 

Performance variables in the determination of availability (and which relate availability to 

reliability and maintainability) are concerned with the measures of time that are subject to 

equipment failure. These measures are given as Mean Time Between Failures (MTBF), and 

Mean Downtime (MDT) or Mean Time to Repair (MTTR). As with designing for reliability, 

which includes all aspects of the ability of a system to perform, designing for availability 

includes reliability and maintainability considerations which are integrated with the performance 

variables related to the measures of time that are subject to equipment failure. Designing for 

availability thus incorporates an assessment of expected performance with respect to the 

performance measures of MTBF, MDT or MTTR, in relation to the performance capabilities of 

the equipment. In the case of MTBF and MTTR, there are no limits of capability. Instead, 

prediction of the performance of equipment is made by considering the effects of failure for each 

of the measures of MTBF and MTTR. System availability implies the ability to perform within 

prescribed limits quantified by defining constraints on acceptable performance that is identified 

by considering the consequences of failure of each identified performance variable. 

 

Designing for availability during the preliminary or schematic design phase of the engineering 

design process, includes intelligent computer automated methodology based on Petri Nets (PN). 

Petri Nets represent a powerful paradigm, useful for modelling complex systems in the context of 
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systems performance, in designing for availability subject to preventive maintenance strategies 

that include complex interactions such as component renewal. Such interactions are time related 

and dependent upon component age and estimated residual life. 

 

c) Designing for Maintainability: 

 

Maintainability is that aspect of maintenance which takes downtime into account, and can be 

defined as; "the probability that a failed item can be restored to an operational effective 

condition within a given period of time". 

 

This restoration of a failed item to an operational effective condition is usually when repair 

action, or corrective maintenance action is performed in accordance with prescribed standard 

procedures. The item’s operational effective condition in this context is also considered to be the 

item’s repairable condition. Corrective maintenance action is the action to rectify or set right 

defects in the item’s operational and physical conditions, on which its functions depend, in 

accordance with a standard. 

 

Maintainability is thus the probability that an item can be restored to a repairable condition 

through corrective action, in accordance with prescribed standard procedures, within a given 

period of time. It is significant to note that maintainability is achieved not only through 

restorative corrective maintenance action, or repair action, in accordance with prescribed 

standard procedures, but also within a given period of time. This repair action is in fact 

determined by the Mean Time to Repair (MTTR) which is a measure of the performance of 

maintainability. A fundamental principle is thus identified: 

 

Maintainability is a measure of the repairable condition of an item which is determined by 

MTTR, and is established through corrective maintenance action. 

 

Designing for maintainability fundamentally makes use of maintainability prediction 

techniques as well as specific quantitative maintainability analysis models relating to the 

operational requirements of the design. Maintainability predictions of the operational 

requirements of a design during the conceptual design phase, can aid in design decisions where 
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several design options need to be considered. Quantitative maintainability analysis during the 

schematic and detail design phases, consider the assessment and evaluation of maintainability 

from the point of view of maintenance and logistics support concepts. Designing for 

maintainability basically entails a consideration of design criteria such as visibility, accessibility, 

testability, repairability and interchangeability. These criteria need to be verified through 

maintainability design reviews, conducted during the various design phases. 

 

Designing for maintainability at the systems level, requires an evaluation of the visibility, 

accessibility and repairability of the system’s equipment in the event of failure. This includes 

integrated systems shutdown during planned maintenance. Designing for maintainability as it is 

applied to an item of equipment, includes the aspects of testability, repairability and 

interchangeability of an assembly’s inherent components.  

 

In general, the concept of designing for maintainability is concerned with the restoration of 

equipment that has failed to perform a specific duty over a period of time. The performance 

variable used in the determination of maintainability that is concerned with the measure of time 

subject to equipment failure is the Mean Time to Repair (MTTR). Thus, besides providing for 

visibility, accessibility, testability, repairability and interchangeability, designing for 

maintainability also incorporates an assessment of expected performance in terms of the measure 

of MTTR in relation to the performance capabilities of the equipment. 

 

Designing for maintainability during the preliminary design phase would be to minimize the 

MTTR of a system by ensuring that failure of an inherent assembly to perform a specific duty, 

can be restored to its expected performance over a period of time. Similarly, designing for 

maintainability during the detail design phase would be to minimize the MTTR of an assembly 

by ensuring that failure of an inherent component to perform a specific function can be restored 

to its expected initial state over a period of time. 

 

d) Designing for Safety: 

 

Traditionally, assessments of the risk of failure are made on the basis of allowable factors of 

safety obtained from previous failure experiences, or from empirical knowledge of similar 
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systems operating in similar anticipated environments. Conventionally, the factor of safety has 

been calculated as the ratio of what are assumed to be nominal values of demand and capacity. In 

this context, demand is the resultant of many uncertain variables of the system under 

consideration, such as loading stress, pressures, temperatures etc. Similarly, capacity depends on 

the properties of materials strength, physical dimensions, constructability etc. The nominal values 

of both demand and capacity cannot be determined with certainty, and hence their ratio, giving 

the conventional factor of safety, is a random variable. Representation of the values of demand 

and capacity would thus be in the form of probability distributions, whereby, if maximum 

demand exceeded minimum capacity, the distributions would overlap with a non-zero 

probability of failure. A convenient way of assessing this probability of failure is to consider 

the difference between the demand and capacity functions, termed the safety margin. Obviously, 

the safety margin is a random variable with its own probability distribution. 

 

Designing for safety, or the measure of adequacy of a design, where inadequacy is indicated by 

the measure of the probability of failure, is associated with the determination of a reliability 

index for items at the equipment and component levels. The reliability index is defined as the 

number of standard deviations between the mean value of the probability distribution of the 

safety margin and where the safety margin is zero. The reliability index is the reciprocal of the 

coefficient of variation of the safety margin.  

 

Designing for safety furthermore includes analytic techniques such as Genetic Algorithms 

and/or Neural Networks to perform multi–objective optimisations of engineering design 

problems. The use of genetic algorithms in designing for safety is a new approach to determining 

solutions to the redundancy allocation problem for series-parallel systems design comprising 

multiple components. Artificial neural networks in designing for safety, offer feasible solutions 

to many design problems because of their capability to simultaneously relate multiple 

quantitative and qualitative variables, as well as to form models based solely on minimal data. 

 

1.2.1.B.  Phase 2: Analysis of Target Engineering Design Projects 

 

A stringent approach of objectivity is essential in implementing the developed 

theory of design integrity in any target engineering design project; particularly with regard to 
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applications of mathematical models in intelligent computer automated methodology. The 

selection of target engineering projects was based upon Parts 5, 6, and 7 of Phase 3 which 

includes the development of mathematical and simulation models of process and equipment 

functionality, and the development of an Artificial Intelligence Based (AIB) blackboard model to 

determine the integrity of process engineering design. As a result, three different target 

engineering design projects were selected which related directly to the progressive stages in the 

development of the theory, and to the levels of modelling sophistication of this research: 

 

 RAM Analysis Model (product assurance) for a $200 million engineering design 

project of an Environmental Plant for the recovery of sulphur dioxide emissions from a 

metal smelter to produce sulphuric acid as a by-product. The purpose of implementing the 

RAM Analysis Model in this target engineering design project, was to validate the 

developed theory of design integrity for eventual inclusion in intelligent computer 

automated methodology, using Artificial Intelligence Based (AIB) modelling. 

 

 OOP Simulation Model (process analysis) of a $1.1 billion engineering design project 

of an Alumina Plant. The purpose of implementing the object oriented programming 

(OOP) simulation model in this target engineering design project, was to evaluate the 

developed mathematical algorithms for assessing the reliability, availability, 

maintainability and safety requirements of complex process systems, as well as for the 

complex integration of process systems, for eventual inclusion in intelligent computer 

automated methodology using AIB modelling. 

 

 AIB Blackboard Model (design review) of a $1.2 billion engineering design project of a 

Nickel-from-laterite Processing Plant. The AIB Blackboard Model incorporates 

intelligent computer automated methodology for application of the developed theory and 

the mathematical algorithms. 

 

1.2.1.C.  Phase 3: Development of Models and AIB Methodology 

 

The computer modelling applied in this research includes up-to-date object 

oriented programming (OOP) applications incorporating integrated systems simulation modelling 
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in the case of the Alumina Plant, and AIB modelling including knowledge-based expert systems 

and blackboard modelling in the case of the Nickel-from-laterite Processing Plant. (A compact 

disk with the models applied in this research is attached). The AIB modelling provides for 

automated continual design reviews throughout the engineering design process on the basis of 

concurrent design in an integrated collaborative engineering design environment.  

 

Engineering designs are often composed of highly integrated, tightly coupled components where 

the interactions are essential to the behaviour and economic execution of the design. Therefore, 

concurrent rather than sequential consideration of requirements, such as structural, thermal, 

manufacturing, assembly / construction, and maintenance constraints, will inevitably result in 

superior designs. In creating a concurrent design system for engineering designers, knowledge 

of downstream activities needs to be infused into the design process so that designs can be 

generated rapidly and correctly. The design space can be viewed as a multi-dimensional space, 

in which each dimension has a different life-cycle objective such as serviceability or integrity, 

(reliability, availability, maintainability and safety). An intelligent design system should aid the 

designer in understanding the interactions and trade-offs among different, and even conflicting, 

requirements. The intention of the AIB blackboard is to surround the designer with expert 

systems that provide feedback on continual design reviews of the design as it evolves throughout 

the engineering design process. These experts systems, termed perspectives, must be able to 

generate information that becomes part of the design (e.g. mass-flow balances and flow stresses), 

and portions of the geometry (e.g. the shapes and dimensions). The perspectives are not just a 

sophisticated toolbox for the designer; rather they are a group of advisors that interact with one 

another and with the designer, as well as identify conflicting inputs in a collaborative design 

environment. This is implemented by multi-disciplinary remotely located groups of designers 

who input specific design data and schematics into the relevant perspectives or knowledge-based 

expert systems, whereby each design solution is collaboratively evaluated for integrity. 

 

Engineering design has a number of important characteristics that have to be considered when 

developing design models, such as: 

 

 Design is an optimized search of a number of design alternatives. 

 Previous designs are frequently used during the design process. 
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 Design is an increasingly distributed and collaborative activity. 

 

Engineering design is a complex process that is often characterized as a top-down breadth-first 

search of the space of possible solutions, considered to be the general norm of how the design 

process should proceed. This process ensures an optimal solution and is usually the construct of 

the initial design specification. It therefore involves maintaining numerous candidate solutions to 

specific design problems in parallel, whereby designers need to be adept at generating and 

evaluating a range of candidate solutions. The term satisficing is used to describe how designers 

sometimes limit their search of the design solution space, possibly in response to technology 

limitations, or to reduce the time taken to reach a solution for reasons such as schedule and/or 

cost constraints. Designers may opportunistically deviate from an optimal strategy, especially in 

engineering design, where in many cases, the design may involve early commitment to, and 

refining of, a sub-optimal solution. In such cases, it is clear that satisficing is often advantageous 

due to potentially reduced costs, or where a satisfactory rather than an optimal design is required. 

However, solving complex design problems relies heavily on strategic knowledge and can only 

be developed though trial and error. Much of what the designer knows is gained through 

experience. Designers also make use of previous designs when developing their design solutions. 

The concept of reuse in design was traditionally limited to utilizing personal experience, with a 

reluctance to copy solutions of other designers. The modern trend in process engineering design 

is however toward more extensive design reuse in a collaborative environment. This is no doubt 

driven by market opportunities and schedule and cost constraints. New computing technology 

provides greater opportunities for design reuse and satisficing to be applied, at least in part, as a 

collaborative, distributed activity. A large amount of current research is concerned with 

developing tools and methodologies to support design teams separated by space and time to work 

effectively in a distributed, collaborative design environment. 

 

1.2.1.C.i.  The RAM Analysis Model 

 

The RAM Analysis Model incorporates all the essential preliminaries of systems analysis to 

validate the developed theory for the determination of the integrity of engineering design, 

particularly systems breakdown structures; process function definition; determination of failure 
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consequences on system performance; determination of process criticality; equipment functions 

definition; determination of failure effects on equipment functionality; Failure Modes Effects and 

Criticality Analysis (FMECA); and determination of equipment criticality. A layout of part of the 

RAM Analysis Model of the Environmental Plant is given in Figure 1.2.1.a. 

 

 

Figure 1.2.1.a. Layout of the RAM Analysis Model 

 

1.2.1.C.ii.  The OOP Simulation Model 

 

The OOP Simulation Model incorporates all the essential preliminaries of process analysis to 

initially determine process characteristics such as input, throughput and output mass - flow 

balancing for preliminary engineering design of large integrated processes. The simulation model 
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also incorporates algorithms for process design integrity. The application of the model is 

primarily to determine its capability of accurately assessing the effect of complex integrations of 

systems in large engineering installations. A layout of part of the OOP Simulation Model for the 

Alumina Plant is given in Figure 1.2.1.b. 

 

 

Figure 1.2.1.b. Layout of Part of the OOP Simulation Model 

 

1.2.1.C.iii.  The AIB Blackboard Model: 

 

The AIB Blackboard Model incorporates the essential preliminaries of design review, such as 

process definition, performance assessment, process design evaluation, systems definition, 

functions analysis, risk assessment, and criticality analysis, within inter-disciplinary collaborative 
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knowledge-based expert systems. The application of the model is fundamentally to establish 

automated continual design reviews whereby the integrity of every element of engineering 

design is determined concurrently throughout the engineering design process. The selection 

screen of the multi-user interface ‘blackboard’ in a collaborative engineering design environment 

is given in Figure 1.2.1.c. 

 

 

Figure 1.2.1.c.  Layout of the AIB Blackboard Model 

 

1.2.1.D.  Phase 4: Program Implementation and Analysis of Results 

 

Programme implementation, as indicated in Part 8 of Phase 4 of the scope of this 

research, is predominantly the implementation of the AIB model in a target engineering design 

project to trial the applicability and benefit of automated continual design reviews throughout 

the engineering design process. This hinges upon a broader understanding of the principles and 
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philosophy of the use of Artificial Intelligence (AI) in engineering design, particularly in which 

new AI modelling techniques are applied, such as inclusion of knowledge-based expert systems 

within blackboard models. Although these modelling techniques are described in detail in 

Paragraph 2.5.4., it is essential at this juncture to give a brief account of AI in engineering design 

in order to clarify the following phases and related parts of the scope of this research: 

 

Phase 3: Development of Models and AIB Methodology 

 

Part 7:   Development of an Artificial Intelligence Based (AIB) intelligent computer  

  automated methodology for application of the theory and methodology to   

  determine the integrity of engineering process design. 

 

Phase 4: Program Implementation and Analysis of Results 

 

Part 8:   Implementation of the AIB model in a target engineering design project for trial  

  tests of the applicability and benefit of the research. 

 

1.2.1.D.i. Artificial Intelligence (AI) in Engineering Design: 

 

  The application of Artificial Intelligence (AI) in engineering design, through 

Artificial Intelligence Based (AIB) computer modelling, enables decisions to be made about 

acceptable design performance by considering the essential systems design criteria, the 

functionality of each particular system, the effects and consequences of potential and functional 

failure, as well as the complex integration of the systems as a whole. 

 

It is unfortunate that the growing number of unfulfilled promises and expectations about the 

capabilities of Artificial Intelligence seems to have damaged the credibility of AI and eroded its 

true contributions and benefits. The early advances of expert systems, which were based on 

twenty years of research, were over-extrapolated by many researchers, looking for a feasible 

solution to the complexity of integrated systems design. Notwithstanding the problems of AI, 

recent Artificial Intelligence research has produced a set of new techniques that can usefully be 
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employed in determining the integrity of engineering design. This does not mean that AI in itself 

is sufficient, or that AI is mutually exclusive with traditional engineering design. In order to 

develop a proper perspective on the relationship between AI technology and engineering design, 

it is necessary to establish a framework that provides the means by which AI techniques can be 

applied concurrently with conventional engineering design. Knowledge-based systems provide 

such a framework. 

 

a) Knowledge-based Systems: 

 

Knowledge engineering is a problem solving strategy and an approach to programming that 

characterizes a problem principally by the type of knowledge involved. At one end of the 

spectrum lies conventional engineering design technology based on well-defined, algorithmic 

knowledge. At the other end of the spectrum lies AI-related engineering design technology based 

on ill-defined heuristic knowledge.  

 

Among the problems that are well suited for knowledge-based systems are design problems, in 

particular engineering design. As engineering knowledge is heterogeneous (in terms of the kinds 

of problems that it encompasses and the methods used to solve them), the use of heterogeneous 

representations is necessary. Attempts to characterize engineering knowledge have resulted in the 

following classification of the properties that are essential in constructing a knowledge-based 

expert system: 

 

 Knowledge representation,  

 Problem-solving strategy,  

 Knowledge abstractions. 

 

b) Engineering Design Expert Systems: 

 

The term "expert system" refers to a computer program that is largely a collection of heuristic 

rules (rules of thumb) and detailed domain facts that have proven useful in solving the special 

problems of some or other technical field. Expert systems to date are an outgrowth of Artificial 

Intelligence, a field that has for many years been devoted to the study of problem solving using 
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heuristics, to the construction of symbolic representations of knowledge, to the process of 

communicating in natural language, and to learning from experience.  

 

Expertise is often defined to be that body of knowledge that is acquired over many years of 

experience with a certain class of problem. One of the hallmarks of an expert system is that it is 

constructed from the interaction of two types of disciplines; domain experts, or practicing 

experts in some technical domain, and knowledge engineers, or AI specialists skilled in 

analysing processes and problem-solving approaches, and encoding them in a computer system.  

 

The best domain expert is one with years - even decades, of practical experience, and the best 

expert system is one that has been created through a close scrutiny of the expert’s domain by a 

“knowledgeable” knowledge engineer. However, the question often asked is: Which kinds of 

problems are most amenable to this type of approach? Inevitably, those problems requiring 

knowledge-intensive  problem  solving, where  years  of accumulated experience produce good 

performance results, must be the most suited to such an approach. Such domains have complex 

fact structures, with large volumes of specific items of information, organized in particular ways. 

The domain of engineering design is an excellent example of knowledge-intensive problem 

solving for which the application of expert systems in the design process is ideally suited; and 

even more so for determining the integrity of engineering design. Often though, there are no 

known algorithms for approaching these problems, and the domain may be poorly formalized. 

Strategies for approaching design problems may be diverse and depend on particular details of a 

problem situation. Many aspects of the situation need to be determined during problem solving, 

usually selected out of a much larger set of possible needs of which some may be expensive to 

determine, thus the significance of a particular need must also be considered. 

 

c) Expert Systems in Engineering Design Project Management: 

 

The advantages of an expert system are significant enough to justify a major effort to develop 

them. Decisions can be obtained more reliably and consistently, where an explanation of the final 

answers becomes an important benefit. An expert system is thus especially useful in a 

consultation mode of complex engineering designs where obscure factors may be overlooked, 
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and is therefore an ideal tool in engineering design project management in which the following 

areas may be impacted: 

 

 Rapid checking of preliminary design concepts, allowing more alternatives to be considered; 

 Strategies for iteration over the design process to improve on previous attempts; 

 Assistance with, and even automation of, complex tasks and activities of the design process 

where expertise is specialized and technical; 

 Strategies for searching in the space of alternative designs, and monitoring of progress 

towards the targets of the design process; 

 Integration of a diverse set of tools, with expertise applied to the problem of engineering 

design project planning and control; 

 Integration of the various stages of an engineering design project, inclusive of Procurement / 

Installation, Construction / Fabrication, and Commissioning / Warranty by having knowledge 

bases that can be readily distributed for wide access in a collaborative design environment. 

 

d) Research in Expert Systems for Engineering Design: 

 

Within the past several years, a number of tools have been developed that allow a higher-level 

approach to building expert systems in general, although most still require some programming 

skill. A few provide an integrated knowledge engineering environment combining features of all 

of the AI languages (CLIPS, JESS, etc.). These are suitable and efficient for use by AI 

professionals.  A number of others are very specialized to specific problem types, and can be 

used without programming to build up a knowledge base, including a number of small tools that 

run on personal computers (EXSYS, CORVID etc.).  

 

A common term for the more powerful tools is shell, referring to their origins as specialized 

expert systems whose knowledge base has been removed, leaving only a shell that can perform 

the essential functions of an expert system, such as; 

 

 an inference engine, 

 a user interface,  
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 a knowledge storage medium.  

 

For engineering design applications however, good expert system development tools are still 

being conceptualised and experimented with. Some of the most recent techniques in AI may 

become the basis for powerful design tools. Also, a number of the elements of the design process 

fall into the diagnostic - selection category, and these can be tackled with existing expert system 

shells. Many expert systems are now being developed along these limited lines. The development 

of a shell that has the basic ingredients for assisting or actually doing design is still an open 

research topic.  

 

e) Blackboard Models: 

 

Early expert systems used rules as the basic data structure to address heuristic knowledge. From 

the rule-based expert system, there has been a shift to a more powerful architecture based on the 

notion of co-operating experts (termed blackboard models) that allows for the integration of 

algorithmic design approaches with AI techniques. Blackboard models provide the ideal means 

by which AI techniques can be applied in determining the integrity of engineering designs. 

Currently, one of the main areas of development is to provide the integrative means to allow 

various design systems to communicate with each other dynamically and co-operatively while 

working on the same design problem from different viewpoints (i.e. concurrent design). What 

this amounts to is having a diverse team of experts or multi-disciplinary groups of design 

engineers, available at all stages of a design, as represented by their expert systems. This leads to 

a design process in which technical expertise can be shared freely in the form of each group’s 

expert system (i.e. collaborative design).  

 

It allows various groups of design engineers to work on parts of a design problem independently, 

using their specific expert systems, and accessing the expert systems of the other disciplinary 

groups within an engineering design task force, at those stages where the design requires that the 

groups co-operate. This would allow, for example, one disciplinary group (i.e. process/chemical 

engineering) to produce a design and obtain an evaluation of the design from the perspective of 

other disciplinary groups (i.e. mechanical/electrical engineering), without actually involving the 
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people concerned. This results in a much more rapid consideration of major design alternatives, 

and thus improves the quality of the result, the effectiveness of the design review process, and the 

integrity of the final design. An important class of AI tool constructed along these lines is the 

blackboard model which provides for integrated design data management, and for allowing 

various knowledge sources to co-operate in data development, verification and validation, and in 

information sharing (i.e. combined concurrent and collaborative design). 

 

The blackboard model is a paradigm that allows for the flexible integration of modular portions 

of design code into a single problem-solving environment. It is a general and simple model that 

allows for the representation of a variety of design disciplines. Given its nature, it is prescribed 

for problem-solving in knowledge intensive domains that use large amounts of diverse, error-full 

and incomplete knowledge, therefore requiring multiple co-operation of knowledge sources in 

searching a large problem space – which is typical of engineering designs. In terms of the type of 

problems that it can solve there is only one major assumption; that the problem-solving activity 

generates a set of intermediate results that contribute to the final solution.  

 

The blackboard model consists of a data structure (the blackboard) containing information that 

permits a set of modules or knowledge sources to interact. The blackboard can be seen as a 

global database, or working memory in which distinct representations of knowledge and 

intermediate results are integrated uniformly. It can also be seen as a means of communication 

among knowledge sources, mediating all of their interactions. Finally it can be seen as a common 

display, review, and performance evaluation area. It may be structured so as to represent different 

levels of abstraction and also distinct and/or overlapping phases in the design process.  

 

The division of the blackboard into levels parallels the process of hierarchical structuring, and of 

abstraction of knowledge, allowing elements at each level to be described approximately as 

abstractions of elements at the next lower level. This partition of knowledge into hierarchical 

levels is useful, in that a partial solution (i.e. group of hypotheses) at one hierarchical level can be 

used to constrain the search at lower levels - typical of systems hierarchical structuring in 

engineering design. The blackboard thus provides a shared representation of a design and is 

composed of a hierarchy of three panels:  
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 A geometry panel, which is the lowest level representation of the design in the form of 

geometric models.  

 A feature panel, which is a symbolic level representation of the design. It provides 

symbolic representations of features, constraints, specifications, and the design record. 

 The control panel, which contains the information necessary to manage the operation of 

the blackboard model. 

 

f) Implementation and Analysis: 

 

When dealing with the automated generation of solutions to design problems in a target 

engineering design project, it is necessary to distinguish between design and performance. The 

former denotes the geometric and physical properties of a solution that design engineers 

determine directly through their decisions to meet specific design criteria. The latter denotes 

those properties that are derived from combinations of design variables. 

 

In general, the relations between design and performance variables are complex. A single design 

variable is likely to influence several performance variables, and conversely, a single 

performance variable normally depends on several design variables. For example, a system’s 

load and strength distributions are indicative of the level of stress that the system’s primary 

function may be subject to, as performed by the system’s equipment (i.e. assemblies or 

components). This stress design variable is likely to influence several performance variables such 

as expected failure rate or Mean Time Between Failures (MTBF) i.e. reliability.  

 

Conversely, a single performance variable such as system availability which relates to the 

performance variables of reliability and maintainability, all of which are concerned with the 

period of time that the system’s equipment may be subject to failure, as measured by the 

variables of Mean Time Between Failures (MTBF) and Mean Time to Repair (MTTR), depends 

upon several design variables such as those concerned with equipment usage or application over 

a period of time, the accessibility and repairability of the system’s related equipment in the event 

of failure, and the system’s load and strength distributions.  



45 

 

As a consequence, neither design nor performance variables should be considered in isolation. 

Whenever a design is evaluated it should be reasonably complete (relative to the particular level 

of abstraction - i.e. design stage - at which it is conceived), and it should be evaluated over the 

entire spectrum of performance variables that are relevant for that level. Thus for conventional 

engineering designs, the tendency is to separate the generation of a design from its subsequent 

evaluation (as opposed to optimisation, where the two processes are linked) whereas the use of 

an AIB blackboard model looks at preliminary design analysis and process definition 

concurrently with design constraints and process performance assessment. On this basis, 

particularly with respect to the design constraints, and performance assessment, the results of 

trial tests of the implementation of the AIB blackboard model in a target engineering design 

project are analysed to determine the applicability of automated continual design reviews 

throughout the engineering design process. This is achieved through defining a set of 

performance measures for each system, such as temperature range, pressure rating, output and 

flow rate, according to the required design specifications identified in the process definition.  

 

It is not particularly meaningful however, to use an actual performance measure; rather, it is the 

proximity of the actual performance to the limits of capability (design constraints) of the system 

(i.e. the safety margin) that is more useful. In preliminary design reviews, the proximity of 

performance to a limit closely relates to a measure of its safety margin. This is determined by 

formulating a set of performance constraints for which a design solution is found that maximizes 

the safety margins with respect to these performance constraints, so that a maximum safety 

margin is achieved with respect to all performance criteria. 

 

1.2.2.  METHOD OF RESEARCH 

 

  The method of approach to this research may be viewed as a back-referencing, 

drill-down progression, from the practical domain to related theoretical detail, with 

eventual further development of theory for practical application. After completion of an 

initial literature study and review of existing theory on the integrity of engineering design, the 

objective was to focus on conducting a series of field studies and to developing mathematical, 
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simulation, and industrial models in pursuit of achieving the goal of this research. In addition, 

specific research related papers have been submitted for journal publication, as well as some 

large-volume works for book publication. 

 

1.2.2.A.  Field Studies 

 

The field studies were essentially to determine the nature of problems encountered 

in recently constructed engineering designs, then to conduct a RAM Analysis to validate the 

theory on engineering design integrity, and finally to evaluate a preliminary engineering design 

project to determine the feasibility of continual design review for inclusion in intelligent 

computer automated methodology using Artificial Intelligence Based (AIB) modelling. 

 

* Field Study 1:  Study of problems encountered in engineering design and 

construction of complex process projects. 

 

* Field Study 2: RAM Analysis of an Environmental Plant for the recovery of 

sulphur dioxide emissions from a metal smelter to produce 

sulphuric acid as a by-product. 

 

* Field Study 3: Review of engineering design of a Nickel-from-Laterite Process 

Plant with a view to the implementation of intelligent computer 

automated methodology to determine engineering design integrity. 

 

1.2.2.B.  Simulation Models 

 

Several simulation models were developed to determine process characteristics 

such as input, throughput and output mass - flow balances for preliminary engineering designs of 

large integrated process systems, and to incorporate mathematical algorithms into individual 

Process Equipment Models (PEMs) to predict the design integrity requirements for complex 

integrated systems. 
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* Simulation Model 1: Simulation of a single section of an Environmental Plant for the 

recovery of sulphur dioxide emissions from a metal smelter to 

produce sulphuric acid, to verify developed Process Equipment 

Models (PEMs) for modelling correctness. 

 

* Simulation Model 2: Simulation of an Alumina Plant to evaluate developed Process 

Equipment Models (PEMs) for predicting, assessing and evaluating 

reliability, availability, maintainability and safety of complex 

systems and complex integrations of systems. 

  

* Simulation Model 3:  Review of dynamic continuous simulation to determine process 

control at the component level of a process system for the 

production of sulphuric acid from sulphur dioxide emissions. 

 

1.2.2.C.  Mathematical Models 

 

Mathematical models have been developed in designing for systems integrity 

(reliability, availability, maintainability, and safety). The mathematical models also included the 

utilisation of Labelled Interval Calculus (LIC) to formalize an approach for reasoning about sets 

of systems functioning under sets of failure and performance intervals; as well as the utilisation 

of uncertainty calculus in possibility theory, through the application of fuzzy sets to determine 

risk and equipment criticality in complex systems design. 

 

Ultimately, several mathematical models have been developed for application in intelligent 

computer automated methodology, using Artificial Intelligence Based (AIB) modelling.  

 

* Mathematical Model 1: Development of mathematical algorithms in designing for systems 

integrity (in this case, reliability, availability and maintainability), 

in which engineering design criteria may be formulated in order to 

achieve optimal design integrity, for use in preliminary and 

schematic design in which most of the systems’ components have 

not yet been precisely defined. 
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* Mathematical Model 2:  The application of Labelled Interval Calculus to design for 

reliability, availability, maintainability and safety, whereby the 

propagation of single estimated values of failure data, and the 

determination of single values of maximum and minimum 

acceptable limits of performance are not required, but instead, 

constraint propagation of intervals about sets of performance 

values are applied, and intervals of values are defined to determine 

optimal solution sets to different sets of performance intervals. 

 

* Mathematical Model 3: The application of uncertainty calculus in possibility theory, which 

utilises fuzzy sets to determine risk and equipment criticality in 

complex systems design in the preliminary and detail design stage 

in which most of the systems’ components have been defined. 

 

1.2.2.D.  Industrial Models 

 

Several industrial models have been developed for the evaluation of integrity in 

engineering design, and for the application of automated continual design reviews throughout the 

engineering design process, in the design of large complex engineering projects. 

 

This includes a RAM Analysis model for evaluation of reliability, availability and 

maintainability in engineering analysis, as well as a knowledge-based expert system model 

for engineering design review, and an Artificial Intelligence-based blackboard model for the 

application of intelligent computer automated methodology in engineering design, in which 

knowledge-based expert systems are integrated in a blackboard model for concurrent design 

in a collaborative engineering design project management environment. 

 

* Industrial Model 1:  RAM Analysis Model (RAM evaluation model for process 

reliability, availability, maintainability and safety). 
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* Industrial Model 2:  Design Integrity Model (Knowledge-based expert systems model 

for design review). 

 

* Industrial Model 3:  Design Projects Model (Blackboard model for engineering design 

project management) 

 

1.2.3.  INDUSTRY PERCEPTION AND RELATED RESEARCH  

 

  It is obvious that most of the problems of recently constructed super-projects 

stem from the lack of a proper evaluation of the integrity of their design. Furthermore, it is 

obvious from the studies conducted in this research, that a severe lack of insight exists in the 

essential activities required to establish a proper evaluation of the integrity of engineering design; 

with the consequence that many engineering design projects are subject to relatively superficial 

design reviews, especially with large, complex and expensive process plant. Based on the results 

of cost “blow-outs” of such super-projects as the Worseley Alumina Expansion Project, the 

Olympic Dam Copper and Uranium Expansion Project, the BHP Hot Briquetting Iron Project, 

the Bulong, Cawse and Anaconda Nickel-from-Laterite Projects, and the Sun Metals - Korea 

Zinc Project, the inevitable conclusion reached is that insufficient research has been conducted in 

the determination of the integrity of engineering design, its application in design procedure, as 

well as in the severe shortcomings of current design review techniques.  

 

1.2.3.A. Industry Perception 

 

It remains a fact that in most engineering design organizations, the designs of 

large engineering projects are based upon the theoretical expertise and practical experiences 

pertaining to process, chemical, civil, mechanical, and electrical engineering, from the point of 

view of ‘what should be achieved’ to meet the demands of design criteria; and it is apparent that 

not enough consideration is being given to ‘what should be assured’ in the event the demands of 

design criteria are not met. As previously indicated, the tools that most design engineers resort to 

in determining integrity of design are techniques such as Hazardous Operations (HazOp) and 

Simulation, whereas less frequently used techniques include Hazards Analysis (HazAn), 
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Fault-Tree Analysis, Failure Modes and Effects Analysis (FMEA), and Failure Modes 

Effects and Criticality Analysis (FMECA). It unfortunately also remains a fact that most of 

these techniques are either misunderstood or conducted incorrectly, or not even conducted at all, 

with the result that many high cost super-projects eventually reach the construction phase 

without having been subjected to a rigorous evaluation of the integrity of their designs.  

 

An outcome of this research has been the development of an Artificial Intelligence Based (AIB) 

model in which new Artificial Intelligence (AI) modelling techniques, such as the inclusion of 

knowledge-based expert systems within a blackboard model, have been applied in the 

development of intelligent computer automated methodology for determining the integrity of 

engineering design. The model provides for automated continual design reviews throughout 

the engineering design process, whereby multi-disciplinary groups of design engineers 

collaboratively input specific design data and schematics into their relevant knowledge-based 

expert systems, and each design is concurrently evaluated for integrity.  

 

The overall perception in industry of the benefits of such a methodology is still in its infant 

stages, particularly the concept of having a diverse team of experts or multi-disciplinary groups 

of design engineers available at all stages of a design, as represented by their knowledge-based 

expert systems. The resulting potential savings in avoiding cost “blow-outs” during project 

construction are still not properly appreciated, and the implementation of a collaborative AIB 

blackboard model from conceptual design through to construction still needs further evaluation. 

 

1.2.3.B. Related Research 

 

As indicated previously, many of the methods and techniques applied in the fields of reliability, 

availability, maintainability and safety, have been thoroughly explored by other researchers. 

From the perspective of this research work, some of the findings of these researchers are 

significant for either the uniqueness of their field of study, or for being in the forefront of what 

may be termed “cutting-edge” technology. They can be grouped into the topics of reliability and 

performance, availability and maintainability, and safety and risk, included in the analytic 

development covered in this research. Furthermore, besides the research conducted by specific 

authorities such as the U.S. Department of Defense (DoD), the U.S. National Aeronautics and 
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Space Administration (NASA) and the U.S. Nuclear Regulatory Commission (NUREG), some 

significant research in the field of Artificial Intelligence in engineering design can be found in the 

comprehensive three-volume set of research papers on the topics of: ‘Design Representation and 

Models of Routine Design’, ‘Models of Innovative Design, Reasoning about Physical Systems, 

and Reasoning about Geometry’, and ‘Knowledge Acquisition, Commercial Systems, and 

Integrated Environments’ [ Tong C. and Sriram D. 1992]. 

 

Under the topics of reliability and performance, some of the more recent researchers whose 

works are closely related to the integrity of engineering design covered in this research are; S.M. 

Batill and J.E. Renaud in their simulation modelling of uncertainty in multidisciplinary design 

optimisation [Batill S.M. et al. 2000]; B.S. Dhillon in his fundamental research into reliability 

engineering in systems design and design reliability [Dhillon B.S. 1999]; G. Thompson and J.S. 

Liu et al, in their practical methodology to designing for reliability [Thompson G. et al. 1999]; 

W. Kerscher and J. Booker et al, in their use of fuzzy control methods in Information Integration 

Technology (IIT) for process design [Kerscher W. et al. 1998]; J.S. Liu and G. Thompson again, 

in their multi-factor design evaluation through parameter profile analysis [Liu J.S. et al. 1996]; 

D.D. Boettner and A.C. Ward in their use of Artificial Intelligence (AI) in engineering design and 

the application of Labelled Interval Calculus (LIC) in multi-factor design evaluation [Boettner 

D.D  et al. 1992]; and N. R. Ortiz and T. A. Wheeler et al, in their use of expert judgment in 

nuclear engineering process design [Ortiz, N. R. et al. 1991]. 

 

Under the topics of availability and maintainability, some of the more recent researchers 

whose works are also related to the integrity of engineering design covered in this research are; 

V. Tang and V. Salminen in their unique theory of complicatedness as a framework for complex 

systems analysis and engineering design [Tang V. et al. 2001]; X. Du and W. Chen in their 

extensive modelling of robustness in engineering design, as well as their methodology for 

managing the effect of uncertainty in simulation-based design and simulation-based collaborative 

systems design [Du X. et al. 1999a, b, and c]; N.P. Suh in his research into the theory of 

complexity and periodicity in design [Suh N.P. 1999]; G. Thompson, J. Geominne and J.R. 

Williams in their method of plant design evaluation featuring maintainability and reliability 

[Thompson G. et al. 1998]; A. Parkinson, C. Sorensen and N. Pourhassan in their approach to 
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determining robust optimal engineering design [Parkinson A. et al. 1993]; and J.L. Peterson in 

his research into Petri Net (PN) theory and its specific application in the design of engineering 

systems [Peterson J.L. 1981]. 

 

Similarly, under the topics of safety and risk, some of the more recent researchers whose works 

are also related to the integrity of engineering design covered in this research are; A. Blandford 

and B. Butterworth et al, in their modelling applications incorporating human safety factors into 

the design of complex engineering systems [Blandford A. et al. 1999]; R.L. Pattison and J.D. 

Andrews in their use of genetic algorithms in safety systems design [Pattison R.L. et al. 1999]; 

D. Cvetkovic and I. C. Parmee et al, in their multi–objective optimisation of preliminary and 

evolutionary design [Cvetkovic D. et al. 1998]; M. Tang in his knowledge-based architecture for 

intelligent design support [Tang, M. 1997]; J.D. Andrews in his determination of optimal safety 

system design using fault tree analysis [Andrews J.D. 1994]; D. W. Coit and A. E. Smith for 

their research into the use of genetic algorithms for optimising combinatorial design problems 

[Coit D. W. et al. 1994]; H. Zarefar and J. R. Goulding in their research into neural networks for 

intelligent design [Zarefar H. et al. 1992]; S. Ben Brahim and A. Smith et al, in their estimation 

of engineering design performance using neural networks [Ben Brahim S. et al. 1992] as well as 

G. Chryssolouris and M. Lee et al, in their use of neural networks for systems design 

[Chryssolouris G. et al. 1989]; and J.W. McManus of NASA Langley Research Center in his 

pioneering work on the analysis of concurrent blackboard systems [McManus J.W. 1991]. 

 

1.2.4.  FUTURE DEVELOPMENT 

 

  Methodology in which the technical uncertainty of inadequately defined design 

problems may be formulated in order to achieve maximum design integrity, has been developed 

in this research to accommodate its use in conceptual and preliminary engineering design in 

which most of the design’s systems and components have not yet been precisely defined. 

Furthermore, intelligent computer automated methodology has been developed through Artificial 

Intelligence Based (AIB) modelling to provide a means for continual design reviews throughout 

the engineering design process. This is progressively becoming acknowledged as a necessity, not 

only for use in future large process super projects, but for engineering design projects in general, 
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particularly construction projects which incorporate various engineering disciplines, such as 

high-rise buildings and complex infrastructure projects. 

 

1.2.4.A. The Future of Intelligent Design Systems 

 

Starting from current methods in the engineering design process, and projecting 

our vision further to new methodologies such as AIB modelling to provide a means for continual 

design reviews throughout the engineering design process, it becomes apparent that there can, 

and should be, a rapid evolution of the application of intelligent computer automated 

methodology to future engineering designs. Currently, three generations of design tools and 

approaches can be enumerated: 

 

The first generation is what we currently have; a variety of tools for representing designs and 

design information, in many cases not integrated nor well catalogued, with the following 

features: 

 

 Information flows consume much time of personnel involved. 

 Engineers spend much of their time on managerial rather than technical tasks. 

 Constraints from downstream are rarely considered. 

 

In a few years from now, widespread use of knowledge-based systems and tools will be adopted, 

marking a second generation. In this second generation, techniques become available that allow 

first-generation tools to be integrated, networked, and co-ordinated. Most companies are already 

fully networked and integrated. The following projections can be made for this second generation 

of knowledge-based systems and tools: 

 

 Knowledge-based tools are developed to complement and replace first-generation shells. 

These are targeted for design assistance, rather than for general design applications, 

especially tools for design evaluation, selection, and review problems that can be 

enhanced and expanded for a wide range of different engineering applications. 
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 Various design strategies are built into expert system shells, so that knowledge from new 

areas of engineering design can be utilized appropriately. 

 

Projecting even further, the third generation will arise as there is widespread automation of the 

application of knowledge-based tools such as design automation that will require advances in 

the application of machine learning and knowledge acquisition techniques, and the automation of 

new innovations in design verification, such as evaluation design automation. The third 

generation will also have automated the process of applying these tools in design organizations. 

 

 With each generation, the key aspects of the previous generations become more and more 

widespread as technology moves out of the research and development phase and into commercial 

products and tools. The above projections and trends are expected in the following areas: 

 

 Degree of integration and networking of intelligent design tools; 

 Degree of automation of the application of design tool technology; 

 Sophistication of general-purpose tools (shells); 

 Degree of usage in engineering design organizations; 

 Degree of understanding of the design process of complex systems. 

 

 

1.2.4.B. Design Automation and Evaluation Design Automation 

 

Research work on Design Automation (DA) has concentrated on programs that 

play an active role in the design process in that they actually create or alter the design. A design 

automation environment typically contains a design representation or design database through 

which the design is controlled. The design automation environment usually interacts with a set of 

resident Computer-Aided Design (CAD) tools and will attempt to act as a manager of the CAD 

tools by handling input/output requirements, and possibly automatically sequencing these CAD 

tools. Furthermore, it provides a design platform which acts as a framework which, in effect, 

shields the designer from cumbersome details and allows for design work at a high level of 

abstraction, especially during the earlier phases of the engineering design process. 
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Evaluation Design Automation (EDA) tools, on the other hand, are passive in that they 

evaluate a design in order to determine how well it performs. Evaluation Design Automation 

uses a "frame-based" knowledge representation to store and process expert knowledge. Frames 

provide a means of grouping packages of knowledge that are related to each other in some 

manner, where each knowledge package may have widely differing representations. The 

packages of knowledge are referred to as "slots" in the frame. For example, design performance 

can be conveniently encapsulated in a frame. The various slots could contain knowledge such as 

symbolic data indicating performance values, heuristic rules indicating likely failure modes, or 

procedures for design review routines. The knowledge contained in these slots can be grouped 

according to a systems hierarchy, and the frames themselves can be grouped to form a hierarchy 

of contexts. Another important aspect to EDA is constraint propagation, for it is through 

constraint propagation that design criteria are aligned with implementation constraints. Usually, 

constraint propagation is achievable through data-directed invocation. Data-directed invocation 

is the mechanism that allows the design to incrementally progress as the objectives and needs of 

the design become apparent. In this fashion, the design constraints will change and propagate 

with each modification to the partial design. This is important since the design requirements 

typically cannot be determined a priori. 

 

 

1.2.5.  DISSERTATION STRUCTURE 

 

  The dissertation of this research is structured into Sections and Chapters, whereby 

each Chapter deals with general theory as well as researched methodology. Besides this 

Research Overview that is contained in Section 1, the details of the researched methodology are 

grouped into a second section relating specifically to Engineering Design Integrity. The details 

are contained in several chapters within the following sections: 

 

SECTION 2:   ENGINEERING DESIGN INTEGRITY 

 

  CHAPTER  3. RELIABILITY AND PERFORMANCE 

IN ENGINEERING DESIGN 
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3.1. INTRODUCTION 

3.2. ANALYTIC DEVELOPMENT 

3.3. APPLICATION MODELLING 

3.4. NOTES AND REFERENCES 

 

CHAPTER  4. AVAILABILITY AND MAINTAINABILITY 

IN ENGINEERING DESIGN 

 

4.1. INTRODUCTION 

4.2. ANALYTIC DEVELOPMENT 

4.3. APPLICATION MODELLING 

4.4. NOTES AND REFERENCES 

 

CHAPTER  5. SAFETY AND RISK 

IN ENGINEERING DESIGN 

 

5.1. INTRODUCTION 

5.2. ANALYTIC DEVELOPMENT 

5.3. APPLICATION MODELLING 

5.4. NOTES AND REFERENCES 

 

The construct of Chapters 3, 4 and 5 in Section 2: Engineering Design Integrity, is based upon 

the prediction, assessment and evaluation of reliability, availability, maintainability and safety, 

according to the particular engineering design phases of conceptual design, preliminary design 

and detail design, respectively. Besides an initial Introduction into the engineering design 

integrity concepts of reliability, availability, maintainability and safety, the chapters are further 

grouped into the related topics of theory, analysis and practical application of each of these 

concepts. Thus, Chapters 3, 4 and 5 include an insight into Analytic Development, which not 

only gives a certain breadth of research into the theory covering each concept in engineering 

design but also a certain depth of research into up-to-date analytical techniques and methods that 

have been developed, and are currently being developed. Chapters 3, 4 and 5 also include an 

exposition of further development of the research findings in Application Modelling, whereby 
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specific computational models have been developed and applied to the different concepts, 

particularly AIB modelling in which expert systems within a blackboard model are applied in 

determining the integrity of engineering design. 

______________________________________________________________________________ 
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SECTION 2 

ENGINEERING DESIGN INTEGRITY 

 

CHAPTER 3. RELIABILITY AND PERFORMANCE IN 

ENGINEERING DESIGN  

 

2.3.1.  INTRODUCTION 

 

  From an understanding of the concept of integrity in engineering design - 

particularly industrial process design - which includes the criteria of reliability, availability, 

maintainability and safety of the inherent process systems and their related equipment, the need 

arose to examine in detail what each of these criteria implied from a theoretical perspective, and 

how they could be practically and successfully applied to achieve the goal of this research. This 

includes the formulation of conceptual and mathematical models of engineering design integrity 

in design synthesis, particularly designing for reliability, availability, maintainability and safety, 

and the development of intelligent computer automated methodology whereby the models can be 

practically used for engineering design review procedures. 

 

The criterion of reliability in engineering design may be considered from two points of view. 

First, whether a particular design has inherently obtained certain attributes of reliability, brought 

about by the properties of the components of the design, or second, whether the design has been 

configured at systems level to meet certain reliability constraints based on specific design criteria.  

The former point of view may be considered as a “bottom - up” assessment in which reliability in 

engineering design is approached from the design’s lowest level (i.e. component level) up the 

systems hierarchy to the design’s higher levels (i.e. assembly, system and process level), whereby 

the collective effect of all the component’s reliabilities on their assemblies and systems in the 

hierarchy is determined. Clearly, this approach is only feasible once all the design’s components 

have been identified, which is well into the detail design stage.  
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The latter viewpoint may be considered as a “top - down” development in which designing for 

reliability is considered from the design’s highest level (i.e. process level) down the systems 

hierarchy to the design’s lowest level (i.e. component level), whereby reliability constraints 

placed upon systems performance, which will eventually effect the system’s assemblies and 

components in the hierarchy, are determined. This approach does not depend on having to 

initially identify all the design’s components, which is particular to the conceptual and in part to 

the preliminary design phases of the engineering design process. 

 

In order to develop the most applicable and practical methodology for determining the integrity 

of engineering design at different stages of the design process, particularly relating to the 

assessment of reliability in engineering design, or to the development of designing for reliability, 

(i.e. “bottom - up” or “top - down” approaches in the systems hierarchy), some of the basic 

techniques applicable to either of these approaches needed to be identified and categorised by 

definition, and considered for suitability in achieving the goal of this research.  

 

Several techniques for determining reliability were categorised under three distinct definitions, 

namely reliability prediction, reliability assessment and reliability evaluation, according to 

their applicability in being able to determine the integrity of engineering design at the conceptual, 

preliminary or schematic, or detail design stages. It must be noted however, that these techniques 

do not represent the total spectrum of reliability analysis, and their use in determining the 

integrity of engineering design has been considered from the point of view of their practical 

application, as determined in the analytic development.  

 

The definitions are fundamentally qualitative in distinction, and indicate significant differences 

in the approaches to the determination of reliability of systems, compared to that of assemblies or 

of components. They start from a prediction of reliability of systems based on a prognosis of 

systems performance under conditions subject to various failure modes (reliability prediction); 

then progress to an estimation of reliability based on inferences of failure of equipment according 

to their statistical failure distributions (reliability assessment); and finally to a determination of 

reliability based on known values of failure rates for components of equipment (reliability 

evaluation).  
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Reliability prediction in this context can be defined in its simplest form as; "estimation of the 

probability of successful system performance or operation". 

Reliability assessment can be defined as; "estimation of the probability that an item of 

equipment will perform its intended function for a specified interval under stated conditions". 

Reliability evaluation can be defined as; "determination of the frequency with which 

component failures occur over a specified period of time". 

 

By grouping selected reliability techniques into these three different qualitative definitions, it can 

be readily discerned which specific techniques, relating to each of the three terms, can practically 

and logically be applied to the different phases of engineering design, such as conceptual design, 

preliminary or schematic design, and detail design. The techniques for reliability prediction 

would be more appropriate during conceptual design, when alternative systems in their general 

context are being identified in preliminary block diagrams, such as first-run Process Flow 

Diagrams (PFDs), and estimates of the probability of successful performance or operation of 

alternative designs are necessary. Techniques for reliability assessment would be more 

appropriate during preliminary or schematic design, when the PFDs are frozen, process 

functions defined with relevant specifications relating to specific process design criteria, and 

process reliability and criticality is assessed according to estimations of probability that items of 

equipment will perform their intended function for specified intervals under stated conditions. 

Techniques for reliability evaluation are more appropriate during detail design, when 

components of equipment are detailed in Pipe and Instrument Drawings (P&IDs), and are 

specified according to equipment design criteria. Equipment reliability and criticality are 

evaluated from a determination of the frequencies with which failures occur over a specified 

period of time, based on known component failure rates.  

 

It is important to note that the distinction of these three terms are not absolutely clear-cut, 

especially reliability assessment and reliability evaluation, and that overlap of similar concepts 

and techniques will occur on the boundaries between each of them. In general however, specific 

reliability techniques can be logically grouped under each definition, and these techniques have 

been tested for their practicality and contribution to each phase of the design process.  
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2.3.2. ANALYTIC DEVELOPMENT OF RELIABILITY AND 

PERFORMANCE IN ENGINEERING DESIGN 

 

  Some of the techniques identified for reliability prediction, assessment and 

evaluation, in the conceptual, preliminary and detail design phases respectively, have been 

considered for further analytic development. This has been done on the basis of their 

transformational capabilities in developing intelligent computer automated methodology. In turn, 

these techniques must be suitable for application in AIB modelling in which knowledge-based 

expert systems within a blackboard model can be applied in determining the integrity of 

engineering design. Furthermore, the AIB model must be suited to applied concurrent 

engineering design in an integrated collaborative engineering design environment in which 

automated continual design reviews may be conducted throughout the engineering design 

process by remotely located design groups communicating via the Internet.  

 

Process engineering designs are usually composed of highly integrated, tightly coupled systems 

with complex interactions, essential to the functional performance of the design. Therefore, 

concurrent rather than sequential considerations of specific requirements are essential, such as 

meeting the design criteria together with design integrity constraints. The traditional approach in 

industry for designing engineered installations has been the implementation of a sequential 

consideration of requirements such as process, thermal, power, manufacturing, installation and 

structural constraints. In recent years, concurrent engineering design has become a widely 

accepted concept, particularly as a preferred alternative to the sequential engineering design 

process. Concurrent engineering design in the context of design integrity is a systematic 

approach to integrating continual design reviews within the engineering design process, such as 

reliability prediction, assessment and evaluation throughout the preliminary, schematic, and 

detail design phases. The objective of concurrent engineering design with respect design 

integrity, is to assure a reliable design throughout the engineering design process. Parallelism is 

the prime concept in concurrent engineering design, and design integrity (in this case designing 

for reliability) becomes the central issue. However, the basis of effective concurrent engineering 

design is communication. Integrated collaborative engineering design implies information 

sharing and decision co-ordination in which continual design reviews may be conducted. 
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2.3.2.A.  ANALYTIC DEVELOPMENT OF RELIABILITY AND 

  PERFORMANCE PREDICTION IN CONCEPTUAL DESIGN 

 

The most applicable technique selected for further development as a tool for 

reliability and performance prediction in intelligent computer automated methodology for 

determining the integrity of engineering design during the conceptual design phase, is system 

reliability modelling based on measures of system performance. 

 

2.3.2.A.i.  System Performance Measures 

 

For each process system there is a set of performance measures that require particular attention 

in design, for example, temperature range, pressure rating, output and flow rate. Some measures 

such as pressure and temperature rating, may be common for different items of equipment 

inherent to each process system. Some measures may only apply to one system. The performance 

measures of each system can be described in matrix form in a Parameter Profile Matrix, 

[Thompson G. et al. 1998] as shown in Figure 2.3.2.a. where: 

 

i  =  number of performance measure parameters 

j  =  number of process systems 

x =  a data point that measures the performance of a system  

with respect to a particular parameter. 

 

          Process systems 

   x 1 1  x 1 2  x 1 3  x 1 4  . . . x 1  i 

 Performance  x 2 1  x 2 2  x 2 3  x 2 4  . . . x 2  i 

 Parameters  x 3 1  x 3 2  x 3 3  x 3 4  . . . x 3  i 

   x j  1  x j  2  x j  3  x j  4  . . . x j  i 

 

  

Figure 2.3.2.a. Parameter Profile Matrix 
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It is not particularly meaningful to use an actual performance, for example an operating 

temperature, as the value of x i j. Rather, it is the proximity of the actual performance to the limit
 

of process capability of the system that is more useful. In engineering design review, the 

proximity of performance to a limit closely relates to a measure of the safety margin. In the case 

of process enhancement, the proximity to a limit may even indicate an inhibitor to proposed 

changes. For a process system, a non-dimensional numerical value of x i j may be obtained by 

determining the limits of capability C max and C min with respect to each performance parameter, 

and specifying the nominal point or range at which the system’s performance parameter is 

required to operate. The limits may be represented diagrammatically as shown in Figures 2.3.2.b. 

(i), (ii) and (iii), where an example of two performance limits, one upper performance limit, and 

one lower performance limit is given respectively [Thompson G. et al. 1998]. 

 

 

           Score range 

Maximum Performance Limit C max  Max. Temp. T 1 -------  20 

          A 
      -------  Nom. T High ------- 

Nominal Performance Range 

 ( T High - T Low ) 

      -------  Nom. T Low  -------   

          B 

Minimum Performance Limit C min  Min. Temp. T 2 -------  0 

 

x i j = Max.Temp.T 1 - Nom.T High (x 20) or Nom.T Low - Min.Temp.T 2 (x 20) 
    Max.Temp.T 1 - Min.Temp.T 2       Max.Temp.T 1 - Min.Temp.T 2 

 

 

Figure 2.3.2.b.(i)  Determination of a data point: two limits 

 

The data point x i j that is entered into the performance of systems with two performance limits is 

the lower value of A and B (0 < score < 10), which is the closest the nominal design condition 

approaches a limit. The value of x i j always lies in the range 0 - 10.
 
Ideally, when the design 

condition is a single point at the mid-range, then the data point is 10. 
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It is obvious that this process of data point determination can be generated quickly by computer 

modelling with inputs from process system performance measures and ranges of capability. If 

there is one operating limit only, then the data point is obtained as shown in Figures 2.3.2.b.(ii), 

and 2.3.2.b.(iii), where the upper or lower limit respectively is known. Therefore a set of data 

points can be obtained for each system with respect to the performance parameters that are 

relevant to that system. Furthermore, a method can be adopted to allow designing for reliability 

to be quantified, which can lead to optimisation of design reliability. Figures 2.3.2.b.(i),  

2.3.2.b.(ii), and 2.3.2.b.(iii), illustrate how a data point can be generated to measure performance 

with respect to the best and the worst limits of performance. 

 

           Score range 

Highest Performance Limit C max  Highest Stress Level  -------  10 

 

          

Calculated Performance    Nominal Stress Level ------- 

 

Lowest Estimate    Lowest Stress Est.  -------  0 

 

The data point x i j = A =  Highest Stress Level - Nominal Stress Level  (x 10) 

    Highest Stress Level - Lowest Stress Est.  

  

 

Figure 2.3.2.b.(ii)  Determination of a data point: one upper limit 

 

 

 

           Score range 

Highest Estimate     Max. Capacity Est.  -------  10 

 

Calculated Performance   Nominal Capacity   ------- 

 

                  B 

Lowest Performance Limit C min  Min. Capacity Level   -------  0 

 

The data point x i j = B =   Nominal Capacity - Min. Capacity Level _ (x 10) 

            Max. Capacity Est. - Min. Capacity Level 

 

 

Figure 2.3.2.b.(iii)  Determination of a data point: one lower limit 

 

A 
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2.3.2.A.ii.  Determination of the Most Reliable Design 

 

Reliability prediction through system reliability modelling based on system performance may 

be carried out by the following method [Thompson G. et al. 1999]: 

 

a) Identify the criteria against which the process design is to be measured.  

b) Determine the maximum and minimum acceptable limits of performance for each criterion. 

c) Calculate a set of measurement data points x i j for each criterion according to the algorithms 

indicated in Figures 2.3.2.b.(i),  2.3.2.b.(ii), and 2.3.2.b.(iii). 

d) A design proposal that has good reliability will exhibit uniformly high scores of the data 

points x i j. Any low data point represents system performance that is close to an unacceptable 

limit, indicating a low safety margin. 

e) The conceptual design may then be reviewed and revised in an iterative manner to improve 

low x i j scores.  

 

When a uniformly high set of scores has been obtained, then the design, or alternative design that 

is most reliable, will conform to the equal strength principle, sometimes referred to as unity, in 

which there are no ‘weak links’ [Pahl G. et al. 1996].  

 

2.3.2.A.iii.  Comparison of Designs 

 

If it is required to compare two or more conceptual designs, then an overall rating of reliability 

may be obtained to compare these designs. An overall reliability may be determined by 

calculating a Systems Performance Index (SP) as follows: 

 

              N 

    SP = N (       1 / d i )
 - 1

 

                                             i = 1 

 

Where:     N  =  the sum of the performances considered. 

    d i = the scores of the performances considered. 

 

Eq. 2.3.2.1 
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The overall SP score lies in the range from 0 to 10. The inverse method of combination of scores 

readily identifies low safety margins, unlike normal averaging through addition where almost no 

safety margin with respect to one criterion may be compensated for by high safety margins 

elsewhere - which is unacceptable. Alternative designs can therefore be compared with respect to 

reliability, by comparing their SP scores; the highest score is the most reliable.  

 

In a proposed method for using this overall rating approach [Liu J.S. et al.1996], caution is 

required because simply choosing the highest score may not be the best solution. This requires 

that each design should always be reviewed to see whether weaknesses can be improved upon, 

which tends to defeat the purpose of the method. Although other factors such as costs may be the 

final selection criterion for conceptual or preliminary design proposals with similar overall 

scores (which often times is the case), the objective is to achieve a design solution that is the 

most reliable from the viewpoint of meeting the required performance criteria.  

 

This shortcoming in the overall rating approach may be avoided by supplementing performance 

measures obtained from mathematical models in the form of mathematical algorithms of process 

design integrity for the values of x i j, instead of the ‘direct’ performance parameters such as 

temperature range, pressure rating, output or flow rate. The performance measures obtained from 

these mathematical models consider the prediction, assessment or evaluation of parameters 

particular to each specific stage of the design process, whether it is conceptual design, 

preliminary design, or detail design respectively.  

 

The approach defines performance measures that, when met, achieve an optimum design with 

regard to overall integrity. It seeks to maximize the integrity of design by ensuring that the 

criteria of reliability, availability, maintainability and safety are concurrently being met. The 

choice of limits of performance for such an approach are generally made with respect to the 

consequences and effects of failure, and reliability expectations based on the propagation of 

single maximum and minimum values of acceptable performance for each criterion. If the 

consequences and/or effects of failure are high, then limits of acceptable performance with high 

safety margins that are well clear of failure criteria are chosen. Similarly, if failure criteria are 

imprecise then high safety margins are adopted.  
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These considerations have been further expanded in this research to represent sets of systems that 

function under sets of failures and performance intervals, applying Labelled Interval Calculus 

[Boettner D.D. et al. 1992]. The most significant advantage of this expanded method is that, 

besides not having to rely on the propagation of single estimated values of failure data, it also 

does not have to rely on the determination of single values of maximum and minimum acceptable 

limits of performance for each criterion. Instead, constraint propagation of intervals about sets 

of performance values are applied. As these intervals are defined, it is possible to compute a 

multi-objective optimisation of performance values, to determine optimal solution sets to 

different sets of performance intervals. 

 

2.3.2.A.iv.  Conceptual Design Optimisation 

 

The process described attempts to improve reliability continually towards an optimal result 

[Thompson G. et al. 1999]. If the design problem can be modelled so that it is possible to 

compute all the x i j scores, then it is possible to optimise mathematically in order to maximize 

the SP function, as a result of which the x i j scores will achieve a uniformly high score. 

Typically in engineering design, several conceptual design alternatives need to be optimised for 

different design criteria or constraints. In order to be able to deal with multiple design 

alternatives, the Parameter Profile Matrix in which the scores for each system’s performance 

measure, x i j, is calculated, needs to be modified. Instead of a one-variable matrix, in which the 

scores, x i j are listed, the analysis is completed for each individual criterion, y j. Thus a two 

variable matrix of c i j is constructed, as shown in Figure 2.3.2.c. [Liu J.S. et al. 1996]. 

 

 Design Alternatives  y 1  y 2  y 3  y 4  y n  

   x 1 c 1  1  c 1  2  c 1  3  c 1  4  c 1  n 

 Performance  x 2 c 2  1  c 2  2  c 2  3  c 2  4  c 2  n 

 Parameters  x 3 c 3  1  c 3  2  c 3  3  c 3  4  c 3  n 

   x m c m 1  c m 2  c m 3  c m 4  c m n 

  

Figure 2.3.2.c. Two-Variable Parameter Profile Matrix 
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Determination of an optimum conceptual design is carried-out as follows: 

 

a) A performance Parameter Profile Index (PPI) is calculated for each performance parameter 

x i. This constitutes an analysis of the rows of the matrix, in which: 

 

              n 

    PPI = n (        1 / c i j )
 - 1

 

                                             j = 1 

 

Where:     n  =  the number of design alternatives. 

 

b) Similarly, a design Alternative Performance Index (API) is calculated for each design 

alternative y j. This constitutes an analysis of the columns of the matrix, in which: 

 

               m 

    API = m (        1 / c i j )
 - 1

 

                                              i = 1 

 

Where:     m  =  the number of performance parameters. 

 

c) An Overall Performance Index (OPI) is then calculated as: 

 

        m  n 

    OPI = 100  [         (PPI) (API)  ] 

       m n i = 1 j = 1 

 

Where:    m  =  the number of performance parameters. 

    n  =  the number of design alternatives. 

And:    OPI lies in the range 0 - 100 and can thus be indicated as   

    a percentage value. 

 

d) Optimisation is carried-out iteratively to maximize the Overall Performance Index. 

 

Eq. 2.3.2.3 

Eq. 2.3.2.4 

Eq. 2.3.2.2 
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2.3.2.A.v.  Labelled Interval Calculus 

 

Interval Calculus is a method for constraint propagation whereby, instead of designating single 

values, information about sets of values are propagated. Constraint propagation of intervals is 

comprehensively dealt with by Moore, [Moore R. 1979], and by Davis, [Davis E. 1987]. 

However, this standard notion of interval constraint propagation is not sufficient for even simple 

design problems, which require expanding the interval constraint propagation concept into a new 

formalism termed "Labelled Interval Calculus" [Boettner D.D. et al. 1992]. Descriptions of 

conceptual as well as preliminary design represent sets of systems or assemblies interacting 

under sets of operating conditions. Descriptions of detail designs represent sets of components 

functioning under sets of operating conditions. Labelled Interval Calculus (LIC) defines a 

number of operatives on intervals and equations, some of which can be thought of as inverses to 

the usual notion of interval propagation by the question; "what do the intervals mean?" or more 

precisely; "what kinds of relationships are possible between a set of values, a variable, and a set 

of systems or components, each subject to a set of operating conditions?". The usual notion of an 

interval constraint is supplemented by the use of labels to indicate relationships between the 

interval and a set of inferences in the design context. LIC is a fundamental step to 

understanding fuzzy sets and possibility theory, which will be considered later in detail. 

 

While the goals of engineering design optimisation can often be described abstractly as minimal 

cost or optimal performance, the space of alternative designs is constrained by many detailed and 

often interacting relationships among the design’s components, whereby conflicting alternatives 

are eliminated. However, this process of abstraction, propagation and elimination usually cannot 

eliminate all the unsatisfactory solutions. Labelled interval calculus for engineering design 

optimisation has been successfully used in mathematical compilers of optimisation formulations 

[R. Wilhelm et al 1998]. When a set of connected components, each with alternative 

implementations and a set of labelled interval specifications have been formulated, this is termed 

the “base design problem”. The compiler divides the various implementation options for one 

component of the base design problem into parts and formulates these new design problems as 

separate options where each design is identical to the base design problem except that it has only 

one part of the original set of implementation options. These simpler design options can now be 

abstracted, triggering a new cycle of propagation, elimination and abstraction.  
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2.3.2.A.vi.  Labelled Interval Calculus in Designing for Reliability 

 

An approach to designing for reliability integrates functional failure as well as functional 

performance considerations so that a maximum safety margin is achieved with respect to all 

performance criteria [Thompson G. et al. 1999]. This approach has been expanded to represent 

sets of systems functioning under sets of failure and performance intervals. The Labelled Interval 

Calculus (LIC) formalizes an approach for reasoning about these sets. The application of LIC in 

designing for reliability produces a design that has the highest possible safety margin with 

respect to intervals of performance values relating to specific system data sets. The most 

significant advantage of this expanded method is that, besides not having to rely on the 

propagation of single estimated values of failure data, it also does not have to rely on the 

determination of single values of maximum and minimum acceptable limits of performance for 

each criterion. Instead, constraint propagation of intervals about sets of performance values are 

applied, making it possible to compute a multi-objective optimisation of conceptual design 

solution sets to different sets of performance intervals. Multi-objective optimisation of 

conceptual design problems can be computed by applying LIC inference rules which draw 

conclusions about the sets of systems under consideration to determine optimal solution sets to 

different intervals of performance values. These LIC inference rules are considered in detail in 

Appendix A.2. Considering the performance limits represented diagrammatically in Figures 

2.3.2.b. (i), (ii), and (iii), where an example of two performance limits, one upper performance 

limit, and one lower performance limit is given, the determination of data sets using LIC would 

include the following: 

 

a) Determination of a Data Point: Two Sets of Limit Intervals: 

 

The proximity of the actual performance to the minimum, nominal, or maximum sets of limit 

intervals of performance, for each performance criterion, relates to a measure of the safety 

margin range. The data point x i j is the value closest to the nominal design condition that 

approaches either minimum or maximum limit interval. The value of x i j always lies in the range 

0 - 10. Ideally, when the design condition is at the mid-range, then the data point is 10. A set of 

data points can thus be obtained for each system with respect to the performance parameters that 

are relevant to that system. 
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In the case of the data point x i j approaching the maximum limit interval, where the 

performance variable is temperature: 

 

x i j = Max.Temp.T 1 - Nom.T High ( x 20 )  

     Max.Temp.T 1 - Min.Temp.T 2 

 

 

Given Relationship: 

Data Set = ( Max.Temp.T 1 - Nom.T High ) / ( Max.Temp.T 1 - Min.Temp.T 2 ) x 20 

Where: 

Max.Temp.T 1   =   Maximum Performance Interval 

Min.Temp.T 2  =   Minimum Performance Interval 

Nom.T High   =   Nominal Performance Interval High 

 

Labelled Intervals: 

Max.Temp.T 1  = < all-parts only T 1  t 1 l   t 1 h > 

Min.Temp.T 2  = < all-parts only T 2  t 2 l   t 2 h > 

Nom.T High  = < all-parts only T H  t H l  t H h > 

Where: 

t 1 l = lowest temperature value in interval of Maximum Performance Interval 

t 1 h = highest temperature value in interval of Maximum Performance Interval 

t 2 l = lowest temperature value in interval of Minimum Performance Interval 

t 2 h = highest temperature value in interval of Minimum Performance Interval 

t H l = lowest temperature value in interval of Nominal Performance Interval High 

t H h = highest temperature value in interval of Nominal Performance Interval High 

 

Computation: Propagation Rule 1: 

 ( only X ) and ( only Y ) and G  ( only Range (G, X, Y )) 

 

Eq. 2.3.2.5 
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x i j [corners ( Max.Temp.T 1, Nom.T High, Min.Temp.T 2 )]   

= ( t 1 h - t H l / t 1 l - t 2 h ) x 20, ( t 1 h - t H l / t 1 l - t 2 l ) x 20, 

 ( t 1 h - t H l / t 1 h - t 2 h ) x 20, ( t 1 h - t H l / t 1 h - t 2 l ) x 20, 

 ( t 1 l - t H l / t 1 l - t 2 h ) x 20, ( t 1 l - t H l / t 1 l - t 2 l ) x 20, 

 ( t 1 l - t H l / t 1 h - t 2 h ) x 20, ( t 1 l - t H l / t 1 h - t 2 l ) x 20, 

 ( t 1 h - t H h / t 1 l - t 2 h ) x 20, ( t 1 h - t H h / t 1 l - t 2 l ) x 20, 

 ( t 1 h - t H h / t 1 h - t 2 h ) x 20, ( t 1 h - t H h / t 1 h - t 2 l ) x 20, 

 ( t 1 l - t H h / t 1 l - t 2 h ) x 20, ( t 1 l - t H h / t 1 l - t 2 l ) x 20, 

 ( t 1 l - t H h / t 1 h - t 2 h ) x 20, ( t 1 l - t H h / t 1 h - t 2 l ) x 20, 

 

x i j [range ( Max.Temp.T 1, Nom.T High, Min.Temp.T 2 )] 

= ( t 1 l - t H h / t 1 h - t 2 l ) x 20, ( t 1 h - t H l / t 1 l - t 2 h ) x 20,  

 

Propagation result: 

x i j  = < all-parts only x i j  ( t 1 l - t H h / t 1 h - t 2 l ) x 20, ( t 1 h - t H l / t 1 l - t 2 h ) x 20 > 

Where x i j is dimensionless. 

 

Description: 

The generation of data points with respect to performance limits using the labelled interval 

calculus, particularly in the case of the data point x i j approaching the maximum limit interval, 

with x i j in the range ( Max.Temp.T 1, Nom.T High, Min.Temp.T 2 ), and x i j dimensionless, has 

a propagation result equivalent to the following labelled interval: 

x i j  = < all-parts only x i j  ( t 1 l - t H h / t 1 h - t 2 l ) x 20, ( t 1 h - t H l / t 1 l - t 2 h ) x 20 > 

which represents the relationship: 

x i j = Max.Temp.T 1 - Nom.T High ( x 20 )  

     Max.Temp.T 1 - Min.Temp.T 2
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In the case of  the data point x i j approaching the minimum limit interval, where the 

performance variable is temperature: 

 

or  = Nom.T Low - Min.Temp.T 2 ( x 20 ) 
     Max.Temp.T 1 - Min.Temp.T 2  

 

 

Given Relationship: 

Data Set = ( Max.Temp.T 1 - Nom.T High ) / ( Max.Temp.T 1 - Min.Temp.T 2 ) x 20 

Where: 

Max.Temp.T 1   =   Maximum Performance Interval 

Min.Temp.T 2  =   Minimum Performance Interval 

Nom.T Low  =   Nominal Performance Interval Low 

 

Labelled Intervals: 

Max.Temp.T 1  = < all-parts only T 1  t 1 l   t 1 h > 

Min.Temp.T 2  = < all-parts only T 2  t 2 l   t 2 h > 

Nom.T Low  = < all-parts only T L  t L l  t L h > 

Where: 

t 1 i = lowest temperature value in interval of Maximum Performance Interval 

t 1 h = highest temperature value in interval of Maximum Performance Interval 

t 2 l = lowest temperature value in interval of Minimum Performance Interval 

t 2 h = highest temperature value in interval of Minimum Performance Interval 

t L l = lowest temperature value in interval of Nominal Performance Interval Low 

t L h = highest temperature value in interval of Nominal Performance Interval Low 

 

Computation: Propagation Rule 1: 

 ( only X ) and ( only Y ) and G  ( only Range (G, X, Y )) 

 

Eq. 2.3.2.6 
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x i j [corners ( Max.Temp.T 1, Nom.T High, Min.Temp.T 2 )]  

= ( t L h - t 2 l / t 1 l - t 2 h ) x 20, ( t L h - t 2 l / t 1 l - t 2 l ) x 20, 

 ( t L h - t 2 l / t 1 h - t 2 h ) x 20, ( t L h - t 2 l / t 1 h - t 2 l ) x 20, 

 ( t L l - t 2 l / t 1 l - t 2 h ) x 20, ( t Ll - t 2 l / t 1 l - t 2 l ) x 20, 

 ( t L l - t 2 l / t 1 h - t 2 h ) x 20, ( t L l - t 2 l / t 1 h - t 2 l ) x 20, 

 ( t L h - t 2 h / t 1 l - t 2 h ) x 20, ( t L h - t 2 h / t 1 l - t 2 l ) x 20, 

 ( t L h - t 2 h / t 1 h - t 2 h ) x 20, ( t L h - t 2 h / t 1 h - t 2 l ) x 20, 

 ( t L l - t 2 h / t 1 l - t 2 h ) x 20, ( t L l - t 2 h / t 1 l - t 2 l ) x 20, 

 ( t L l - t 2 h / t 1 h - t 2 h ) x 20, ( t L l - t 2 h / t 1 h - t 2 l ) x 20, 

 

x i j [range ( Max.Temp.T 1, Nom.T High, Min.Temp.T 2 )] 

= ( t L l - t 2 h / t 1 h - t 2 l ) x 20, ( t L h - t 2 l / t 1 l - t 2 h ) x 20,  

 

Propagation result: 

x i j  = < all-parts only x i j  ( t L l - t 2 h / t 1 h - t 2 l ) x 20, ( t L h - t 2 l / t 1 l - t 2 h ) x 20 > 

Where x i j is dimensionless. 

 

Description: 

The generation of data points with respect to performance limits using the labelled interval 

calculus, particularly in the case of the data point x i j approaching the minimum limit interval, 

with x i j in the range ( Max.Temp.T 1, Nom.T High, Min.Temp.T 2 ), and x i j dimensionless, has 

a propagation result equivalent to the following labelled interval: 

x i j  = < all-parts only x i j  ( t L l - t 2 h / t 1 h - t 2 l ) x 20, ( t L h - t 2 l / t 1 l - t 2 h ) x 20 > 

which represents the relationship: 

x i j = Nom.T Low - Min.Temp.T 2 ( x 20 ) 
     Max.Temp.T 1 - Min.Temp.T 2
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b) Determination of a Data Point: One Upper Limit Interval: 

 

If there is one operating limit set only, then the data point is obtained as shown in Figures 

2.3.2.b.(ii), and 2.3.2.b.(iii), where the upper or lower limit is known. A set of data points can be 

obtained for each system with respect to the performance parameters that are relevant to that 

system. In the case of  the data point x i j approaching the upper limit interval: 

 

 

x i j = Highest Stress Level - Nominal Stress Level  ( x 10 ) 

           Highest Stress Level - Lowest Stress Est.  

 

 

Given Relationship: 

Data Set = ( HSL - NSL ) / ( HSL - LSL ) x 10 

HSI     =   Highest Stress Interval 

LSI   =   Lowest Stress Interval 

NSI    =   Nominal Stress Interval 

 

Labelled Intervals: 

Highest Stress  = < all-parts only HSI  s 1 l   s 1 h > 

Lowest Stress  = < all-parts only LSI  s 2 l   s 2 h > 

Nominal Stress = < all-parts only NSI  s H l  s H h > 

Where: 

s 1 l = lowest stress value in interval of Highest Stress Interval 

s 1 h = highest stress value in interval of Highest Stress Interval 

s 2 l = lowest stress value in interval of Lowest Stress Interval 

s 2 h = highest stress value in interval of Lowest Stress Interval 

s H l = lowest stress value in interval of Nominal Stress Interval 

s H h = highest stress value in interval of Nominal Stress Interval 

 

Eq. 2.3.2.7 
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Computation: 

Propagation Rule 1: 

( only X ) and ( only Y ) and G  ( only Range (G, X, Y )) 

 

x i j [corners ( HSL, NSL, LSL )]   

= ( s 1 h - s H l / s 1 l - s 2 h ) x 10, ( s 1 h - s H l / s 1 l - s 2 l ) x 10, 

 ( s 1 h - s H l / s 1 h - s 2 h ) x 10, ( s 1 h - s H l / s 1 h - s 2 l ) x 10, 

 ( s 1 l - s H l / s 1 l - s 2 h ) x 10, ( s 1 l - s H l / s 1 l - s 2 l ) x 10, 

 ( s 1 l - s H l / s 1 h - s 2 h ) x 10, ( s 1 l - s H l / s 1 h - s 2 l ) x 10, 

 ( s 1 h - s H h / s 1 l - s 2 h ) x 10, ( s 1 h - s H h / s 1 l - s 2 l ) x 10, 

 ( s 1 h - s H h / s 1 h - s 2 h ) x 10, ( s 1 h - s H h / s 1 h - s 2 l ) x 10, 

 ( s 1 l - s H h / s 1 l - s 2 h ) x 10, ( s 1 l - s H h / s 1 l - s 2 l ) x 10, 

 ( s 1 l - s H h / s 1 h - s 2 h ) x 10, ( s 1 l - s H h / s 1 h - s 2 l ) x 10, 

 

x i j [range ( HSL, NSL, LSL )] 

= ( s 1 l - s H h / s 1 h - s 2 l ) x 10, ( s 1 h - s H l / s 1 l - s 2 h ) x 10,  

 

Propagation result: 

x i j  = < all-parts only x i j  ( s 1 l - s H h / s 1 h - s 2 l ) x 10, ( s 1 h - s H l / s 1 l - s 2 h ) x 10 > 

Where x i j is dimensionless. 

 

Description: 

x i j  = < all-parts only x i j  ( t L l - t 2 h / t 1 h - t 2 l ) x 20, ( t L h - t 2 l / t 1 l - t 2 h ) x 20 > 

with x i j in the range ( HSL, NSL, LSL ), represents the relationship: 

x i j = Highest Stress Level - Nominal Stress Level  ( x 10 ) 

           Highest Stress Level - Lowest Stress Est. 
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c) Determination of a Data Point: One Lower Limit Interval: 

 

In the case of  the data point x i j approaching the lower limit interval: 

 

 

x i j = Nominal Capacity - Min. Capacity Level ( x 10 ) 

       Max. Capacity Est. - Min. Capacity Level 

 

 

Given Relationship: 

Data Set = ( Nom.Cap.L - Min.Cap.L ) / ( Max.Cap.L - Min.Cap.L ) x 10 

Where: 

Max.Cap. C 1    =   Maximum Capacity Interval 

Min.Cap. C 2  =   Minimum Capacity Interval 

Nom.Cap. C L  =   Nominal Capacity Interval Low 

 

Labelled Intervals: 

Max.Cap. C 1  = < all-parts only C 1  c 1 l   c 1 h > 

Min.Cap. C 2  = < all-parts only C 2  c 2 l   c 2 h > 

Nom.Cap. C L  = < all-parts only C L  c L l  c L h > 

Where: 

c 1 i = lowest capacity value in interval of Maximum Capacity Interval 

c 1 h = highest capacity value in interval of Maximum Capacity Interval 

c 2 l = lowest capacity value in interval of Minimum Capacity Interval 

c 2 h = highest capacity value in interval of Minimum Capacity Interval 

c L l = lowest capacity value in interval of Nominal Capacity Interval Low 

c L h = highest capacity value in interval of Nominal Capacity Interval Low 

 

Eq. 2.3.2.8 



 78 

Computation: 

Propagation Rule 1: 

( only X ) and ( only Y ) and G  ( only Range (G, X, Y )) 

 

x i j [corners ( Max.Cap. Min.Cap. C 2, Nom.Cap. C L )]   

= ( c L h - c 2 l / c 1 l - c 2 h ) x 10, ( c L h - c 2 l / c 1 l - c 2 l ) x 10, 

 ( c L h - c 2 l / c 1 h - c 2 h ) x 10, ( c L h - c 2 l / c 1 h - c 2 l ) x 10, 

 ( c L l - c 2 l / c 1 l - c 2 h ) x 10, ( c L l - c 2 l / c 1 l - c 2 l ) x 10, 

 ( c L l - c 2 l / c 1 h - c 2 h ) x 10, ( c L l - c 2 l / c 1 h - c 2 l ) x 10, 

 ( c L h - c 2 h / c 1 l - c 2 h ) x 10, ( c L h - c 2 h / c 1 l - c 2 l ) x 10, 

 ( c L h - c 2 h / c 1 h - c 2 h ) x 10, ( c L h - c 2 h / c 1 h - c 2 l ) x 10, 

 ( c L l - c 2 h / c 1 l - c 2 h ) x 10, ( c L l - c 2 h / c 1 l - c 2 l ) x 10, 

 ( c L l - c 2 h / c 1 h - c 2 h ) x 10, ( c L l - c 2 h / c 1 h - c 2 l ) x 10, 

 

x i j [range ( Max.Cap. Min.Cap. C 2, Nom.Cap. C L )] 

= ( c L l - c 2 h / c 1 h - c 2 l ) x 10, ( c L h - c 2 l / c 1 l - c 2 h ) x 10,  

 

Propagation result: 

x i j  = < all-parts only x i j  ( c L l - c 2 h / c 1 h - c 2 l ) x 10, ( c L h - c 2 l / c 1 l - c 2 h ) x 10 > 

Where x i j is dimensionless. 

 

Description: 

x i j  = < all-parts only x i j  ( c L l - c 2 h / c 1 h - c 2 l ) x 10, ( c L h - c 2 l / c 1 l - c 2 h ) x 10 > 

with x i j in the ( Max.Cap. Min.Cap. C 2, Nom.Cap. C L ), represents the relationship: 

x i j = Nominal Capacity - Min. Capacity Level ( x 10 ) 

       Max. Capacity Est. - Min. Capacity Level 

 



 79 

d) Analysis of the Interval Matrix: 

 

In Figure 2.3.2.c. the performance measures of each system of a process are described in matrix 

form, containing data points relating to process systems and single parameters that describe their 

performance. The matrix can be analysed by rows and columns in order to evaluate the 

performance characteristics of the process. Each data point x i j refers to a single parameter. 

Similarly, in the expanded method using Labelled Interval Calculus (LIC), the performance 

measures of each system of a process are described in an Interval Matrix form, containing data 

sets relating to systems and labelled intervals that describe their performance. Each row of the 

interval matrix reveals whether the process has a consistent safety margin with respect to a 

specific set of performance values. 

 

A Parameter Performance Index, PPI, can be calculated for each row as: 

 

             n 

    PPI = n (       1 / x i j )
 - 1

 

                                            j = 1 
 

Where:     n  =  the number of systems in row i. 

 

The calculation of PPI is accomplished using LIC inference rules which draw conclusions about 

the system data sets of each matrix row under consideration. The numerical value of PPI lies in 

the range 0 - 10, irrespective of the number of data sets in each row (i.e. the number of process 

systems). A comparison of PPIs can be made to judge whether there is acceptable performance 

with respect to specific performance criteria, such as reliability. 

  

Similarly, a System Performance Index, SPI, can be calculated for each column as: 

 

              m 

    SPI = m (       1 / x i j )
 - 1

 

                                             i = 1 
 

Where:     m  =  the number of parameters in column i. 

 

Eq. 2.3.2.9 

Eq. 2.3.2.10 
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The calculation of SPI is accomplished using LIC inference rules that draw conclusions about 

performance labelled intervals of each matrix column under consideration. The numerical value 

of SPI also lies in the range 0 - 10, irrespective of the number of labelled intervals in each 

column (i.e. the number of performance parameters). A comparison of SPIs can be made 

whether there is acceptable performance with respect to any performance criteria of a specific 

system. Finally, an Overall Performance Index, OPI, can be calculated. The numerical value of 

OPI lies in the range 0 - 100 and can be indicated as a percentage value. 

 

                 m         n 

    OPI =   1   (           (PPI) (SPI) ) 

       m n   i = 1   j = 1 

 

Where:    m  =  the number of performance parameters. 

    n  =  the number of systems. 

 

Example: 

A reverse jet scrubber system for sulphurous gas emissions from a non-ferrous metal smelter, 

consists of a scrubber vessel and a subset of three centrifugal pumps in parallel, any two of 

which are continually operational, with the following labelled intervals for the specific 

performance parameters: 

 

Parameters:           Vessel:   Pump 1:      Pump 2:         Pump 3: 

Max. Flow: < 65 75 > < 55 60 > < 55 60 > < 65 70 > 

Min. Flow: < 30 35 > < 20 25 > < 20 25 > < 30 35 > 

Nom. Flow: < 50 60 > < 40 50 > < 40 50 > < 50 60 > 

Max. Pressure: < 10000 12500 > < 8500 10000 > <  8500 10000 > < 12500 15000 > 

Min. Pressure: < 1000 1500 > < 1000 1250 > < 1000 1250 > < 2000 2500 > 

Nom. Pressure: < 5000 7500 > < 5000 6500 > < 5000 6500 > < 7500 10000 > 

Max. Temp: < 80  85 > < 85  90 > < 85  90 > < 80  85 > 

Min. Temp: < 60  65 > < 60  65 > < 60  65 > < 55  60 > 

Nom. Temp: < 70  75 > < 75  80 > < 75  80 > < 70  75 > 

 

Figure 2.3.2.d (a).  Labelled Intervals for Specific Performance Parameters 

 

Eq. 2.3.2.11 
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Propagation result: 

x i j  = < all-parts only x i j  ( x 1 l - x H h / x 1 h - x 2 l ) x 10, ( x 1 h - x H l / x 1 l - x 2 h ) x 10 > 

 

Labelled Intervals - Flow: 

Vessel   interval:  = < all-parts only x i j 1.1  8.3 > 

Pump 1 interval: = < all-parts only x i j 1.3  6.7 > 

Pump 2 interval: = < all-parts only x i j 1.3  6.7 > 

Pump 3 interval: = < all-parts only x i j 1.1  8.3 > 

 

Labelled Intervals - Pressure: 

Vessel   interval:  = < all-parts only x i j 2.2  8.8 > 

Pump 1 interval: = < all-parts only x i j 2.2  6.9 > 

Pump 2 interval: = < all-parts only x i j 2.2  6.9 > 

Pump 3 interval: = < all-parts only x i j 1.9  7.5 > 

 

Labelled Intervals - Temperature: 

Vessel   interval: = < all-parts only x i j 2.0  10.0 > 

Pump 1 interval: = < all-parts only x i j 1.7  7.5 > 

Pump 2 interval = < all-parts only x i j 1.7  7.5 > 

Pump 3 interval: = < all-parts only x i j 1.7  5.0 > 

 

       Vessel    Pump 1    Pump 2    Pump 3 

Flow (cub.m/h)  < 1.1  8.3 > < 1.3  6.7 > < 1.3  6.7 > < 1.1  8.3 > 

Pressure (kPa)  < 2.2  8.8 > < 2.2  6.9 > < 2.2  6.9 > < 1.9  7.5 > 

Temp. (deg C)  < 2.0  10.0 > < 1.7  7.5 > < 1.7  7.5 > < 1.7  5.0 > 

  

Figure 2.3.2.d (b). Parameter Interval Matrix 
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The Parameter Performance Index, PPI, can be calculated for each row: 

 

             n 

    PPI = n (       1 / x i j )
 - 1

 

                                            j = 1 
 

Where:     n  =  the number of systems in row i. 

 

Labelled Intervals: 

 

Flow (cub.m/h) PPI = < all-parts only PPI 1.2  7.4 > 

Pressure (kPa)  PPI = < all-parts only PPI 2.1  7.5 > 

Temp. (deg C)  PPI = < all-parts only PPI 1.8  7.1 > 

 

The System Performance Index, SPI, can be calculated for each column: 

 

              m 

    SPI = m (       1 / x i j )
 - 1

 

                                             i = 1 
 

Where:     m  =  the number of parameters in column i. 

 

Labelled Intervals: 

 

Vessel   SPI = < all-parts only 1.6  9.0 > 

Pump 1 SPI = < all-parts only 1.7  7.0 > 

Pump 2  SPI = < all-parts only 1.7  7.0 > 

Pump 3  SPI = < all-parts only 1.5  6.6 > 

 

Description: 

The Parameter Performance Index, PPI, and the System Performance Index, SPI, indicates 

whether there is acceptable overall performance of the operational parameters, (PPI), and what 

contribution an item makes to the overall effectiveness of the system (SPI). 

 

Eq. 2.3.2.12 

Eq. 2.3.2.13 
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The Overall Performance Index, OPI, can be calculated as: 

 

                 m         n 

    OPI =   1   (           (PPI) (SPI) ) 

       m n   i = 1   j = 1 

 

Where:    m  =  the number of performance parameters. 

    n  =  the number of systems. 

 

Computation: 

( only X ) and ( only Y ) and G  ( only Range (G, X, Y )) 

 

OPI [corners ( PPI, SPI )]   

 =  [1/12  x ((1.2 x 1.6) + (1.2 x 1.7) + (1.2 x 1.7) + (1.2 x 1.5) 

                 +   (2.1 x 1.6) + (2.1 x 1.7) + (2.1 x 1.7) + (2.1 x 1.5) 

   +   (1.8 x 1.6) + (1.8 x 1.7) + (1.8 x 1.7) + (1.8 x 1.5))], 

  [1/12  x ((7.4 x 9.0) + (7.4 x 7.0) + (7.4 x 7.0) + (7.4 x 6.6) 

                          +  (7.5 x 9.0) + (7.5 x 7.0) + (7.5 x 7.0) + (7.5 x 6.6) 

   +  (7.1 x 9.0) + (7.1 x 7.0) + (7.1 x 7.0) + (7.1 x 6.6))] 

 

OPI [range ( PPI, SPI )] 

 =   < [1/12  x  33.2], [1/12  x  651.2] > 

OPI =  < all-parts only % 2.8  54.3 >   

 

Description: 

The Overall Performance Index, OPI, is a combination of the Parameter Performance 

Index, PPI, and the System Performance Index, SPI, and indicates the overall performance of 

the operational parameters, (PPI), and the overall contribution of the system’s items on the 

system (SPI) itself. The numerical value of OPI lies in the range 0 - 100 and can thus be 

indicated as a percentage value, which is a useful measure for conceptual design optimisation. 

The reverse jet scrubber system has an overall performance in the range of 2.8% to 54%, which 

is not optimal. The critical minimum performance level requirements indicate design review. 

 

Eq. 2.3.2.14 
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2.3.2.B.  ANALYTIC DEVELOPMENT OF RELIABILITY 

   ASSESSMENT IN PRELIMINARY DESIGN 

 

  The most applicable techniques selected for further development as tools for 

reliability assessment in intelligent computer automated methodology for determining the 

integrity of engineering design during the preliminary or schematic design phase, are Failure 

Modes and Effects Analysis (FMEA), Failure Modes and Effects Criticality Analysis (FMECA), 

and Fault-Tree Analysis. However, as the main use of Fault-Tree Analysis is perceived to be in 

designing for safety, whereby fault trees provide a useful representation of the different failure 

paths which can lead to safety and risk assessments of systems and processes, this technique will 

be considered in greater detail in Chapter 5. SAFETY AND RISK IN ENGINEERING DESIGN. 

Thus only FMEA and FMECA are further developed at this stage with respect to the following: 

 

 FMEA and FMECA in Engineering Design Analysis 

 Algorithmic Modelling in Failure Modes and Effects Analysis 

 Qualitative Reasoning in Failure Modes and Effects Analysis 

 Overview of Fuzziness in Engineering Design Analysis 

 Fuzzy Logic and Fuzzy Reasoning 

 Theory of Approximate Reasoning 

 Overview of Possibility Theory 

 Uncertainty and Incompleteness in Engineering Design Analysis 

 Modelling Uncertainty in FMEA and FMECA 

 Development of a Qualitative FMECA 

 

2.3.2.B.i. FMEA and FMECA in Engineering Design Analysis 

 

Systems can be described in terms of hierarchical System Breakdown Structures (SBS). These 

system structures are comprised of many subsystems, assemblies and components (and parts), 

which can fail at one time or another. The effect of functional failure of the system structures on 

the system as a whole can vary, and can have a direct, indirect, or no adverse effect on the 

performance of the system.  
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Equipment (i.e. assemblies and components) whose functional failure renders the system 

inoperative, are termed system-critical. Where equipment functional failures degrade system 

performance, or the reliability of the system, they are classified as reliability-critical [Aslaksen 

E. et al. 1992]. In a systems context, any direct or indirect effect of equipment functional failures 

will result in a change to the reliability of the system or equipment, but may not necessarily 

result in a change to the performance of the system. 

 

a) Reliability-Critical Items: 

 

Reliability-critical items are those items that have a quantifiable impact on system performance 

and system reliability. These items are usually identified by appropriate Reliability Analysis 

techniques. The identification of reliability-critical items is an essential portion of engineering 

design analysis, especially since the general trend in the design of process engineering 

installations is toward increasing system complexity. It is thus imperative that a systematic 

method for identifying reliability-critical items is implemented during the engineering design 

process, particularly during preliminary design. Such a method is Failure Modes and Effects 

Criticality Analysis (FMECA). In practice however, development of FMECA procedures have 

often been considered to be arduous and time consuming. As a result, the essential benefits 

which can be derived have often been misunderstood and not fully appreciated. The FMECA 

procedure actually consists of three inherent sub-methods: 

 

 Failure Modes and Effects Analysis (FMEA). 

 Failure Hazard Analysis. 

 Criticality Analysis. 

 

The methods of Failure Modes and Effects Analysis, Failure Hazard Analysis, and Criticality 

Analysis are inter-related. Failure Hazard Analysis and Criticality Analysis cannot be effectively 

implemented without the prior preparations required for Failure Modes and Effects Analysis. 

Once certain groundwork is complete, all of these analysis methods should be applied. This 

groundwork includes a detailed understanding of the functions of the system under consideration, 

and the functional relationships of its constituent components.  

 



 86 

Therefore, two necessary additional techniques are imperative prior to developing FMEA 

procedures, namely: 

 

 Systems Breakdown Structuring. 

 Functional Block Diagramming. 

 

As previously indicated, a Systems Breakdown Structure (SBS) is; "a systematic hierarchical 

representation of equipment, grouped into its logical systems, sub-systems, assemblies, sub-

assemblies, and component levels". 

 

A Functional Block Diagram (FBD) is; “an orderly and structured means for describing 

component functional relationships for the purpose of systems analysis.” 

 

A FBD is a combination of a SBS and concise descriptions of the operational and physical 

functions and functional relationships at component level. Thus the FBD need only be done at 

the lowest level of the SBS, which in most cases is at component level. 

 

It is from this relation between the FBD and the SBS that the combined result is termed a 

Functional Systems Breakdown Structure (FSBS). 

 

Some further concepts essential to a proper basic understanding of FSBS are considered in the 

following definitions:  

 

A system is defined as; "a complete whole of a set of connected parts or components with 

functionally related properties that links them together in a system process". 

 

A function is defined as, "the work that an item is designed to perform". 

 

This definition indicates, through the terms work and design, that any item contains both 

operational and physical functions. Operational functions are related to the item's working 

performance and physical functions are related to the item's material design. 
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Functional relationships, on the other hand, describe the actions or changes in a system that are 

derived from the various ways in which the system's components and their properties may be 

linked together within the system. Functional relationships thus describe the complexity of a 

system at the component level. 

 

Component functional relationships thus describe the actions internal in a system, and can be 

regarded as the interactive work that the system's components are designed to perform. 

Functional relationships of components may be considered from the point of view of their 

internal interactive functions. Furthermore, component functional relationships may also be 

considered from the point of view of their different cause and effect changes, or change 

symptoms. Functional relationships of components thus may also be considered from the point of 

view of their internal symptomatic functions. 

 

In order to fully understand component functional relationships, concise descriptions of the 

operational and physical functions of the system must first be defined, and then the functional 

relationships at component level, are defined. The descriptions of the system's operational and 

physical functions need to be quantified with respect to their limits of performance, so that the 

severity of functional failures can be defined at a later stage in the FMECA procedure. The first 

step then, is to list the components in a Functional Systems Breakdown Structure (FSBS). 

 

b) Functional Systems Breakdown Structure (FSBS):. 

 

The identification of the constituent items of each level of a Functional Systems Breakdown 

Structure (FSBS) is determined from the top down. This is done by identifying the actual 

physical design configuration of the system, in lower level items of the systems hierarchy. The 

various levels of a FSBS are identified from the bottom up, by logically grouping items or 

components into sub-assemblies, assemblies, or subsystems. Operational and physical functions 

and limits of performance are then defined in the FSBS.  

 

Once the functions in the FSBS have been described and limits of performance quantified, then 

the various functional relationships of the components are defined, either in a Functional Block 

Diagram (FBD), or through Functional Modelling. 
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The FBD is an orderly and structured means for describing component functional relationships 

for design analysis. However, in the development of a FBD, the descriptions of these component 

functional relationships should be limited to two words if possible; a verb to describe the action 

or change, and a noun to describe the object of the action or change. In most cases, if the 

component functional relationships cannot be stated using two words, more than one functional 

relationship exists. A verb-noun combination cannot be repeated in any one branch of the FBD's 

descriptions of the component functional relationships. If however, repetition is apparent, then 

review of the component functional relationships in the Functional Block Diagram (FBD) 

becomes necessary [Blanchard B.S. et al. 1990].  

 

As an example, some verb-noun combinations are given in alphabetical order, in the following 

semantic list: 

 

VERB  - NOUN  

Circulate - Current 

Close  - Fluid 

Compress - Gas 

Confine - Liquids 

Contain - Lubricant 

Control - Flow 

Generate - Power 

Provide - Seal 

Transfer - Signal  

Transport - Material etc 

 

It is obvious that the most appropriate verb must be combined with a corresponding noun. Thus 

the verb "control" can be used in many combinations with different nouns. It can be readily 

discerned that these actions can be either operational functional relationships that are related to 

the item's required performance, or physical functional relationships that are related to the item's 

material design. For instance, current can be controlled operationally, through the use of a 

regulator, or physically through the internal physical resistance properties of a conductor.  
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What becomes essential then, is to ask the question "how?" after the verb-noun combination has 

been established in describing functional relationships. The question is directed towards an 

answer of either "operational" or "physical".  

 

In the case of an uncertain decision concerning whether the verb-noun description of the 

functional relationship is achieved either operationally (i.e. related to the item's performance), or 

achieved physically (i.e. relate to the item's material design), then the basic principles used in 

defining the item's functions can be referred to. These principles indicate that the item's functions 

can be identified on the basis of the fundamental criteria relating to operational and physical 

functions, which are; movement and work, in the case of operational functions, and shape and 

consistence, in the case of physical functions. 

 

c) Failure Modes and Effects Analysis (FMEA): 

 

Failure Modes and Effects Analysis (FMEA) is one of the most commonly used techniques for 

assessing the reliability of engineering designs. The analysis at systems level involves identifying 

potential equipment failure modes and assessing the consequences they might have on the 

system's performance. Analysis at equipment level involves identifying potential component 

failure modes and assessing the effects they might have on neighbouring components; and then 

propagating them up to the system level. The criticality of components and component failure 

modes can therefore be assessed, and steps taken to amend the design so that critical failure 

modes become sufficiently improbable.  

 

With the Functional Block Diagram (FBD) complete, development of the Failure Modes and 

Effects Analysis (FMEA) can proceed. The initial steps of FMEA considers criteria such as: 

 

 System performance specifications 

 Component functional relationships 

 Failure modes 

 Failure effects 

 Failure causes 
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A complex system can be analysed at different levels of resolution and the appropriate 

performance or functions defined at each level. The top levels of the System Breakdown 

Structure are the process and system levels where performance specifications are defined, and 

the lower levels are the assembly, component and part levels where not only primary equipment, 

but individual components have a role to play in the overall functions of the system. An FMEA 

consists of a combined top-down and bottom-up analysis. From the top, the process and system 

performance specifications are decomposed into assembly and component performance 

requirements and, from the bottom, these assembly and component performance requirements 

are translated into functions and functional relationships for which system performance 

specifications can be met.  

 

After determining assembly and component functions and functional relationships through 

application of the techniques of System Breakdown Structures (SBS) and Functional Block 

Diagrams (FBD), the remaining steps in developing a FMEA consider determining failure 

modes, failure effects, failure causes as well as failure detection.  

 

Engineering systems are designed to achieve predefined performance criteria and, although the 

FMEA will provide a comparison between a system's normal and faulty behaviour through the 

identification of failure modes and related descriptions of possible failures, it is only when this 

behavioural change affects one of the performance criteria that a failure effect is deemed to have 

occurred. The failure effect is then described in terms of system performance that has either been 

reduced or not been achieved at all. 

 

A survey of applied FMEA has shown that the greatest criticism is the inability of the FMEA to 

sufficiently influence the engineering design process, because the time-scale of the analysis often 

exceeds the design process. [Bull D.R. et al. 1995b]. It is therefore often the case that FMEA is 

seen not as a design tool but solely as a deliverable to the client. To reduce the total time for the 

FMEA, an approach is required whereby the methodology is not only automated, but is 

integrated into the engineering design process through intelligent computer automated 

methodology. Such an approach would however require consideration of qualitative reasoning in 

engineering design analysis. 
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In order to be able to develop the reliability technique of FMEA (and its extension of criticality 

considerations into a FMECA) for application in intelligent computer automated methodology, 

particularly for Artificial Intelligence Based (AIB) modelling, it is essential to carefully consider 

each progressive step with respect to its related definitions. It is obvious that the best point of 

departure would be an appropriate definition for failure. 

 

According to the U.S. Military Standard [MIL-STD-721B] a failure is defined as; "the inability 

of an item to function within its specified limits of performance". 

 

This implies that system functional performance limits must be clearly defined before any 

functional failures can be identified. The task of defining system functional performance limits is 

not exactly straight forward, especially with complex integration of systems. A thorough analysis 

of systems integration complexity normally requires that the FMEA not only considers the 

functions of the various systems and their equipment, but that limits of performance be related to 

these functions as well. 

 

As previously indicated, the definition of a function is given as; "the work that an item is 

designed to perform". Thus failure of the item's function means failure of the work that the item 

is designed to perform. 

 

Functional failure can thus be defined as; "the inability of an item to carry-out the work that it 

is designed to perform within specified limits of performance". 

 

It is obvious from this definition that there are two degrees of severity of functional failure: 

 

i) A complete loss of function where the item cannot carry-out any of the work that it 

was designed to perform. 

 

ii) A partial loss of function where the item is unable to function within specified limits 

of performance. 

 



 92 

Potential failure may be defined as; "the identifiable condition of an item indicating that 

functional failure can be expected". 

 

In other words, potential failure is an identifiable condition or state of an item on which its 

function depends, indicating that the occurrence of functional failure can be expected.  

 

STEP 1: The first criterion to consider in the FMEA is failure mode. 

 

The definition of mode is given as; "method or manner". 

Failure mode, can be defined as; "the method or manner of failure". 

 

If failure is considered from the viewpoint of either functional failure or potential failure, then 

failure mode can be determined as: 

 

i) The method or manner in which an item is unable to carry-out the work that it is 

designed to perform within limits of performance.  

This would imply either the mode of failure in which the item cannot carry-out any of 

the work that it is designed to perform (i.e. complete loss of function), or the mode of 

failure in which the item is unable to function within specified limits of performance 

(i.e. partial loss of function). 

 

ii) The method or manner in which an item's identifiable condition could arise, 

indicating that functional failure can be expected. 

This would imply a failure mode only when the item’s identifiable condition is such 

that a functional failure can be expected. 

 

Thus failure mode can be described from the points of view of: 

 

 A complete functional loss. 

 A partial functional loss. 

 An identifiable condition. 
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For reliability assessment during the preliminary engineering design phase, the first two failure 

modes, namely a complete functional loss, and a partial functional loss can be practically 

considered. The determination of an identifiable condition is considered when contemplating the 

possible causes of a complete functional loss, or a partial functional loss. 

 

STEP 2: The following step in developing a FMEA is to consider the criteria of failure effects.  

 

The definition of effect is given as; "an immediate result produced".  

Failure effects can be defined as; "the immediate results produced by failure". 

Failure consequence can be defined as; "the overall result or outcome of failures". 

 

It is clear that from these definitions that there are two levels, firstly an immediate effect, and 

secondly an overall consequence of failure. 

 

i) The effects of failure are associated with the immediate results that initially occur 

within the component's or assembly's environment.  

 

ii) The consequences of failure are associated with the overall results that eventually 

occur in the system or process as a whole.  

 

For the purpose of developing a FMEA at the higher systems level, some of the basic principles 

of failure consequences need to be described. The consequences of failure need not have 

immediate results.  

 

Operational and physical consequences of failure can be grouped into five significant categories: 

 

 Safety consequences. 

Safety operational and physical consequences of functional failure are alternately termed critical 

functional failure consequences. These functional failures affect either the operational or 

physical functions of systems, assemblies or components that could have a direct adverse effect 

on safety, with respect to catastrophic incidents or accidents. 
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 Economic consequences. 

Economic operational and physical consequences of functional failure involve an indirect 

economic loss, such as the loss in production, as well as the direct cost of corrective action. 

 

 Environmental consequences. 

Environmental operational and physical consequences of functional failure in engineered 

installations relate to environmental problems predominantly associated with treatment of wastes 

from mineral processing operations, hydrometallurgical processes, high temperature processes, 

and processing operations from which by-products are treated. Any functional failures in these 

processes would most likely result in environmental operational and physical consequences. 

 

 Maintenance consequences. 

Maintenance operational and physical consequences of functional failure involve only the direct 

cost of corrective maintenance action.  

 

 Systems consequences. 

Systems operational and physical consequences of functional failure involve integrated failures 

in the functional relationships of components in process engineering systems in regard to their 

internal interactive functions, or internal symptomatic functions. 

 

STEP 3: The following step in developing a FMEA is to consider the criteria of failure causes. 

 

The definition of cause is; "that which produces an effect". 

Failure causes can be defined as; "the initiation of failures which produce an effect". 

 

The definition of functional failure was given as; "the inability of an item to carry-out the 

work that it is designed to perform within specified limits of performance". Considering the 

causes of functional failure, it is practical to place them into hazard categories of component 

functional failure incidents or events. These hazard categories are determined through the 

reliability evaluation technique of Failure Hazard Analysis (FHA), which is considered later. 
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The definition of potential failure was given as; "the identifiable condition of an item indicating 

that functional failure can be expected". The effects of potential failure could result in 

functional failure. In other words, the causes of functional failure can be found in potential 

failure conditions. The most significant aspect of potential failure is that it is a condition or state, 

and not an incident or event such as with functional failure.  

 

In being able to define potential failure in an item of equipment, the identifiable conditions or 

state of the item upon which its functions depend, must then also be identified. The operational 

and physical conditions of the item form the basis for defining potential failures arising in the 

item's functions. This implies that an item, which may have several functions and is meant to 

carry-out work that it is designed to perform, will be subject to several conditions or states on 

which its functions depend, from the moment that it is working or put to use. In other words the 

item is subject to potential failure the moment it is in use. Potential failure is related to the 

condition or state of the item, based upon the work it is designed to perform, and the result of its 

use. The causes of potential failure are thus related to the extent of use under which the system or 

equipment is placed. 

 

The causes of functional failure can be found in potential failure conditions, and the causes 

of potential failure can be related to extent of use of the system or equipment. 

 

Despite the fairly comprehensive and sound theoretical approach to the definitions of the 

relevant criteria and analysis steps in developing a FMEA, it still does not provide exhaustive 

lists of causes and effects for full sets of failure modes. A complete analysis, down to the 

smallest detail, is generally too expensive (and often impossible). 

 

 The central objective of FMEA in engineering design is for design verification. This would 

require an approach to FMEA that concentrates on failure modes which can be represented in 

terms of simple linguistic or logic statements, or by algorithmic modelling in the case of more 

complicated failure modes. In the design of integrated engineering systems however, most failure 

modes are not simple but complex, necessitating the need for an analytic approach such as 

algorithmic modelling.  

 



 96 

2.3.2.B.ii. Algorithmic Modelling in Failure Modes and Effects Analysis 
 

 

All engineering systems can be broken down into subsystems and/or assemblies and 

components. At which level should they be modelled? At one extreme, if the FMEA was 

concerned with the process as a whole, it may be sufficient to represent the inherent equipment 

as single entities. Conversely, it may be necessary to consider the effects of failure of single 

components of the equipment. Less detailed analysis could be justified for a system based on 

previous designs, with a high reliability and safety record. Alternatively, greater detail and a 

correspondingly lower system level analysis is required for a new design or a system with 

unknown reliability history [Wirth R. et al. 1996]. 

 

The British Standard on FMEA and FMECA [BS5760 1991] requires failure modes to be 

considered at the lowest practical level. However, in considering the development of an 

automated FMEA for inclusion in the concept of automated continual design reviews 

throughout the engineering design process, it is prudent to initially concentrate on failure modes 

that could be represented in terms of simple linguistic or logic statements. Once this has been 

accomplished, the problem of how to address more complicated failure modes can be addressed. 

This is considered in the following algorithmic approaches [Bull D.R. et al. 1995b]: 

 

 Numerical Analysis 

 Order of Magnitude 

 Qualitative Simulation 

 Fuzzy Techniques 

 

a) Numerical Analysis: 

 

There are several numerical and symbolic algorithms which can be used to solve dynamic 

systems. However, many of these algorithms have two major drawbacks: Firstly they might not 

be able to reach a reliable steady-state solution, due to convolutions in the numerical solution of 

their differential equations, or because of the presence of non-linear properties (for example in 

the modelling of performance characteristics of relief valves, non-return valves, end stops etc.).  
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Secondly the solutions may be very specific. They are typically produced for a system at a 

certain pressure, flow, load condition, etc. In engineering design, and in particular in the FMEA, 

it is common not to know the precise values of quantities, especially in the early design stages. It 

would thus be more intuitive to be able to relate design criteria in terms of ranges of values, as 

considered in the case of Labelled Interval Calculus for system performance measures. 

 

b) Order of Magnitude: 

 

Order of Magnitude reasoning was developed by Raiman [Raiman O. 1986] and extended by 

Mavrovouniotis and Stephanopoulis [Mavrovouniotis M. et al. 1988]. Order of Magnitude is 

primarily concerned with considering the relative sizes of quantities. A variable in this formalism 

refers to a specific physical quantity with known dimensions but unknown numerical values. The 

fundamental concept is that of a link: the ratio of two quantities, only one of which can be a 

landmark. A landmark is a variable with known (and constant) sign and value. There are seven 

possible primitive relations between these two quantities: 

 

 A < < B    A is much smaller than B 

 A - <  B A is moderately smaller than B 

 A ~ < B A is slightly smaller than B 

 A = = B  A is exactly equal to B 

 A > ~ B   A is slightly larger than B 

 A > - B   A is moderately larger than B 

 A > > B  A is much larger than B 

 

The formalism itself involves representing these primitives as real intervals centred around unity 

(which represents exact equality). They allow the data to be represented in terms of a precise 

value, or in terms of intervals, depending upon the information available and the problem to be 

solved. Hence the algorithmic model will encapsulate all the known features of the system being 

simulated. Vagueness is only introduced by lack of knowledge in the initial conditions. A typical 

analysis will consist of asking questions of the form: 

 What happens if the pressure rises significantly higher than the operating pressure? 

 What is the effect of the flow significantly being reduced? 

 



 98 

c) Qualitative Simulation: 

 

Qualitative methods have been devised to simulate physical systems whereby quantities are 

represented by their sign only, and differential equations are reinterpreted as logical predicates. 

The simulation involves finding values that satisfy these constraints [de Kleer J. et al. 1984]. 

This work was further developed to represent the quantities by intervals and landmark values 

[Kuipers B. 1986]. Collectively, variables and landmarks are described as the quantities of the 

system. The latter represent important values of the quantities such as maximum pressure, 

temperature, flow etc. The major drawback with these methods is that the vagueness of the input 

data leads to ambiguities in the predictions of system behaviour, whereby many new constraints 

can be chosen which correspond to many physical solutions. In general, it is not possible to 

deduce which of the myriad of solutions is correct. In terms of FMEA, this would mean there 

could be a risk of failure effects being generated which are a result of the inadequacy of the 

algorithm and not of a particular failure mode.  

 

d) Fuzzy Techniques: 

 

Kuiper's work was enhanced by Shen and Leitch, [Shen Q. et al. 1993] to allow for fuzzy 

intervals to be used in fuzzy simulation. In qualitative simulation, it is possible to describe 

quantities, (such as pressure), as ‘low’ or ‘high’. However, typical of engineering systems, these 

fuzzy intervals may be divided by a landmark representing some critical quantity, with 

consequent uncertainty where the resulting point should lie, as ‘low’ and ‘high’ are not absolute 

terms. The concept of fuzzification allows the boundary to be blurred, so that for a small range 

of values, the quantity could be described as both ‘low’ and ‘medium’. The problem with this 

approach (and with fuzzy simulation algorithms in general) is that it introduces further 

ambiguity. For example, it has been found that in the dynamic simulation of an actuator there are 

nineteen possible values for the solution after only three steps [Bull D.R. et al. 1995b] This result 

is even worse than it appears, as the process of fuzzification removes the guarantee of 

converging on a physical solution. Furthermore, it has been shown that it is possible to develop 

fuzzy Euler integration that allows for qualitative states to be predicted at absolute time points. 

This solves some of the problems, but there is however, still ambiguity in the predicted 

behaviour of the system [Steele A. et al. 1996 and 1997; Coghill G.M. et al. 1999a and 1999b].  
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2.3.2.B.iii. Qualitative Reasoning in Failure Modes and Effects Analysis 

 

It would initially appear that qualitative reasoning algorithms are not suitable for FMEA or 

FMECA, as this formalism of analysis requires unique predictions of system behaviour. 

Although some vagueness is permissible due to uncertainty, it cannot be ambiguous, and 

ambiguity is an inherent feature of computational qualitative reasoning. In order then to consider 

the feasibility of qualitative reasoning in FMEA and FMECA without it resulting in ambiguity, it 

is essential to investigate further the concept of uncertainty in engineering design analysis. 

 

a) The Concept of Uncertainty in Engineering Design Analysis: 

 

Introducing the concept of uncertainty in reliability assessment by utilizing the techniques of 

FMEA and FMECA, requires that some issues and concepts related to the physical system being 

designed must first be considered. A typical engineering design can be defined using the 

concepts introduced by Simon [Simon H.A. 1981], in terms of its inner and outer environment; 

whereby an interface between the substance and organization of the design itself, and the 

surroundings in which it operates is defined. The design engineer’s task is to establish a complete 

definition of the design and in many cases, manufacturing details (i.e. the inner environment) 

that can cope with the outer environment in order to satisfy a predetermined set of design 

criteria. Many of the issues that are often referred to as uncertainty, are related to the ability of 

the design to meet the design criteria, and are due to characteristics associated with both the 

inner and outer environments [Batill S.M. et al. 2000]. This is especially the case when several 

systems are integrated in a complex process with multiple (often conflicting) characteristics.  

 

Engineering design is associated with decisions based upon information related to this interface, 

which considers uncertainty in the complex integration of systems in reality, compared to the 

concept of uncertainty in systems analysis and modelling. From the perspective of the designer, a 

primary concern is the source of variations in the inner environment, and the need to reduce 

variations in system performance associated with the inner environment, through decisions made 

in the design process. The designer is also concerned with how to reduce the sensitivity of the 

system’s performance to variations in the outer environment [Simon H.A. 1981]. 
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Furthermore, from the designer’s perspective, the system being designed exists only as an 

abstraction, and any information related to the system’s characteristics or behaviour is 

approximate prior to its physical realization. Dealing with this incomplete description of the 

system and the approximate nature of the information associated with its characteristics and 

behaviour, are key issues in the design process [Batill S.M. et al. 2000]. 

 

This research is intended to focus on the integrity of engineering design using the extensive 

capabilities now available with modelling and digital computing. With the selection of a basic 

concept of the system at the beginning of the conceptual phase of the engineering design process, 

the next step is to identify (though not necessarily quantify) a finite set of design variables that 

will eventually be used to uniquely specify the design. The identification and quantification of 

this set of design variables are central to, and will evolve with the design throughout the design 

process. It is this quantitative description of the system, based upon information developed using 

algorithmic models or simulation, that becomes the focus of preliminary or schematic design. 

Though there is great benefit in providing quantitative descriptions as early in the design process 

as possible, this depends upon the availability of knowledge and the level of analysis and 

modelling techniques related to the design. 

 

As the level of abstraction of the design changes, and more and more detail is required to define 

it, the number of design variables will grow considerably. Design variables typically are 

associated with the type of material used and the geometric description of the system(s) being 

designed. Eventually, during the detail design phase of the engineering design process, the 

designer will be required to specify (i.e. quantify) the design variables representing the system. 

This specification often takes the form of detailed engineering drawings that include materials 

information and all the necessary geometric information needed for fabrication, including 

manufacturing tolerances. 

 

Decisions associated with quantifying (or selecting) the design variables are usually based upon 

an assessment of a set of behavioural variables, also referred to as system states. The 

behavioural variables or system states are used to describe the system’s characteristics. The list 

of these characteristics also increases in detail as the level of abstraction of the system decreases.  
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The behavioural variables are used to assess the suitability of the design, and are based upon 

information obtained from several primary sources during the design process: 

 

 Archived experience 

 Engineering analysis (such as FMEA and FMECA) 

 Modelling and simulation.  

 

Interpolating or extrapolating from information on similar design concepts can provide the 

designer with sufficient confidence to make a decision based upon the success of earlier, similar 

designs. Often this type of information is incorporated into heuristics (rules-of-thumb), design 

handbooks or design guidelines. Engineers often gather experiential information from empirical 

data or knowledge bases. The use of empirical information requires the designer to make 

numerous assumptions concerning the suitability of the available information and its 

applicability to the current situation. There are also many decisions made in the design process 

that are based upon individual or corporate experience that is not formally archived in a database. 

This type of information is very valuable in the design of systems that are perturbations 

(evolutionary designs) of existing successful designs, but has severe limitations when 

considering the design of new or revolutionary designs. Though it may be useful information, in 

a way that will assist in assessing the risk associated with the entire design, which is usually not 

possible, it tends to compound the problem related to the concept of uncertainty in the 

engineering design process. 

 

The second type of information available to the designer is based upon analysis, mathematical 

modelling and simulation. As engineering systems become more complex and greater demands 

are placed upon their performance and cost, this source of information becomes even more 

important in the design process. However, the information provided by analysis such as FMEA 

and FMECA, carries with it a significant level of uncertainty, and the use of such information 

introduces an equal level of risk to the decisions made, effecting the integrity of the design. 

Quantifying uncertainty, and understanding the significant impact it has in the design process, is 

an important issue that requires specific consideration, especially with respect to the increasing 

complexity of engineering designs. 
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This research considers a further extension to the reliability assessment technique of FMECA 

which includes the appropriate representation of uncertainty and incompleteness of information 

in available knowledge. The main consideration of such an approach is to provide a qualitative 

treatment of uncertainty, based on Zadeh's possibility theory and fuzzy sets [Zadeh L.A. 1965]. 

This allows for the realisation of failure effects and consequences (manifestations) which are 

more or less certainly present (or absent) and failure effects and consequences which are more or 

less possibly present (or absent), when a particular failure mode is identified. This is achieved by 

means of qualitative uncertainty calculus in causal matrices, based on Zadeh's possibility 

measures [Zadeh L.A. 1979] and their dual measures of certainty (or necessity). 

 

b) Uncertainty and Incompleteness in Available Knowledge: 

 

Available knowledge in engineering design analysis (specifically in the reliability assessment 

techniques of FMEA and FMECA), can be considered from the point of view of two aspects: 

 

i) In behavioural knowledge; expressing the likelihood of some or other expected 

consequences as a result of an identified failure mode. Information about likelihood is 

generally qualitative rather than quantitative. Included, is the concept of "negative 

information", stating that some consequences cannot manifest, or are almost 

impossible as consequences of a hypothesized failure mode. Moreover, due to 

incompleteness of the knowledge, distinction is made between consequences that are 

more or less sure, from those that are only possible. 

 

ii) In functional knowledge; expressing the functional activities or work that systems 

and equipment are designed to perform. In a similar way as in the behavioural 

knowledge, the propagation of system and equipment functions, are also incomplete 

and uncertain. In order to effectively capture uncertainty, a qualitative approach is 

more appropriate to the available information than a quantitative one.  

 

In the following paragraphs, an overview is given of the various concepts and theory for 

modelling uncertainty in engineering design, in a qualitative manner. 
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2.3.2.B.iv. Overview of Fuzziness in Engineering Design Analysis 

 

In the real world there exists knowledge that is vague, uncertain, ambiguous or probabilistic in 

nature that is termed fuzzy knowledge. Human thinking and reasoning frequently involves fuzzy 

knowledge originating from inexact concepts and similar rather then identical experiences. In 

complex systems, it is very difficult to answer questions on system behaviour because they 

generally do not have exact answers. Qualitative reasoning in engineering design analysis 

attempts not only to give such answers, but also to describe their reality level, calculated from 

the uncertainty and imprecision of facts that are applicable. The analysis should also be able to 

cope with unreliable and incomplete information and with different expert opinions.  

 

Many commercial expert system tools or shells use different approaches such as certainty 

factors [Shortliffe E.H. 1976] and Bayesian models [Buchanan B.G. et al. 1984] to handle 

uncertainty in the knowledge or data, but they cannot cope with fuzzy knowledge, which 

constitutes a very significant part of the use of natural language in design analysis, particularly in 

the early phases of the engineering design process. Several computer automated systems such as 

FAULT [Whalen T. et al. 1982], FLOPS [Buckley J. et al. 1987], FLISP [Sosnowski Z.A. 1990], 

and CLIPS [Orchard R.A. 1998] support some fuzzy reasoning, though most of them are 

purposely built from high-level languages generally for a specific domain of application. 

 

Fuzziness and Probability: 

Probability and fuzziness are related but different concepts. Fuzziness is a type of deterministic 

uncertainty. It describes the event class ambiguity. Fuzziness measures the degree to which an 

event occurs, not whether it occurs. Probability arises from the question whether or not an event 

occurs, and assumes that the event class is crisply defined and that the law of non-contradiction 

holds. However, it would seem more appropriate to investigate the fuzziness of probability, 

rather than completely dismiss probability as a special case of fuzziness. In essence, whenever 

the outcome of an event is difficult to compute, a probabilistic approach may be used to estimate 

the likelihood of all possible outcomes belonging to an event class. Fuzzy probability extends the 

traditional notion of probability when there are outcomes that belong to several event classes at 

the same time, but to different degrees. Fuzziness and probability are orthogonal concepts that 

characterize different aspects of the same event experience [Bezdek J.C. 1993]. 
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a) Fuzzy Set Theory: 

 

Fuzziness occurs when the boundary of an element of information is not clear-cut. For example, 

concepts such as high, low, medium, or even reliable are fuzzy. As a simple example, there is no 

single quantitative value that defines the term young. For some people, age 25 is young, and for 

others, age 35 is young. In fact the concept young has no precise boundary. Age 1 is definitely 

young and age 100 is definitely not young; however, age 35 has some possibility of being young 

and usually depends on the context in which it is being considered. The representation of this 

kind of inexact information is based on the concept of fuzzy set theory [Zadeh L.A. 1965].  

 

Fuzzy sets are a generalisation of conventional set theory that was introduced as a mathematical 

way to represent vagueness in everyday life. Unlike classical set theory where one deals with 

objects whose membership to a set can be clearly described, in fuzzy set theory, membership of 

an element to a set can be partial, i.e. an element belongs to a set with a certain grade 

(possibility) of membership. Fuzzy interpretations of data structures, particularly during the 

initial stages of engineering design, are a very natural and intuitively plausible way to formulate 

and solve various design problems. Conventional (crisp) sets contain objects that satisfy precise 

properties required for membership. For example, the set of numbers H from 6 to 8 is crisp and 

can be defined as: 

    H  =  {r  R | 6  r  8}  

 

Equivalently, H is described by its membership (or characteristic) function (MF): 

 m H: R  { 0, l } defined as: 

 

   m H ( r ) = { 1   6  r  8} 

     = { 0  otherwise} 

 

Every real number ( r ) either is in H or is not. Since m H maps all real numbers r  R onto the 

two points (0, 1), crisp sets correspond to two-valued logic: is or isn't, on or off, black or white, 1 

or 0, etc. In logic, values of m H are called truth values with reference to the question: 

 

"Is r in H?" The answer is yes, if and only if, m H ( r ) = 1; otherwise, no. 
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Consider the set F of real numbers that are close to 7. Since the property "close to 7" is fuzzy, 

there is not a unique membership function for F. Rather, the decision must be made, based on the 

potential application and properties required for F, what m H should be. Properties that might 

seem plausible for F include; 

 

i)  normality 

(i.e. MF(7) = 1) 

ii)  monotonicity 

(the closer r is to 7, the closer m H ( r ) is to 1, and conversely) 

iii)  symmetry  

(numbers equally far left and right of 7 should have equal memberships).  

 

Given these intuitive constraints, functions that might usefully represent F are; mF1 which is 

discrete (represented by a staircase graph), or mF1 which is continuous but not smooth 

(represented by a triangle graph). One can easily construct a MF for F so that every number has 

some positive membership in F, but numbers “far from 7”, such as 100 would not be expected to 

be included. One of the greatest differences between crisp and fuzzy sets is that the former 

always have unique MFs, whereas every fuzzy set may have an infinite number of MFs. This is 

both a weakness and a strength in that uniqueness is sacrificed, but with a gain in flexibility, 

enabling fuzzy models to be "adjusted" for maximum utility in a given situation. 

 

In conventional set theory, sets of real objects, such as the numbers in H, are equivalent to, and 

isomorphically described by, a unique membership function such as m H. However, there is no 

set-theory equivalent of "real objects" corresponding to m F. Fuzzy sets are always functions, 

from a "universe of objects," say X, into [0, 1]. The fuzzy set is the function m F that carries X 

into [0, 1]. As defined, every function m : X  [0, 1] is a fuzzy set. While this is true in a formal 

mathematical sense, many functions that qualify on this ground cannot be suitably interpreted as 

realizations of a conceptual fuzzy set. In other words, functions that map X into the unit interval 

may be fuzzy sets, but become fuzzy sets when, and only when, they match some intuitively 

plausible semantic description of imprecise properties of the objects in X [Bezdek J.C. 1993]. 
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b) Formulation of Fuzzy Set Theory: 

 

Let X be a space of objects and x be a generic element of X. A classical set A, A  X, is defined 

as a collection of elements or objects x  X, such that each element (x) can either belong to the 

set A, or not. By defining a characteristic (or membership) function for each element x in X, a 

classical set A can be represented by a set of ordered pairs (x, 0), (x, 1), which indicates x  A 

or x  A, respectively [Jang J. et al. 1997].  

 

Unlike conventional sets, a fuzzy set expresses the degree to which an element belongs to a set. 

Hence the membership function of a fuzzy set is allowed to have values between 0 and 1, which 

denote the degree of membership of an element in the given set. Obviously, the definition of a 

fuzzy set is a simple extension of the definition of a classical (crisp) set in which the 

characteristic function is permitted to have any values between 0 and 1. If the value of the 

membership function is restricted to either 0 or 1, then A is reduced to a classical set. For clarity, 

classical sets are referred to as ordinary sets, crisp sets, non-fuzzy sets, or just sets. Usually X is 

referred to as the universe of discourse, or simply the universe, and it may consist of discrete 

(ordered or non-ordered) objects or it can be a continuous space.  

 

The construction of a fuzzy set depends on two requirements; the identification of a suitable 

universe of discourse, and the specification of an appropriate membership function. In 

practice, when the universe of discourse X is a continuous space, it is partitioned into several 

fuzzy sets whose MFs cover X in a more or less uniform manner. These fuzzy sets, which 

usually carry names that conform to adjectives appearing in daily linguistic usage, such as 

"large," "medium," or "small," are called linguistic values or linguistic labels. Thus, the universe 

of discourse X is often called the linguistic variable.  

 

The specification of membership functions is subjective, which means that the membership 

functions specified for the same concept by different persons may vary considerably. This 

subjectivity comes from individual differences in perceiving or expressing abstract concepts, and 

has little to do with randomness. Therefore, the subjectivity and non-randomness of fuzzy sets is 

the primary difference between the study of fuzzy sets and probability theory, which deals with 

objective treatment of random phenomena. 
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Fuzzy sets and membership functions: 

 If X is a collection of objects denoted generically by x, then a fuzzy set A in X is defined as a set 

of ordered pairs A = { ( x,  A(x) ) | x  X } where,  A(x) is called the membership function 

(or MF for short) for the fuzzy set A. The MF maps each element of X to a membership grade 

(or membership value) between 0 and 1 (included). 

 

More formally, a fuzzy set A in a universe of discourse U is characterized by the membership 

function: 

 

 A :  U [0, 1]  

 

It associates with each element x of U a number  A (x) in the interval [0, 1]. This represents the 

grade of membership of x in the fuzzy set A. For example, the fuzzy term young might be 

defined by the fuzzy set given in Table 2.3.2.a. [Orchard R.A. 1998]. 

Regarding equation 2.3.2.15 one can write: 

 

 young (25) = 1,  young (30) = 0.8, ... ,  young (50) = 0 

 

Grade of membership values constitute a possibility distribution of the term young. The table can 

also be graphically represented as in Figure 2.3.2.e. 

 

 

Age          Grade of Membership 

 

25       1.0 

30       0.8 

35       0.6 

40       0.4 

45      0.2 

50       0.0 

 

Table 2.3.2.a. Fuzzy Term young 

 

Eq. 2.3.2.15 



 108 

1.0 

 

        young  

 

 

 

 

  0.0   |   |   |   |   |   |   |   | 

10  20  30  40  50  60  70  80 

AGE 

 

 

Figure 2.3.2.e. Possibility distribution of young 

 

The possibility distribution of a fuzzy concept like somewhat young or very young can be 

obtained by applying arithmetic operations to the fuzzy set of the basic fuzzy term young, where 

the modifiers somewhat and very are associated with specific mathematical functions. For 

example, the possibility values of each age in the fuzzy set representing the fuzzy concept 

somewhat young might be calculated by taking the square root of the corresponding possibility 

values in the fuzzy set of young as illustrated in Figure 2.3.2.f. These modifiers are commonly 

referred to as hedges.  
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Figure 2.3.2.f. Possibility distribution of somewhat young 
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A modifier may be used to further enhance the ability to describe fuzzy concepts. Modifiers 

(very, slightly, etc.) used in phrases such as very hot or slightly cold, change (modify) the shape 

of a fuzzy set in a way that suits the meaning of the word used. 

 

A typical set of predefined modifiers [Orchard R.A. 1998] that can be used to describe fuzzy 

concepts in fuzzy terms, fuzzy rule patterns, or fuzzy facts is given in Table 2.3.2.b. 

 

 

Modifier Name   Modifier Description 

 

not     1-y 

very     y**2 

somewhat    y**0.333 

more-or-less    y**0.5 

extremely    y**3 

intensify   (y**2) if y in [0, 0.5] 

     1 - 2(1-y)**2 if y in (0.5, 1] 

plus     y**1.25 

norm     normalizes the fuzzy set so that the 

     maximum value of the set is scaled 

     1.0 ( y = y*1.0/max-value ) 

slightly intensify  ( norm (plus A AND not very A)) 

    = norm (y**1.25 AND 1 - y**2) 

 

      Table 2.3.2.b. Modifiers (Hedges) and Linguistic Expressions 
 

 

These modifiers change the shape of a fuzzy set using mathematical operations on each point of 

the set. In the above table the variable y represents each membership value in the fuzzy set, and 

A represents the entire fuzzy set (i.e. the term very A applies the very modifier to the entire set  

and y**2 squares each membership value). When a modifier is used in descriptive expressions, it 

can be used in upper or lower case (i.e. NOT or not). 
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c) Uncertainty: 

 

Uncertainty occurs when one is not absolutely sure about an element of information. The degree 

of uncertainty is usually represented by a crisp numerical value on a scale from 0 to 1, where a 

certainty factor of 1 indicates that the assessment of a particular fact is very certain that the fact 

is true, and a certainty factor of 0 indicates that the assessment is very uncertain that the fact is 

true. A fact is composed of two parts; the statement of the fact in non-fuzzy reasoning, and its 

certainty factor. Only facts have associated certainty factors. In general a factual statement takes 

the following form: 

(fact) {CF certainty factor} 

 

The CF acts as the delimiter between the fact and the numerical certainty factor and the brackets 

{ } indicates an optional part of the statement. For example, (pressure high) {CF 0.8} is a fact 

that indicates a particular system attribute of pressure will be high with a certainty of 0.8. 

However, if the certainty factor is omitted, as in a non-fuzzy fact, (pressure high) then the 

assumption is that the pressure will be high with a certainty of 1 (or 100%). The term high in 

itself is fuzzy and relates to a  fuzzy set. The fuzzy term high also has a certainty qualification 

through its certainty factor. Thus uncertainty and fuzziness can occur simultaneously. 

 

d) Fuzzy Inference: 

 

Expression of fuzzy knowledge is primarily through the use of fuzzy rules. However, there is no 

unique type of fuzzy knowledge, nor is there only one kind of fuzzy rule. It is pointed out that 

the interpretation of a fuzzy rule dictates the way the fuzzy rule should be combined in the 

framework of fuzzy sets and possibility theory [Dubois D. et al. 1994]. The various kinds of 

fuzzy rules that can be considered (certainty rules, gradual rules, possibility rules, etc.) have 

different fuzzy inference behaviours, and correspond to various applications. Rule evaluation 

depends on a number of different factors, such as whether or not fuzzy variables are found in the 

antecedent or consequent part of a rule; whether a rule contains multiple antecedents or 

consequents, or whether a fuzzy fact being asserted has the same fuzzy variable as an already 

existing fuzzy fact (global contribution). The representation of fuzzy knowledge through fuzzy 

inference needs to be briefly investigated for inclusion in engineering design analysis. 
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e) Simple Fuzzy Rules:  

 

Algorithms for evaluating certainty factors (CF) and simple fuzzy rules are first considered, such 

as the simple rule of form: 

if A then C   CF r 

   CF f 

--------------------------------- 

C    CF c 
 

Where:    A  is the antecedent of the rule 

 is the matching fact in the fact database 

C  is the consequent of the rule 

C is the actual consequent calculated 

CF r   is the certainty factor of the rule 

CF f   is the certainty factor of the fact 

CF c   is the certainty factor of the conclusion 

 

Three types of simple rules are defined: CRISP_ , FUZZY_CRISP, and FUZZY_FUZZY. If the 

antecedent of the rule does not contain a fuzzy object, then the type of rule is CRISP_ regardless 

of whether or not a consequent contains a fuzzy fact. If only the antecedent contains a fuzzy fact, 

then the type of rule is FUZZY_CRISP. If both antecedent and consequent contain fuzzy facts, 

then the type of rule is FUZZY_FUZZY. 

 

CRISP_ Simple Rule 

If the type of rule is CRISP_ , then must be equal to A in order for this rule to validate (or fire 

in computer algorithms). This is a non-fuzzy rule (actually A would be a pattern and would 

match the pattern specification, but for simplicity, patterns are not dealt with here. In this case 

the conclusion Cis equal to C, and: 

 

CF c    =  CF r * CF f  

 

Eq. 2.3.2.16 
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FUZZY_CRISP Simple Rule: 

If the type of rule is FUZZY_CRISP, then must be a fuzzy fact with the same fuzzy variable 

as specified in A for a match. In addition, values of the fuzzy variables A and asrepresented 

by the fuzzy sets Fand Fdo not have to be equal. For a FUZZY_CRISP rule, the 

conclusion Cis equal to C, and: 

 

CF c    =  CF r * CF f * S 

 

S is a measure of similarity between the fuzzy sets F (determined by the fuzzy pattern A), and 

F(of the matching fact ). The measure of similarity S is based upon the measure of 

possibility P and the measure of necessity N. It is calculated according to the following formula: 

 

S   =   P ( F | F )  if N (F | F ¢) > 0.5 

 

   S   =  ( N ( F | F ) + 0.5) * P ( F | F )   otherwise 

Where u  U: 

 P ( F F   max (min ( 
F 

 u
F 

 u  

 

(min is the minimum and max is the maximum so that max(min(a, b)) would represent the 

maximum of all the minimums between pairs a and b) [Cayrol M. et al. 1982], and: 

 

N ( F F   1 - P ( F F  

 

F is the complement of F described by the following membership function: 

 

 u  U 
F  

( u ) = 1 - 
F 

 ( u )

Eq. 2.3.2.17 

Eq. 2.3.2.18 

Eq. 2.3.2.19 

Eq. 2.3.2.20 
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Therefore, if the similarity between the fuzzy sets associated with the fuzzy pattern (A) and the 

matching fact () is high, the certainty factor of the conclusion is very close to CFr * CFf  since 

S will be close to 1. If the fuzzy sets are identical then S will be 1 and the certainty factor of the 

conclusion will equal CFr * CFf  . If the match is poor then this is reflected in a lower certainty 

factor for the conclusion. Note also that if the fuzzy sets do not overlap, then the similarity 

measure would be zero and the certainty factor of the conclusion would be zero as well. In this 

case the conclusion should not be asserted and the match would be considered to have failed with 

the outcome that the rule is not to be considered [Orchard R.A. 1998]. 

 

FUZZY_FUZZY Simple Rule: 

If the type of rule is FUZZY_FUZZY, and the fuzzy fact and antecedent fuzzy pattern match in 

the same manner as discussed for a FUZZY_CRISP rule, then it can be shown that the 

antecedent and consequent of such a rule are connected by the fuzzy relation [Zadeh L.A. 1973]: 

 

R  =  F * F c 

 

Where:    F  = fuzzy set denoting the value of the fuzzy antecedent pattern 

F c   = fuzzy set denoting the value of the fuzzy consequent 

 

The membership function of the relation R is calculated according to the formula: 

 

R ( u, v )  =  min ( 
F 

( u ), 
F c

 ( v ))  



      ( u v ) U  V 

 

The calculation of the conclusion is based upon the compositional rule of inference which can be 

described as follows [Zadeh L.A. 1975]: 

 

F c  =  F R 

 

Eq. 2.3.2.21 

Eq. 2.3.2.22 

Eq. 2.3.2.23 
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F c is a fuzzy set denoting the value of the fuzzy object of the consequent. The membership 

function of F c is calculated as follows [Chiueh T. 1992]: 

 


F c

 v =  max u  Umin ( 
F 

 u, 
R

 ( u v ) ))


 

Which may be simplified to: 

 

   
F c

 v =  min ( z, 
F c

 v 

 

Where: 

    z  =  max min ( 
F 

 u, 
F 

 u)) 

 

The certainty factor of the conclusion is calculated according to the formula: 

 

CF c  =  CF r * CF f  

 

f) Complex Fuzzy Rules:  

 

Multiple Consequents: 

The consequent part of a fuzzy rule may only contain multiple patterns (C1, C2, . . . Cn), which 

are treated as multiple rules with a single consequent.  

 

Thus the following rule; 

if Antecedents then C 1 and C 2 and ... and C n 

 

is equivalent to the following rules: 

 

if Antecedents then C 1 

if Antecedents then C 2 

... 

if Antecedents then C n 

 

Eq. 2.3.2.24 

Eq. 2.3.2.25 
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Multiple Antecedents: 

From the above, it is clear that only the problem of multiple patterns in the antecedent with a 

single assertion in the consequent needs to be considered. If the consequent assertion is not a 

fuzzy fact, no special treatment is needed since the conclusion will be the crisp (non-fuzzy) fact. 

However, if the consequent assertion is a fuzzy fact, the fuzzy value is calculated using the 

following algorithm [Whalen T. et al. 1983]. 

 

If the logical term; and is used: 

 

if A1 and A2 then C   CF r 

A 1     CF f 1 

A 2     CF f 2 

-------------------------------------------- 

C    CF c 

 

A1and A2are facts (crisp or fuzzy), that match the antecedents A1 and A2 respectively. In this 

case the fuzzy set describing the value of the fuzzy assertion in the conclusion is calculated 

according to the formula: 

 

F c  =  F c 1 F c 2 

 

Where denotes the intersection of two fuzzy sets in which a membership function of a fuzzy 

set C, which is the intersection of fuzzy sets A and B is defined by the following formula: 

 

 
 C

 x =  min ( 
 A

 x, 
 B
 x, for x U 

And; 

Fc1 is the result of fuzzy inference for the fact A1and the simple rule; if A1 then C 

Fc2 is the result of fuzzy inference for the fact A2and the simple rule; if A2 then C 

 

Eq. 2.3.2.26 

Eq. 2.3.2.27 
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g) Global Contribution: 

 

In non-fuzzy knowledge, a fact is asserted with specific values. If the fact already exists, then the 

approach would be as if the fact was not asserted (unless fact duplication is allowed). In such a 

crisp system there is no need to reassess the facts in the system - once they exist, they exist 

(unless certainty factors are being used; then the certainty factors are modified to account for the 

new evidence). In a fuzzy system however, refinement of a fuzzy fact may be possible. Thus, in 

the case where a fuzzy fact is asserted, this fact is treated as contributing evidence towards the 

conclusion about the fuzzy variable (it contributes globally). If information about the fuzzy 

variable has already been asserted, then this new evidence (or information) about the fuzzy 

variable is combined with the existing information in the fuzzy fact. The concept of restrictions 

on fact duplication for fuzzy facts, therefore, does not apply as it does for non-fuzzy facts. There 

are many readily identifiable methods of combining evidence. In this case, the new value of the 

fuzzy fact is calculated according to the formula: 

 

F g  =  F f  F c 

 

Where:    F g is the new value of the fuzzy fact 

F f  is the existing value of the fuzzy fact 

F c is the value of the fuzzy fact to be asserted 

 

Where denotes the union of two fuzzy sets in which a membership function of a fuzzy set C, 

which is the union of fuzzy sets A and B is defined by the following formula: 

 

 
 C

 x =  max ( 
 A

 x, 
 B
 x, for x U   

 

The uncertainties are also aggregated to form an overall uncertainty. Basically, two uncertainties 

are combined, using the following formula: 

 

CF g  =  maximum(CF f , CF c ) 

 

Eq. 2.3.2.28 

Eq. 2.3.2.30 

Eq. 2.3.2.29 
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Where:    CF g  is the combined uncertainty 

CF f  is the uncertainty of the existing fact 

CF c is the uncertainty of the asserted fact 

 

2.3.2.B.v. Fuzzy Logic and Fuzzy Reasoning 

 

The use of fuzzy logic and fuzzy reasoning methods are becoming more and more popular in 

intelligent information systems [Ryan M. et al. 1994; Yen J. et al. 1995]; in hyper-knowledge 

support systems [Carlsson C. et al. 1995a, b, c]; in knowledge formation processes within 

knowledge-based systems [Walden P. et al. 1995]; and in active decision support systems 

[Brännback M. et al. 1997]. 

 

a) Linguistic Variables: 

 

As indicated in Paragraph 2.3.2.B. iv), the use of fuzzy sets provides a basis for the manipulation 

of vague and imprecise concepts. Fuzzy sets were introduced by Zadeh [Zadeh L.A. 1975] as a 

means of representing and manipulating imprecise data, and in particular, fuzzy sets can be used 

to represent linguistic variables. A linguistic variable can be regarded either as a variable whose 

value is a fuzzy number, or as a variable whose values are defined in linguistic terms, such as 

failure modes, failure effects, failure consequences and failure causes in FMEA and FMECA. 

A linguistic variable is characterized by a quintuple: 

 

( x, T ( x ), U, G, M ) 

 

Where:     x is the name of the linguistic variable;  

T ( x ) is the term set of x , that is, the set of names of  

linguistic values of x with each value being a fuzzy  

number defined on  U;  

G is a syntactic rule for generating the names of values of x;  

M is a semantic rule for associating with each value its meaning. 

 

Eq. 2.3.2.31 
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For example, if pressure in a process design is interpreted as a linguistic variable, then its term 

set T (pressure) could be T = { very low, low, moderate, high, very high, more or less high, 

slightly high, . . . } where each term in T (pressure) is characterized by a fuzzy set in a universe 

of discourse U = [ 0 ,300 ] or whatever unit of measure the variable pressure might have.  

 

We might interpret:  low as “a pressure below about 50 psi” 

moderate as “a pressure close to 120 psi” 

high as “a pressure close to 190 psi” 

very high as “a pressure above about 260 psi” 

 

These terms can be characterized as fuzzy sets whose membership functions are: 

 

 

1     if p  50 

low ( p )  = 1 - ( p – 50 ) / 70   if 50  p 120 

0    otherwise 

 

moderate  ( p )  = 1 - | p – 120 | / 140   if 50  p  190 

0     otherwise 

 

high  ( p )  = 1 - | p – 190 | / 140   if 120  p  260 

0     otherwise 

 

1     if p  260 

very high ( p )  = 1 - ( 260 - p ) / 140   if 190  p  260 

0     otherwise 

 

 

The term set T (pressure) given by the above linguistic variables; 

T(pressure) = { low ( p ), moderate  ( p ), high  ( p ), very high ( p ) } 



 119 

and the related fuzzy sets, can be represented by the mapping illustrated in Figure 2.3.2.g. 

 

  low           moderate   high   very high  

1 

 

 

 

 

   0      50      120      190     260    pressure 

 

Figure 2.3.2.g. Values of Linguistic Variable pressure 

 

A mapping can be formulated as; 

 

T : [ 0, 1 ] × [ 0, 1 ]    [ 0, 1 ] 

 

which is a triangular norm (t-norm for short) if it is symmetric, associative, and non-decreasing 

in each argument, and T ( a, 1) = a , for all a  [ 0, 1 ]. The mapping formulated by: 

 

S : [ 0, 1 ] × [ 0, 1 ]    [ 0, 1 ] 

 

is a triangular co-norm (t-conorm for short) if it is symmetric, associative, and non-decreasing in 

each argument, and S (a, 0) = a , for all a  [ 0 ,1 ]. 

 

b) Translation Rules: 

 

In 1979, Zadeh introduced a number of translation rules which allows for the representation of 

some common linguistic statements in terms of propositions (or premises). These translation 

rules are expressed in the following formalism [Zadeh L.A. 1979]: 

 

Main Premise  i.e. x is A  i.e. x is an element of set A 

Helping Premise  x is B   x is an element of set B 
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Conclusion   x is A  B  x is an element of intersection A and B  

 

Some of these translation rules are described below: 

 

Entailment rule:  x is A  pressure is very low 

A  B  very low  low 

  
x is B  pressure is low 

 

Conjunction rule:  x is A  pressure is not very high 

x is B  pressure is not very low 

  

x is A  B pressure is not very high and not very low 

 

Disjunction rule:  x is A  pressure is not very high 

or x is B or pressure is not very low 

  

x is A   B pressure is not very high or not very low 

 

Projection rule:  ( x, y ) have relation R ( x, y ) have relation R 

  

x is   X ( R )   y is  Y ( R ) 

 

Where;  X is a possibility measure defined on a finite propositional 

language and R is a particular rule-base (defined later). 

 

Negation rule:  not ( x is A )  not ( x is high ) 

   

x is ¬A  x is not high 

 

 

c) Fuzzy Logic: 

 

Prior to reviewing fuzzy logic, some consideration must first be given to crisp logic, especially 

on the concept of implication, in order to understand the comparable concept in fuzzy logic. 

Rules are a form of propositions. A proposition is an ordinary statement involving terms which 
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have been defined, e.g. "The failure rate is low". Consequently, the following rule can be stated: 

"IF the failure rate is low, THEN the equipment's reliability can be assumed to be high."  

 

In traditional propositional logic, a proposition must be meaningful to call it "true" or "false," 

whether or not we know which of these terms properly applies. Logical reasoning is the process 

of combining given propositions into other propositions, and then doing this over and over again. 

Propositions can be combined in many ways, all of which are derived from three fundamental 

operations: conjunction denoted p  q where we assert the simultaneous truth of two separate 

propositions p and q; disjunction denoted p  q where we assert the truth of either or both of two 

separate propositions; and implication denoted p  q which takes the form of an IF-THEN rule. 

The IF part of an implication is called the antecedent, whereas the THEN part is called the 

consequent. In addition to generating propositions using conjunction, disjunction or implication, 

a new proposition can be obtained from a given one by prefixing the clause “it is false that …”. 

This is the operation of negation (~p). Additionally, p  q is the equivalence relation; it means 

that p and q are both true or false. [Bezdek J.C. 1993]. 

 

In traditional propositional logic, unrelated propositions are combined into an implication, and 

no cause or effect relation is assumed to exist. This results in fundamental problems when 

traditional propositional logic is applied to engineering design analysis, such as in a diagnostic 

FMECA, where cause and effect are definite (i.e. causes and effects inevitably occur). In 

traditional propositional logic an implication is said to be true if one of the following holds: 

 

1) (antecedent is true, consequent is true),  

2) (antecedent is false, consequent is false),  

3) (antecedent is false, consequent is true).  

 

The implication is said to be false when: 

4) (antecedent is true, consequent is false).  

 

Situation 1) is familiar from common experience. Situation 2) is also reasonable, for if we start 

from a false assumption we expect to reach a false conclusion, however, intuition is not always 

reliable. We may reason correctly from a false antecedent to a true consequent hence, a false 

antecedent can lead to a consequent which is either true or false, and thus both situations 2) and 
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3) are acceptable in traditional propositional logic. Finally, situation 4) is in accordance with 

intuition, for an implication is clearly false if a true antecedent leads to a false consequent.  

 

A logical structure is constructed by applying the above four operations to propositions. The 

objective of a logical structure is to determine the truth or falsehood of all propositions that can 

be stated in the terminology of this structure. A truth table is very convenient for showing 

relationships between several propositions. The fundamental truth tables for conjunction, 

disjunction, implication, equivalence and negation are collected together in Table 2.3.2.c. in 

which symbol T means that the corresponding proposition is true, and symbol F that it is false. 

The fundamental axioms of traditional propositional logic are:  

 

1) Every proposition is either true or false, but not both true and false. 

2) The expressions given by defined terms are propositions. 

3) Conjunction, disjunction, implication, equivalence, and negation. 

 

 Using truth tables, many interpretations of the preceding translation rules can be derived. 

 

A tautology is a proposition formed by combining other propositions, which is true regardless of 

the truth or falsehood of the forming propositions. The most important tautologies are: 

 

( p  q )  ~ [ p  (~q) ]  (~p)  q 

 

These tautologies can be verified by substituting all the possible combinations for p and q and 

verifying how the equivalence always holds true. The importance of these tautologies is that they 

express the membership function for p  q in terms of membership functions of either 

propositions p and ~ q or ~ p and q. Thus giving the following: 

 

 p  q ( x, y )  =  1 -  p  q ( x, y )  

=  1 – min {  p ( x ), 1 -  q ( y ) } 

   p  q ( x, y )  =   p  q ( x, y )  

=  1 – max { 1 -  p ( x ),  q ( y ) } 

 

Eq. 2.3.2.32 

Eq. 2.3.2.33 

Eq. 2.3.2.34 
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Instead of min and max, the product and algebraic sum for intersection and union may be 

respectively used. The two equations can be verified by substituting 1 for true and 0 for false. 

 

     p        q  p  q  p  q  p  q  p  q  ~ p 

 

    T        T        T     T      T      T    F 

 T        F     F     T      F      F    F 

 F        T     F     T      T      F    T 

 F        F     F     F      T      T    T 

 

Table 2.3.2.c. Truth Table Applied to Propositions 

 

In traditional propositional logic there are two very important inference rules, modus ponens 

and modus tollens. 

 

Modus Ponens:  

Premise 1: "x is A"; Premise 2: "IF x is A THEN y is B", Consequence: "y is B". Modus ponens 

is associated with the implication "A implies B." In terms of propositions p and q, modus ponens 

is expressed as: 

 

     ( p  ( p  q ))  q 

 

Modus Tollens:  

Premise 1: "y is not B"; Premise 2: "IF x is A THEN y is B"; Consequence: "x is not A". In terms 

of propositions p and q, modus tollens is expressed as: 

 

((~q)  ( p  q ))  (~p) 

 

Modus ponens plays a central role in engineering applications such as control logic, due in large 

part to its basic consideration of cause and effect.  

 

Eq. 2.3.2.35 

Eq. 2.3.2.36 
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Modus tollens has in the past not featured in engineering applications, and has only recently been 

applied to engineering analysis logic such as in engineering design analysis with the application 

of FMEA and FMECA. 

 

Although traditional fuzzy logic borrows notions from crisp logic, it is not adequate for 

engineering applications of fuzzy control logic, because cause and effect is the cornerstone of 

modelling in engineering control systems, whereas in traditional propositional logic it is not. 

Ultimately, this has prompted a re-definition of fuzzy implication operators for engineering 

applications of fuzzy control logic. An understanding of why the traditional approach fails in 

engineering is essential. The extension of crisp logic to fuzzy logic is made by replacing the 

bivalent membership functions of crisp logic with fuzzy membership functions.  

 

Thus, the IF-THEN statement; 

 

"IF x is A, THEN y is B"  where x  X and y  Y 

 

has a membership function: 

 

 p  q ( x, y )  [0, 1] 

 

Note that  p  q ( x, y ) measures the degree of truth of the implication relation between x and 

y. This membership function can be defined as for the crisp case. In fuzzy logic, Modus Ponens 

is extended to a generalized modus ponens. 

 

Generalized modus ponens: Premise 1: “x is A*”; Premise 2: “IF x is A THEN y is B”; 

Consequence: “y is B*”. The difference between modus ponens and generalized modus ponens 

is subtle, namely the fuzzy set A* is not necessarily the same as rule antecedent fuzzy set A, and 

fuzzy set B* is not necessarily the same as rule consequent B. 

 

d) Fuzzy Implication: 

 

Eq. 2.3.2.37 
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Classical set theory operations can be extended from ordinary set theory to fuzzy sets. All those 

operations which are extensions of crisp concepts reduce to their usual meaning when the fuzzy 

subsets have membership degrees that are drawn from the set { 0, 1 }. For this reason, when 

extending operations to fuzzy sets, the same symbols are used as in set theory.  

 

For example, let A and B be fuzzy subsets of a nonempty (crisp) set X. 

 

The intersection of A and B is defined as: 

 

( A  B ) ( t )   =  T ( A ( t ), B ( t )) = A ( t )  B ( t ) 

   

Where:    denotes the Boolean conjunction operation 

(i.e. A ( t )  B ( t ) = 1 if A ( t )  = B ( t ) = 1  

and A ( t )  B ( t )  = 0 otherwise) 

Conversely; 

denotes a Boolean disjunction operation 

(i.e. A ( t )  B ( t ) = 0 if A ( t )  = B ( t ) = 0  

and A ( t )  B ( t ) = 1 otherwise), 

    This will be considered more closely later. 

 

And:    T is a t-norm. If T = min then we get; 

( A  B ) ( t ) = min {A ( t ), B ( t ) }  for all t  X. 

 

If a proposition of the form “u is A” where A is a fuzzy set, for example, “high pressure” and a 

proposition of the form “v is B” for example, “small volume”, then the membership function of 

the fuzzy implication A    B is defined as: 

 

( A    B ) ( u, v ) = f (A ( u ), B ( v ))  

 

Where f is a specific function relating u to v. The following notation is used: 

 

Eq. 2.3.2.39 

Eq. 2.3.2.40 

Eq. 2.3.2.38 
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 ( A    B ) ( u, v ) = A ( u )    B ( v )  

 

A ( u ) is considered as the truth value of the proposition “u is high pressure”, and B ( v ) is 

considered as the truth value of the proposition “v is small volume”. 

 

e) Fuzzy Reasoning: 

 

We now turn our attention to the research of Dubois and Prade, [Dubois D. et al. 1992a, b, c] 

about representation of the different kinds of fuzzy rules in terms of fuzzy reasoning on 

certainty and possibility qualifications, and in terms of graduality. 

 

Certainty rules: 

This first kind of implication-based fuzzy rule corresponds to fuzzy reasoning statements of the 

form; "the more x is A, the more certain y lies in B". Interpretation of this rule gives: 

 

"u, if x = u, it is at least 
A

(u) certain that y lies in B" 

 

The degree 1 – 
A

(u) assesses the possibility that y is outside of B when x = u, since the more x 

is A, the less possible y lies outside B, and the more certain y lies in B. In this case, the certainty  

of an event corresponds to the impossibility of the contrary event.  

The conditional possibility distribution of this rule is: 

 

u U, v V  y | x  ( v, u )  max ( 1 – 
 A

( u ) ,  
 A

( v )) 

 

Where:    is the conditional possibility distribution that y relates to x 

 

In the particular case where A is an ordinary subset, Eq. 2.3.2.41.  yields: 

 

u A   y | x  ( v, u )   
 B

( v ) 

Eq. 2.3.2.41 
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u A   y | x  ( v, u )  is completely unspecified. 

 

This corresponds to the implication-based modelling of a fuzzy rule with a non-fuzzy condition. 

 

 

Gradual rules:  

This second kind of implication-based fuzzy rule corresponds to fuzzy reasoning statements of 

the form; "the more x is A, the more y is B". Statements involving "the less" in place of "the 

more" are easily obtained by changing A (or B) into its complement Ā, due to the equivalence
 

between "the more x is A" and "the less x is Ā" (with Ā = 1 – A ).  

 

More precisely, the intended meaning of a gradual rule can be understood in the following way: 

"the greater the degree of membership of the value of x to the fuzzy set A and the more the value 

of y is considered to be in relation (in the sense of the rule) with the value of x, the greater the 

degree of membership to the value of y should be to B", i.e.: 

 

u U  min ( 
 A

 ( u ) ,   y | x ( v, u ))  
 B

 ( v ) 

 

 

Possibility rules:  

This kind of conjunction-based fuzzy rule corresponds to fuzzy reasoning statements of the 

form "the more x is A, the more possible B is a range for y". Interpretation of this rule gives: 

 

"u, if x = u, it is at least 
 A

( u ) possible that B is a range for y" 

This yields the conditional possibility distribution   y | x ( u )  representing the rule when x = u: 

 

u U, v V min ( 
 A

 ( u ) ,  
 B

 ( v ))   y | x ( v, u ) 

 

Then the degree of possibility of the values in B is lower bounded by 
 A

( u ), and the values in 

Eq. 2.3.2.42 

Eq. 2.3.2.43 

Eq. 2.3.2.44 
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B are considered as possible values for y at least at the degree 
 A

( u ).  

 

 

 

 

2.3.2.B.vi. Theory of Approximate Reasoning 

 

Zadeh first introduced the theory of approximate reasoning [Zadeh L.A. 1979]. This theory 

provides a powerful framework for reasoning in the face of imprecise and uncertain information, 

typically such as for engineering design. Central to this theory is the representation of 

propositions as statements assigning fuzzy sets as values to variables. For example, suppose we 

have two interactive variables x  X and y  Y and the causal relationship between x and y is 

known. In other words, we know that y is a function of x, that is y = f (x ) then the following 

inferences can be made: 

 “ y = f ( x ) ”  &  “ x = x 1 ”      ” y = f ( x 1 ) ”. 

 

This inference rule states that if we have y = f ( x ), for all x  X and we observe that x = x 1 

then y takes the value f ( x 1 ). More often than not we do not know the complete causal link f 

between x and y, and only the values f ( x ) for some particular values of x are known, that is: 

 

R i :  If x = x i  then y = y i , for i = 1 , . . . , m . 

 

Where R i is a particular rule-base in which the values of x i  ( i = 1 , . . . , m ) are known. 

Suppose that we are given an x  X and want to find a y  Y which corresponds to x under the 

rule-base R = {R i , . . . , R m } then this problem is commonly approached through 

interpolation. 

 

  Y 

           y = f ( x ) 

Eq. 2.3.2.45 
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y = f ( x ’)  __ __ __ __ __ __ __ __ __ 
        | 

         | 

         | 

         | 

                x = x’      X 

Figure 2.3.2.h. Simple Crisp Inference 

 

Let x and y be linguistic variables, e.g. “x is high” and “y is small”. The basic problem of 

approximate reasoning then, is to find the membership function of the consequence C from the 

stated rule-base R = {R i  , . . . , R n } and the fact A, where R i is of the form: 

 

R i :  If x is A i  then y is C i 

 

In fuzzy logic and approximate reasoning, the most important fuzzy implication inference rule is 

the generalized modus ponens (GMP) [Fullér R. 1999]. As previously indicated, the classical 

modus ponens inference rule states: 

 

premise   if p then q 

fact    p 

   
consequence      q 

 

This inference rule can be interpreted as: If p is true and p  q ( p implicates q) is true then q is 

true. The fuzzy implication inference  is based on the compositional rule of inference for 

approximate reasoning, which states [Zadeh L.A. 1973]: 

 

Premise  if x is A then   y is B 

fact    x is A′ 
 

consequence:      y is B′ 
 

In addition to the phrase "modus ponens" (where modus ponens  method of argument), there 

are other special terms in approximate reasoning for the various features of these arguments. The 

"If... Then" premise is called a conditional, and the two claims are similarly called the 

antecedent and the consequent where:  

Eq. 2.3.2.46 
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Main Premise  <antecedent> 

Helping Premise If <antecedent> then <consequent> 

 
Conclusion  <consequent> 

 

The valid connection between a premise and a  conclusion is known as deductive validity. 

 

From the classical modus ponens inference rule, the consequence B′ is determined as a 

composition of the fact and the fuzzy implication operator B′ = A′  (A  B ). Thus: 

 

For all v V:  B′ ( v )  =  sup   min { A′ ( u ), ( A  B ) ( u, v ) }   

   u  U 

 

Where:    sup  = the fuzzy relations composition operator 
   u  U 

 

Instead of the fuzzy sup-min composition operator, the sup-T composition operator may be used, 

where T is a t-norm: 

 

For all v  V:   B′ ( v )  =  sup  T ( A′ ( u ), ( A  B ) ( u, v ))  

    u  U 

 

Use of the t-norm operator comes from the crisp max-min and max-prod compositions, where 

both min and prod are t-norms. This corresponds to the product of matrices as the t-norm is 

replaced by the product, and sup is replaced by the sum. It is clear that T cannot be chosen 

independently of the implication operator. Suppose that A , B and A′ are fuzzy numbers, then the 

generalized modus ponens should satisfy some rational properties, some of which are given as:  

 

Property 1:  Basic property: 

 

if x is A then  y is B      if pressure is high then  volume is small 

   x is A          pressure is high 

       
y is B             volume is small 

 

 

Eq. 2.3.2.47 

Eq. 2.3.2.48 
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Figure 2.3.2.i.(i) Basic Property A′= A      Figure 2.3.2.i.(ii) Basic Property B′= B 

 

Property 2: Total Indeterminance: 

 

if x is A then  y is B  if pressure is high then  volume is small 

   x is ¬A      pressure is not high 

        
                                               y is unknown           volume is unknown 

 

Where:  x is ¬A means that x being an element of A is impossible (defined later). 

 

The t-norms are represented as: 

 

       ¬A         ¬B 

 

    ¬ A′        ¬ B′ 
 

 

 

Figure 2.3.2.j.(i) Total Indeterminance       Figure 2.3.2.j.(ii) Total Indeterminance 

 

Property 3: Subset: 

 

if x is A  then y is B if pressure is high then  volume is small 

x is A′   A      pressure is very high  

       
y is B      volume is small 

 

Where:  x is A′   A means x is an element of the subset of A′ with A 

 

       ¬A                B = B′ 
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   ¬ A′           

 

 

 

Figure 2.3.2.k.(i) Subset Property             Figure 2.3.2.k.(ii) Subset Property 

 

 

2.3.2.B.vii. Overview of Possibility Theory 

 

The basic concept of possibility theory, introduced by Zadeh is to use fuzzy sets that no longer 

simply represent the gradual aspect of vague concepts such as ‘high’, but also represent 

incomplete knowledge subject to uncertainty [Zadeh L.A. 1979]. In such a situation the fuzzy 

variable ‘high’ represents the only information available on some parameter value (such as 

pressure). In possibility theory, uncertainty is described using dual possibility and necessity 

measures defined as follows: [Dubois D. et al. 1988].  

 

A possibility measure defined on a finite propositional language and valued on [0, 1], satisfies 

the following axioms: 

a)   ( ) = 0;   ( T ) = 1 

b)  p, q,  ( p q ) = max (  ( p ), ( q )) 

c)  if p is equivalent to q then  ( p ) =  ( q ) 

 

Where; and T denote respectively the ever-false proposition (contradiction) and 

the ever-true proposition (tautology) respectively.  

 

   p denotes “for all p” and q denotes “for all q”, and; 

   denotes a Boolean disjunction operation (i.e. p q = 0 if p = q = 0 and 

p q = 1 otherwise), and conversely, denotes the Boolean conjunction 

operation (i.e. p q = 1 if p = q = 1 and p q = 0 otherwise) 
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Axiom b) means that p q is possible as soon as one of p or q is possible, 

including the case when both are so. 

 

 ( p ) = 1 means that p is to be expected but not that p is sure since: 

 ( p ) = 1 is compatible with  ( ¬p ) = 1 as well.  

On the contrary  ( p ) = 0 implies  ( ¬p ) = 1.  

   Where ¬p means that p is impossible.  

 

a) Deviation of Possibility Theory from Fuzzy Logic: 

 

It must be emphasised that only; 

 

      ( p q ) min (  ( p ), ( q ))  

 

holds in the general case, since p q is rather impossible (e.g. if q = ¬p, p q is , which is 

impossible) while p as well as q may remain somewhat possible under a state of incomplete 

information. More generally,  ( p q ) is not a function of  ( p ) and  ( q ) only. This 

completely departs from fully truth functional multiple-valued calculi which is referred to as 

fuzzy logic [Lee R.C.T. 1972], where the truth of vague propositions is a matter of degree. In 

possibility theory a necessity measure N is associated by duality with a possibility measure  

such that: 

p, N ( p ) = 1 –  ( ¬p ) 

 

It means that p is all the more certain as ¬p is impossible. Axiom b) is then equivalent to: 

 

p, q, N ( p q ) = min ( N ( p ), N ( q )) 

 

This means that for being certain about p q, we should be both certain of p and certain of q, 

and that the level of certainty of p q is the smallest level of certainty attached to p and to q. 

Note that: 

N ( p ) > 0  ( ¬p ) < 1  ( p ) = 1  

Eq. 2.3.2.49 

Eq. 2.3.2.50 

Eq. 2.3.2.51 

Eq. 2.3.2.52 



 134 

 

Since:     max (  ( p ), ( ¬p )) =  ( p ¬p ) =  ( T ) = 1 

 

And:    N ( p q ) max ( N ( p ), N ( q )) 

 

This means that we may be somewhat certain of the imprecise statement p q without being at 

all certain that p is true or that q is true.  

 

The following conventions are adopted in possibility theory where the possible values of the pair 

of necessity and possibility measures (N,) are represented:  

 

 ( p ) = max [  p ]  () 

 

Where:     ( p ) is the possibility measure of proposition p 

     is a representation of available knowledge   

[ p ] is the set of interpretations which make p true,  

i.e. the models of p.  

     () is the possibility distribution of available knowledge.      

 

Thus, starting with the plausibility of available knowledge represented by the distribution of 

possible interpretations of such available knowledge, two functions of the possibility measure 

and the necessity measure N are defined which enable us to make an assessment of the 

uncertainty surrounding the proposition p. Ignorance is represented by a uniform possibility 

distribution equal to 1.  

 

Conversely, given certain constraints i = 1, n: 

 

N ( p i )   i > 0  for i = 1, n  

 

Eq. 2.3.2.53 

Eq. 2.3.2.54 
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Where:    N ( p i ) is the certainty measure of a particular proposition p  

in the set with constraints i = 1, n 

     i is the possibility distribution with the least restrictive 

 constraints.      

 

Thus, expressing a level of certainty for a collection of propositions under certain constraints, we 

can compute the largest possibility distribution  i that is the least restricted by these constraints. 

 

It should be noted that probabilistic reasoning does not allow for the distinction between; 

the possibility that p is true  (p) = 1 ) and the certainty that p is true ( N( p ) = 1 ); 

nor between;  

the certainty that p is false ( N (¬p ) = 1  ( p ) = 0 ) and the absence of certainty that p is 

true ( N( p ) = 0  ( ¬p ) = 1).  
 

Possibility theory thus contrasts with probability theory in which; 

P( ¬p ) = 1 – P( p ) 

i.e. the probability that p is impossible is 1 – the probability that p is possible, and therefore;  

P( ¬p ) = 1 P( p ) = 0 

i.e. the probability that p is impossible is true implies that the probability of p being possible is 

false, and; 

N( p ) = 0 does not entail N( ¬p ) = 1 

While in possibility theory, if the certainty measure N of the possibility of the proposition p is 

false, then this does not necessarily imply that the certainty measure N of the impossibility of 

proposition p is true.  

 

In this context, the distinction between possibility and certainty is crucial for distinguishing 

between contingent and sure effects respectively. The incomplete states of knowledge captured 

by possibility theory cannot be modelled by a single, well-defined probability distribution. They 

rather correspond to what might be called "higher order uncertainty" which actually does mean 
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"ill-known probabilities" [Cayrac D. et al. 1995]. This type of uncertainty is modelled either by 

second-order probabilities or by interval-valued probabilities, which is complex.  

 

Possibility theory offers a very simple substitute to these higher-order uncertainty theories, as 

well as a common framework for the modelling of uncertainty and imprecision in reasoning 

applications such as engineering design analysis. The use of max and min operations in this case 

satisfies the requirement for computational simplicity, and for the qualitative nature of 

uncertainty that can be expressed in many real world applications. Thus in possibility theory, the 

modelling of uncertainty remains qualitative [Dubois D. et al. 1988]. 

 

b) Rationale for the Choice of Possibility Theory in Engineering Design Analysis: 

 

The complexity arising from an integration of engineering systems and their interactions, makes 

it impossible to gather meaningful statistical data that could allow for the use of objective 

probabilities in engineering design analysis. Even subjective probabilities in design analysis, (in 

which for example, all the possible failure modes in a FMECA may be ordered in a criticality 

ranking according to prior knowledge) are basically not acceptable to process engineering 

experts. For instance, they would not be able to compare failure modes involving different 

equipment, or different operational domains (thermal, electrical, mechanical, etc.) in complex 

systems integration. At best, a partial prior ordering of the failure modes identified for each 

individual system may be made. In addition, the number of failure modes that are generally 

represented in a FMECA is small compared to all the possible failures that could arise in reality 

as a result of a complex integration of systems. This complexity makes the engineering design 

knowledge base incomplete. The intended purpose of the FMECA in engineering design 

analysis, is primarily as a support tool for the understanding of design integrity, in which the 

failure consequences are firstly ranked by decreasing compatibility with the failure modes, and 

then ranked according to their direct relevance to an applicable measure of severity.  

 

2.3.2.B.viii. Uncertainty and Incompleteness in Engineering Design Analysis 

 

Uncertainty and incompleteness is inherent to engineering design analysis. Uncertainty, arising 

from the complex integration of systems, can best be expressed in qualitative terms, necessitating 

the results to be presented in the same qualitative measures. This causes problems in analysis 
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based upon a probabilistic framework. The only acceptable framework for an approach to 

qualitative probability is that of comparative probabilities [Fishburn P. 1986], but its 

application is not easy at the practical level because its representational requirements are 

exponential [Cayrac D. et al. 1994]. An important question is to decide what kind of possibility 

theory or fuzzy logic representation (in the form of fuzzy sets) is best suited for engineering 

design analysis. The use of conjunction-based representations is perceived as not suitable from 

the point of view of logic; conjunction-based fuzzy rules do not fit well with the usual meaning 

of rules in Artificial Intelligence based expert systems. 

 

This is important because it is eventually within an expert system framework that engineering 

design analysis such as FMEA and FMECA must be established, in order to be able to develop 

intelligent computer automated methodology in determining the integrity of engineering design. 

The concern raised earlier that qualitative reasoning algorithms may not be suitable for FMEA or 

FMECA, as this formalism of analysis requires unique predictions of system behaviour, and 

although some vagueness is permissible due to uncertainty it cannot be ambiguous, is thus to a 

large extent not correct; despite the consideration that ambiguity is an inherent feature of 

computational qualitative reasoning [Bull D.R. et al. 1995b].  

 

Implication-based representations of fuzzy rules may be viewed as constraints that restrict a set 

of possible solutions, thus eliminating any ambiguity. A possible explanation for the concern 

may be that systems engineers and knowledge-engineers do not have the same background. The 

former are usually data-driven, and are familiar with analytic methods where analysis models are 

derived from data. In general, they may also view fuzzy sets as data, resulting in any form of 

reasoning methodology to be based on accumulating data. Incoherency issues are not considered 

because incoherence is usually unavoidable in any set of data. On the contrary, knowledge 

engineers are knowledge-driven, and a fuzzy rule is an element of knowledge that constrains a 

set of possible situations. The more fuzzy rules, the more information, and the more precise one 

can get. Fuzzy rules clearly stand at the crossroad of these two professions. 

 

In the use of FMECA for engineering design analysis, the objective is to develop a flexible 

representation of the consequences and effects of failure modes down to the relevant level of 

detail, whereby available knowledge - whether incomplete or uncertain - can be expressed. The 
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objective thus follows qualitative analysis methodology in handling uncertainty with possibility 

theory and fuzzy sets in fault diagnostic applications, utilising FMECA [Cayrac D. et al. 1994]. 

An expansion of FMEA and FMECA for engineering design analysis is developed in this 

research, particularly for the application of reliability assessment during the preliminary and 

detail design phases of the engineering design process. It follows the first portion of the 

methodology proposed by Cayrac et al, but not the second portion, which is a further exposition 

of fault diagnosis with FMECA. A detailed description of introducing uncertainty in such a 

causal model, is given by Dubois and Prade, [Dubois D. et al. 1993]. 

 

2.3.2.B. ix. Modelling Uncertainty in FMEA and FMECA 

 

Let D be the set of possible failure modes, or disorders {d 1 , …, d i , …, d p } of a given causal 

FMEA and FMECA analysis, and let M be a set of observable consequences, or manifestations 

{m 1 , …, m j , …, m n } related to these failure modes. In this model, disorders and 

manifestations are either present or absent. For a given disorder d, we express its (more or less) 

certain manifestations, gathered in the fuzzy set M(d) + , and those which are (more or less) 

impossible, gathered in the fuzzy set M(d) –.  

 

Thus, the fuzzy set M(d) + contains manifestations which (more or less) surely can be caused by 

the presence of d alone. In terms of membership functions; 

 

M ( d ) + ( m )  = 1  

 

means the manifestation m exists in the fuzzy set of certain manifestations for a given disorder d. 

This means that m is always present when d alone is present.  

 

Conversely, the set M(d) – contains manifestations which (more or less) surely cannot be caused 

by d alone. Thus;  

 

M ( d ) - ( m )  = 1   

 

means the manifestation m does not exists in the fuzzy set of impossible manifestations for 

agiven disorder d. This means that m is never present when d alone is present.  

Eq. 2.3.2.55 

Eq. 2.3.2.56 
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Complete ignorance regarding the relation between a disorder and a manifestation (we don't 

know whether m can be a consequence of d) is expressed by: 

 

M ( d ) + ( m )  =  M ( d ) - ( m )  = 0  

 

Intermediate membership degrees allow a gradation of the uncertainty.  

 

 

The fuzzy sets M(d) + and  M(d) – are not possibility distributions because manifestations are 

clearly not mutually exclusive. M ( d ) + ( m )  and M ( d ) - ( m )  express certainty levels that 

the manifestation m is present or respectively absent, when disorder d alone takes place. 

 

a) Logical Expression of FMECA: 

 

FMECA information (without uncertainty) can be expressed as a theory T consisting of a 

collection of clauses; 

 

¬d i m j corresponding to a non-fuzzy set of certain manifestations M(d i ) + which 

means either the disorders ¬d i are impossible or the manifestations m j are possible in a 

non-fuzzy set of certain manifestations M(d i ) + . 

 

¬d i ¬m k corresponding to a non-fuzzy set of impossible manifestations M(d i ) –

which means either the disorders ¬d i are impossible or the manifestations ¬m k are 

impossible in a non-fuzzy set of impossible manifestations M(d i ) – (i.e. manifestations 

which cannot be caused by d i alone). 

 

Where denotes the Boolean disjunction operation ( i.e. ¬d i m j = 0 if ¬d i = m j = 0, 

and ¬d i m j = 1 otherwise).  

 

Eq. 2.3.2.57 
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A disjunction is associated with indicative linguistic statements compounded with either ... or, 

such as: (¬d i m j )  either the disorders are impossible or the manifestations are possible. 

However, the term disjunction is currently more often used in reference to linguistic statements 

or well-formed formulae (wffs) of associated form occurring in formal languages. Logicians 

distinguish between the abstracted form of such linguistic statements and their roles in arguments 

and proofs, and the meanings that must be assigned to such statements to account for those roles 

[Artale A. et al. 1998]. 

 

 

The former represents the syntactic and proof-theoretic concept, and the latter the semantic or 

truth-theoretic concept in disjunction. Disjunction is a binary truth-function, the output of which 

is true if at least one of the input values (disjuncts) is true, and false otherwise. Disjunction 

together with negation, provide sufficient means to define all other truth-functions (hence its use 

in a logical expression of FMECA). If the disjunctive constant  (historically suggestive of the 

Latin vel (or)) is a primitive constant of the linguistic statement, there will be a clause in the 

inductive definition of the set of well-formed formulae (wffs). 

 

Using  and  as variables ranging over the set of well-formed formulae, such a clause will be: 

  

If  is a wff and  is a wff, then    is a wff  

 

Where    is the disjunction of the wffs  and , and read as "[name of first wff] vel (‘or’) 

[name of second wff]". 

 

In presentations of classical systems in which the conditional implication  or the subset  and 

the negational constant ¬ are taken as primitive, the disjunctive constant will also feature in 

the abbreviation of a wff; 

 

¬    ( or  ¬  ¬  ) as    
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Alternatively, if the conjunctive & has already been introduced as a defined constant, will also 

feature in the abbreviation of a wff; 

 

¬ ( ¬  & ¬  ) as    

 

In its simplest, classical semantic analysis, a disjunction is understood by reference to the 

conditions under which it is true, and under which it is false. Central to the definition is a 

valuation, a function that assigns a value in the set {1, 0}. In general the inductive truth 

definition for a linguistic statement corresponds to the definition of its well-formed formulae. 

 

Thus for a propositional linguistic statement, it will take as its basis a clause according to which 

an elemental part is true or false accordingly as the valuation maps it to 1 or to 0. In systems in 

which is a primitive constant, the clause corresponding to disjunction takes    to be true if 

at least one of ,  is true, and takes it to be false otherwise. Where is introduced by either of 

the definitions earlier mentioned, that truth-condition can be computed for    from those of 

the conditional ( or  ) or conjunction (&) and negation ( ¬ ). 

 

To be slightly more general then, if the disorders interact in the manifestations they cause, d i can 

be replaced by a conjunction of d k , in justifications of the form [Cayrac D. et al. 1994]; 

 

¬d i 1 … ¬d i ( k ) m j  

 

Where the conjunctive is used in place of &. Thus, "intermediary entities" between disorders 

and manifestations are allowed. In other words, intermediary ‘effects’ feature between failure 

modes and their consequences, which is appropriate to the theory on which the FMECA is based. 

 

This logical modelling of FMECA is however not completely satisfactory, as ¬d i ¬m k means 

either the disorder ¬d i is impossible or the manifestations ¬m k are impossible. This could also 

mean that d i disallows m k which differs from the fuzzy set M ( d ) - ( m )  > 0 since the latter 

only means that d i alone is not capable of producing m k. This does not present a problem under 

Eq. 2.3.2.58 
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a single failure mode assumption, but it complicates the issue if simultaneous failure modes or 

disorders are allowed.  

 

In Paragraph 2.3.2.B.i. FMEA and FMECA in Engineering Design, failure mode was described 

from the points of view of: 

 

 A complete functional loss. 

 A partial functional loss. 

 An identifiable condition. 

 

For reliability assessment during the engineering design process, the first two failure modes, 

namely a complete functional loss, and a partial functional loss can be practically considered. 

The determination of an identifiable condition would be considered when contemplating the 

possible causes of a complete functional loss, or a partial functional loss. Thus simultaneous 

failure modes or disorders in FMECA would imply both a complete functional loss and a partial 

functional loss – which is contradictory.  

 

Application of the fuzzy set M ( d ) - ( m )  > 0 is thus valid in FMECA since the implication 

that d i alone is not capable of producing m k is valid. 
 

In the logical expression of FMECA, two difficulties arise: 

 

i) ¬d i m k and ¬d j m k imply  ¬( d i d j ) m k ,  

 

i.e. the clauses where either disorder ¬d i is impossible or manifestations m k are 

possible in a non-fuzzy set of certain manifestations M(d i ) +, and where either 

disorder ¬d j is impossible or manifestations m k are possible in a non-fuzzy set of 

certain manifestations M(d j ) +, imply that either disorder ¬d i and disorder ¬d j are 

impossible or manifestations m k are possible in the non-fuzzy sets of certain 

manifestations M(d i ) + and M(d j ) +.   

 

Eq. 2.3.2.59 
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This logical approach implicitly involves an assumption of disorder independence 

leading to accumulated manifestations of simultaneous disorders. In other words, it 

assumes failure modes are independent, but may occur simultaneously.  

 

This approach may be in contradiction with knowledge about joint failure modes 

expressing ¬( d i d j ) ¬m k ; i.e. where either disorder ¬d i and disorder ¬d j are 

impossible or relating manifestations m k are impossible in the non-fuzzy sets of 

impossible manifestations M(d i ) – and M(d j ) –. 

 

 

ii) ¬d i ¬m k and ¬d j ¬m k imply ¬( d i d j ) ¬m k ,  

 

i.e. the clauses where either disorder ¬d i is impossible or manifestations ¬m k are 

impossible in a non-fuzzy set M(d i ) – which contains manifestations which cannot 

be caused by d i alone, and where either disorder ¬d j is impossible or manifestations 

¬m k are impossible in a non-fuzzy set M(d j ) – which contains manifestations that 

cannot be caused by d j alone, imply that either disorder ¬d i and disorder ¬d j are 

impossible or that manifestations ¬m k are impossible in the non-fuzzy sets M(d i ) – 

and M(d j ) – , which together contain manifestations which cannot be caused by d i 

and d j alone. This is in total disagreement with the assumption; 

 

M – ({ d i , d j }) = M – ({ d i }) M – ({ d j }) 

 

i.e. the fuzzy set of accumulated manifestations which cannot be caused by the 

simultaneous disorders { d i , d j } is equivalent to the intersect of the fuzzy set of 

manifestations which cannot be caused by the disorder d i alone, and the fuzzy set of 

Eq. 2.3.2.60 

Eq. 2.3.2.61 
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manifestations which cannot be caused by the disorder d j alone; (it enforces a union 

as for M + ({ d i , d j }). 

 

In the logical approach, if ¬d i ¬m k and ¬d j m k hold, it disallows the simultaneous 

assumption that d i and d j are present, which is no problem under the single failure mode 

assumption as indicated in Paragraph 2.3.2.B.i. FMEA and FMECA in Engineering Design.  

 

On the contrary m k M + ( d j ) M – ( d i ) does not forbid {d i , d j } from being a potential 

explanation of m k even if the presence (or absence) of m k eliminates d i (or d j ) alone.  

 

b) Expression of Uncertainty in FMECA: 

 

In the following logical expressions of FMECA, the single failure mode assumption is made (i.e. 

either a complete functional loss, or a partial functional loss). Uncertainty in FMECA can be 

expressed using possibilistic logic in terms of a necessity measure N. For instance; 

 

N ( ¬d i m j )  i j  

 

Where: N ( ¬d i m j ) is the certainty measure of a particular proposition 

that either disorder ¬d i is impossible or manifestations m j are 

possible in a non-fuzzy set of certain manifestations M(d i ) + 

And:  i j is the possibility distribution relating to constraint i of the 

disorder d i  and constraint j of manifestation m j . 

 

Using the generalized modus ponens of possibilistic logic [Dubois D. et al. 1994]: 

 

N ( d i )  i and N ( ¬d i m j )   i j   N ( m j )  min (  i  i j )  

 

Eq. 2.3.2.62 

Eq. 2.3.2.63 
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Where: N ( d i ) is the certainty measure of the proposition that the disorder 

d i is certain, and  i is the possibility distribution relating to 

constraint i of disorder d i 

And: N ( m j ) is the certainty measure of the proposition that the 

manifestation  m j is certain, and bound by the minimum cut set of 

the possibility distributions  i   i j . 

 

In other words, the presence of the manifestation m j is all the more certain as the disorder d i is 

certainly present and that m j is a certain consequence of d i .  

 

2.3.2.B. ix. Development of the Qualitative FMECA 

 

A further extension of the FMECA is considered, in which representation of indirect links 

between disorders and manifestations are also made. In addition to disorders and manifestations, 

intermediate entities called events are considered [Cayrac D. et al. 1994].  

 

Referring to Paragraph 2.3.2.B.i. FMEA and FMECA in Engineering Design, these events may 

be viewed as effects, where: The effects of failure are associated with the immediate results 

within the component's or assembly's environment.  

 

Disorders can cause events and/or manifestations, events themselves causing other events and/or 

manifestations (i.e. failure modes can cause effects and/or consequences, effects themselves 

causing other effects and/or consequences). Events may not be directly observable.  

 

A FMECA can therefore be defined by a theory consisting of a collection of clauses of the form; 

¬d i m j , ¬d k e l , ¬e m e n , ¬e p m q ,  

and, to express negative information; 

¬d i ' ¬m j ' , ¬d k '  ¬e l ' , ¬e m '  ¬e n ' , ¬e p' ¬m q ' . 
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Where d represents disorders (failure modes), m represents manifestations (consequences), and e 

represents events (effects). All these one-condition clauses are weighted by a lower bound equal 

to 1 if the implication is certain. The positive and negative observations ( m or ¬m ) can also be 

weighted by a lower bound of a necessity degree. 

 

From the definitions above, it is possible to derive the direct relation between disorders and 

manifestations, characterized by the fuzzy sets M ( d i ) + ( m j ) and M ( d i ) – ( m j ). This 

results in the following relations: [Dubois D. et al. 1994] 

 

M ( d i ) + ( m j ) =  i j 

M ( d i ) – ( m j ) =  i j  

 

The extended FMECA allows for an expression of uncertainty in engineering design analysis 

which evaluates the extent to which the identified fault modes can be discriminated during the 

detail design phase of the engineering design process. The various failure modes are expressed 

with their (more or less) certain effects and consequences. The categories of more or less 

impossible consequences are also expressed if necessary. After this refinement stage, if a set of 

failure modes cannot be discriminated in a satisfying way, the inclusion of the failure mode in 

the analysis is questioned. 

 

The discriminability of two failure modes d i and d j is maximum when a sure consequence of 

one is an impossible consequence of the other. This can be extended to the fuzzy sets previously 

defined. The discriminability of a set of disorders D can be defined by: 

 

Discrimin ( D )  =  min d i, d j  D, i  j  max ( F ) 

Where:  F = cons ( M ( d i ) + , M ( d j ) – ), cons ( M ( d i ) – , M ( d j ) + ) 

 

 

cons ( M ( d i ) + , M ( d j ) – ) is the consistency of disorders d i and d j in the non-fuzzy set of 

certain manifestations M(d i ) +, and in the non-fuzzy set of impossible manifestations M(d j ) – 

 

Eq. 2.3.2.64 

Eq. 2.3.2.65 
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cons ( M ( d i ) – , M ( d j ) + ) is the consistency of disorders d i and d j in the non-fuzzy set of 

impossible manifestations M(d i ) –, and in the non-fuzzy set of certain manifestations M(d j ) + 

 

For example, referring to the three types of failure modes: 

- the discriminability of the failure mode Total Loss of Function (TLF) represented by the 

disorder d 1 and failure mode Partial Loss of Function (PLF) represented by disorder d 2 is: 

 Discrimin({d 1 ,d 2 }) = 0  

- the discriminability of the failure mode Total Loss of Function (TLF) represented by the 

disorder d 1 and failure mode Potential Failure Condition (PFC) represented by disorder d 3 is: 

Discrimin({d 1 ,d 3 }) = 0.5  

- the discriminability of the failure mode Partial Loss of Function (PLF) represented by the 

disorder d 2 and failure mode Potential Failure Condition (PFC) represented by disorder d 3 is: 

Discrimin({d 2 ,d 3 }) = 0.5 
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SYSTEM ASSEMBLY COMPONENT FAILURE 
DESCRIPTION 

FAIL.
MODE 

FAILURE EFFECT FAILURE 
CONSEQUENCE 

CAUSE OF FAILURE  (1)  (2)  (3)  (4)  (5) CRITICALITY 
RATING 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1   Restricted or no 

circulation 

TLF Prevents the quenching of the gas and 

the protection of the RJS structure due 

to reduced flow. Standby pump should 
start up and emergency water system 

may start up and supply water to weir 

bowl. Gas supply may be cut to Acid 
Pl. RJS damage unlikely 

Maintenance Loss of drive due to coupling 

connection failure caused by loss 

of alignment or loose studs 

100% 3.00 2 2.00 6.00 HIGH CRIT.   

******** 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1   Restricted or no 

circulation 

TLF Prevents the quenching of the gas and 

the protection of the RJS structure due 

to reduced flow. Standby pump should 
start up and emergency water system 

may start up and supply water to weir 

bowl. Gas supply may be cut to Acid 
Pl. RJS damage unlikely 

Maintenance Air intake at shaft seal area due to 

worn or damaged seal faces 

caused by solids ingress  or loss 
of seal flushing 

100% 2.50 2 2.00 5.00 HIGH CRIT.   

******** 

REVERSE JET 
SCRUBBER 

RJS PUMP No.1   Shaft leakage TLF Unsafe operating conditions for 
personnel 

Injury Risk Seal elements broken or pump 
shaft damaged due to loss of 

alignment or seals not correctly 

fitted 

50% 2.50 11 5.50 13.75 HIGH CRIT.   

******** 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1   Shaft leakage TLF Unsafe operating conditions for 

personnel 

Injury Risk Seal elements broken or pump 

shaft damaged due to the seal 

bellow cracking because the 

rubber hardens in service 

50% 2.50 11 5.50 13.75 HIGH CRIT.   

******** 

REVERSE JET 
SCRUBBER 

RJS PUMP No.1   Excessive 
vibration 

PFC No immediate effect other than 
potential equipment damage 

Maintenance Loss of alignment due to worn or 
damaged coupling or bad fixing 

on foundation 

100% 2.00 1 1.00 2.00 Medium Crit. 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1   Excessive 

vibration 

PFC No immediate effect other than 

potential equipment damage 

Maintenance Bearing deterioration due to low 

pump barrel oil level, leaking oil 

seals or drain plug 

100% 1.00 1 1.00 1.00 Low Crit. 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1   Excessive 

vibration 

PFC No immediate effect other than 

potential equipment damage 

Maintenance Bearing deterioration due to 

coupling misalignment 

100% 1.00 1 1.00 1.00 Low Crit. 

REVERSE JET 
SCRUBBER 

RJS PUMP No.1   Excessive 
vibration 

PFC No immediate effect other than 
potential equipment damage 

Maintenance Cavitation due to excessive flow 
or restricted suction condition 

100% 1.50 1 1.00 1.50 Low Crit. 

 

 Figure 2.3.3.l.( i ) Extract from FMECA Worksheet of Quantitative RAM Analysis Field Study 
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SYSTEM ASSEMBLY COMPONENT FAILURE 
DESCRIPTION 

FAIL.
MODE 

FAILURE EFFECT FAILURE 
CONSEQUENCE 

CAUSE OF FAILURE  (1)  (2)  (3)  (4)  (5) CRITICALITY 
RATING 

REVERSE JET 
SCRUBBER 

RJS PUMP No.1 MOTOR 
RJS PUMP 

No.1 

Motor fails to start 
or drive pump 

TLF Motor failure prevents the quenching 
of the gas and the protection of the 

RJS structure due to reduced flow. 

Standby pump should start up 
automatically 

Maintenance Loose or corroded connections or 
motor terminals 

100% 0.50 2 2.00 1.00 Low Crit. 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1 MOTOR 

RJS PUMP 

No.1 

Motor fails to start 

or drive pump 

TLF Motor failure prevents the quenching 

of the gas and the protection of the 

RJS structure due to reduced flow. 
Standby pump should start up 

automatically 

Maintenance Motor winding short or insulation 

fails 

100% 0.25 2 2.00 0.50 Low Crit. 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1 MOTOR 

RJS PUMP 

No.1 

Motor cannot be 

stopped or started 

locally 

TLF If required in an emergency failure of 

motor to respond could result in injury 

risk 

Injury Risk Local stop/start switch fails 50% 0.25 11 5.50 1.38 Low Crit. 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1 MOTOR 

RJS PUMP 
No.1 

Motor overheats 

and trips 

PFC Motor failure prevents the quenching 

of the gas and the protection of the 
RJS structure due to reduced flow. 

Standby pump should start up 

automatically 

Maintenance Motor winding short or insulation 

fails 

100% 0.25 1 1.00 0.25 Low Crit. 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1 MOTOR 

RJS PUMP 

No.1 

Motor overheats 

and trips 

PFC Motor failure prevents the quenching 

of the gas and the protection of the 

RJS structure due to reduced flow. 

Standby pump should start up 

automatically 

Maintenance Bearings fail due to lack of 

lubrication or excessive lube 

100% 0.50 1 1.00 0.50 Low Crit. 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1 MOTOR 

RJS PUMP 

No.1 

Motor vibrates 

excessively 

PFC Motor failure prevents the quenching 

of the gas and the protection of the 

RJS structure due to reduced flow. 
Standby pump should start up 

automatically 

Maintenance Bearings worn/damaged 100% 0.50 1 1.00 0.50 Low Crit. 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1 MCC 

RJS PUMP 

No.1 

Motor fails to start 

upon command 

TLF Motor failure to start upon command 

prevents the standby pump to start up 

automatically 

Maintenance Electrical supply or starter failure 100% 0.25 2 2.00 0.50 Low Crit. 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1 MCC 

RJS PUMP 
No.1 

Motor fails to start 

upon command 

TLF Motor failure to start upon command 

prevents the standby pump to start up 
automatically 

Maintenance High/low voltage defective fuses 

or circuit breakers 

100% 0.25 2 2.00 0.50 Low Crit. 

REVERSE JET 
SCRUBBER 

RJS PUMP No.1 MCC 
RJS PUMP 

No.1 

Motor fails to start 
upon command 

TLF Motor failure to start upon command 
prevents the standby pump to start up 

automatically 

Maintenance Control system wiring 
malfunctions due to hot spots 

100% 0.25 2 2.00 0.50 Low Crit. 

 
Figure 2.3.3.l.( ii ) Extract from FMECA Worksheet of Quantitative RAM Analysis Field Study 
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SYSTEM ASSEMBLY COMPONENT FAILURE 
DESCRIPTION 

FAIL.
MODE 

 FAILURE EFFECT FAILURE 
CONSEQUENCE 

CAUSE OF FAILURE  (1)  (2)  (3)  (4)  (5) CRITICALITY 
RATING 

REVERSE JET 
SCRUBBER 

RJS PUMP No.1  CONTROL 
VALVE 

Fails to open TLF Prevents the discharge of acid from 
the pump that  cleans and cools gas 

and protects the RJS. Flow and 

pressure protections would prevent 
damage. 

May result in downtime if it occurs on 

standby pump 

Production Solenoid Valve fails, failed 
cylinder actuator or air receiver 

failure 

100% 0.50 6 6.00 3.00 Medium Crit. 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1 CONTROL 

VALVE 

Fails to open TLF Prevents the discharge of acid from 

the pump that  cleans and cools gas 

and protects the RJS. Flow and 
pressure protections would prevent 

damage. 

May result in downtime if it occurs on 
standby pump 

Production No PLC output due to modules 

electronic fault or cabling  

100% 0.30 6 6.00 1.80 Medium Crit. 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1 CONTROL 

VALVE 

Fails to seal/close TLF Prevents the isolation of the pump for 

repair. Thus requires plant shutdown 

for repair. 

Production Valve disk damaged due to 

corrosion or wear 

(also same causes as for "Fails to 
open") 

100% 0.50 6 6.00 3.00 Medium Crit. 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1 CONTROL 

VALVE 

Fails to seal/close TLF Prevents the isolation of the pump for 

repair. Thus requires plant shutdown 

for repair. 

Production Valve stem cylinders seized due 

to chemical deposition or 

corrosion 

100% 0.50 6 6.00 3.00 Medium Crit. 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1  

INSTRUMENT 

LOOP 

(PRESSURE.1) 

INSTRUMENT 

(PRESSURE.1) 

Fails to provide 

accurate pressure 

indication 

TLF Fails to permit pressure monitoring Maintenance Restricted sensing port due to 

blockage of chemical or physical 

accumulation. 

100% 3.00 2 2.00 6.00 HIGH CRIT.   

******** 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1  

INSTRUMENT 

LOOP 
(PRESSURE.2) 

INSTRUMENT 

(PRESSURE.2) 

Fails to detect low 

pressure condition 

TLF Does not permit essential pressure 

monitoring and can cause damage to 

the pump due to lack of mechanical 
seal flushing 

Maintenance Low pressure switch fails due to 

corrosion or mechanical damage 

100% 0.50 2 2.00 1.00 Low Crit. 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1  

INSTRUMENT 

LOOP 
(PRESSURE.2) 

INSTRUMENT 

(PRESSURE.2) 

Fails to detect low 

pressure condition 

TLF Does not permit essential pressure 

monitoring and can cause damage to 

the pump due to lack of mechanical 
seal flushing 

Maintenance Pressure switch Relay or cabling 

failure 

100% 0.50 2 2.00 1.00 Low Crit. 

REVERSE JET 

SCRUBBER 

RJS PUMP No.1  

INSTRUMENT 

LOOP 
(PRESSURE.2) 

INSTRUMENT 

(PRESSURE.2) 

Fails to provide 

output signal for 

alarm condition 

TLF Does not permit essential pressure 

monitoring and can cause damage to 

the pump due to lack of mechanical 
seal flushing 

Maintenance PLC alarm function or indicator 

fails 

100% 0.30 2 2.00 0.60 Low Crit. 

 

Figure 2.3.2.l.( iii ) Extract from FMECA Worksheet of Quantitative RAM Analysis Field Study 
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a) Example of Uncertainty in the Extended FMECA: 

 

Figures 2.3.2.l. (i) to (iii) are extracts from the FMECA worksheet of the RAM Analysis field 

study conducted on an Environmental Plant for the recovery of sulphur dioxide emissions from a 

non-ferrous metals smelter to produce sulphuric acid. The FMECA covers the control valve and 

pressure instrument loops of the Reverse Jet Scrubber Pump No.1.  

 

Three failure modes are normally defined in the FMECA as:  

 

 TLF  "Total Loss of Function",  

 PLF  "Partial Loss of Function",  

 PFC  "Potential Failure Condition". 

 

Five consequences are normally defined in the FMECA as: 

 

 Safety (by risk description) 

 Environmental 

 Production 

 Process 

 Maintenance 

 

The columns with headings (1) to (5) indicate the following: 

 

(1) Probability of occurrence (expressed as a percentage value) 

(2) Estimated failure rate (expressed as the number of failures per year) 

(3) Severity (expressed as a number from 0 to 10 )  

(4) Risk (product of 1 and 3) 

(5) Criticality value (product of 2 and 4). 

 

The example worksheets include only the failure modes; TLF  "Total Loss of Function", and 

PFC  "Potential Failure Condition". The consequences included are; Safety: (Injury risk), 

Production, and Maintenance. 
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To introduce uncertainty in this analysis, according to the theory developed for the extended 

FMECA, the following approach is considered:  

 Express the various failure modes, together with their (more or less) certain consequences 

 Present the number of uncertainty levels in linguistic terms 

 For a given failure mode, sort the consequences into 6 + 1 categories: 

- Three levels of more or less certain consequences ("completely certain", "almost 

certain", "likely") 

- Three levels of more or less impossible consequences ("completely impossible", 

"almost impossible", "unlikely") 

- One level for ignorance.  

 

The approach is thus initiated by expressing the various failure modes, along with their (more or 

less) certain consequences. The discriminability of the failure modes with their (more or less) 

certain consequences is checked. If it is not sufficient, the question is explored whether some of 

the (more or less) certain consequences of one failure mode could not be expressed as more or 

less impossible for some other fault modes. The three categories of more or less impossible 

consequences are thus indicated whenever necessary, to allow a better discrimination. After this 

refinement stage, if a set of failure modes still cannot be discriminated in a satisfying way, the 

observability of the consequence should be questioned.  

 

b) Results of the Qualitative FMECA: 

As an example, the critical control valve considered in the FMECA chart of Figure 2.3.2.l.(iii). 

has been itemised for inclusion in an extended FMECA chart relating to the discriminated failure 

mode, TLF, along with its (more or less) certain consequences, and is illustrated in the chart of 

Figure 2.3.2.m. To simplify the example, it is assumed that all the events are directly observable, 

that is, each effect is non-ambiguously associated to a consequence, although the same described 

consequence can be associated to other effects (i.e. the effects - or events - are equated to their 

associated consequences - or manifestations). The knowledge expressed in Figure 2.3.2.m. 

describes the fuzzy relation between failure modes, effects, and consequences, in terms of the 

fuzzy sets M(d) + (m i ) and M(d) – (m i ), corresponding to the expanded FMECA. The 

qualitative-numeric mapping used for uncertainty representation, is given in Table 2.3.2.f. 

[Cayrac D. et al. 1994]. 
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        QUALIFIER       REF. Code            M ( d i ) +      M ( d i ) – 

  certain        1             1.0   0.0 

  almost certain       2            0.8   0.2 

  likely        3        0.6   0.4 

unlikely     4           0.4   0.6 

almost unlikely 5           0.2   0.8 

impossible  6         0.0   1.0    

  unknown  7         0.0   0.0 

 

Table 2.3.2.f. Linguistic Qualitative-Numeric Uncertainty Mapping 

 
 
 

COMP.  

 
FAILURE 
DESCRIP. 

 
FAIL. 
MODE 

 
FAILURE 
CONSEQ. 

 

M ( d i ) + 



M ( d i ) – 

 

(2) 

 

(3) 

 

(4) 

 

(5) 

 

CRIT. 

RATING 

CONTROL 
VALVE 

Fails to 
open 

TLF Production 0.6 0.4 6 

3.6        

or        

2.4 

0.083 

0.30    

or      

0.20 

Low Crit. 

CONTROL 
VALVE 

Fails to 
open 

TLF Production 0.6 0.4 6 

3.6        

or        

2.4 

0.167 

0.60    

or      

0.40 

Low Crit. 

CONTROL 
VALVE 

Fails to 
seal/close 

TLF Production 1 0 6 6.0 0.167 1.00 
Medium 

Crit. 

CONTROL 
VALVE 

Fails to 
seal/close 

TLF Production 1 0 6 6.0 0.25 1.50 
Medium 

Crit. 

INSTR. LOOP 
(PRESS.1) 

Fails to 
provide 

accurate 
pressure 
indication 

TLF Maint. 1 0 2 2.0 0.33 0.66 Low Crit. 

INSTR. LOOP 
(PRESS.2) 

Fails to 
detect low 
pressure 
condition 

TLF Maint. 1 0 2 2.0 0.33 0.66 Low Crit. 

INSTR. LOOP 
(PRESS.2) 

Fails to 
detect low 
pressure 
condition 

TLF Maint. 0.8 0.2 2 

1.6        

or        

0.4 

0.25 

0.40    

or     

0.10 

Low Crit. 

INSTR. LOOP 
(PRESS.2) 

Fails to 
provide 
output 

signal for 
alarm 

TLF Maint. 1 0 2 2.0 0.25 0.50 Low Crit. 

 

 Figure 2.3.2.m. Uncertainty in the FMECA of a Critical Control Valve 

 



 153 

2.3.2.C.  ANALYTIC DEVELOPMENT OF RELIABILITY  

EVALUATION IN DETAIL DESIGN 

 

  The most applicable methods selected for further development as tools for 

reliability evaluation in determining the integrity of engineering design in the detail design 

phase are; the hazards model, (or instantaneous failure rate, indicating the probability of 

survival of a component); the exponential failure distribution, (when a component is subject 

only to functional failures which occur at random intervals); the Weibull failure distribution 

(to determine component criticality for wear-out failures rather than random failures). 

 

2.3.2.C.i. The Proportional Hazards Model 

The Proportional Hazards (PH) model was developed in order to estimate the effects of different 

covariates influencing the times-to-failure of a system [Cox D.R. 1972]. In its original form, the 

model is non-parametric, i.e. no assumptions are made about the nature or shape of the 

underlying failure distribution. In this research, the original non-parametric formulation as well 

as a parametric form of the model is considered, utilizing the Weibull life distribution. Special 

developments of the proportional hazards model are the General Log-Linear, GLL – exponential, 

and the General Log-Linear, GLL - Weibull models. 

  

a) Non-Parametric Model Formulation: 

From the PH model, the failure rate of a system is affected not only by its operating time, but 

also by the covariates under which it operates. For example, a unit of equipment may have been 

tested under a combination of different accelerated stresses such as humidity, temperature, 

voltage, etc. It is evident that such factors can affect the failure rate of the unit, and typically 

represent the type of stresses that the unit will be subject to, once installed. The instantaneous 

failure rate (or hazard rate) of a unit is given by the following relationship:  

  

 ( t )  =      f ( t ) 
            
             R ( t ) 
 

Where:     f ( t )   =  the probability density function. 

R ( t )   =  the reliability function. 

 

Eq. 2.3.2.66 
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For the specific case where the failure rate of a particular unit is dependent not only on time, but 

also on other covariates, equation 2.3.2.66. must be modified in order to be a function of time 

and of the covariates. The proportional hazards model assumes that the failure rate (hazard rate) 

of a unit is the product of the following factors: 

 

 an unspecified baseline failure rate, o ( t ), which is a function of time only, 

 a positive function g ( x, A ), independent of time, which incorporates the effects of a 

number of covariates such as humidity, temperature, pressure, voltage, etc. 

  

The failure rate of the unit is then given by,  

  

 ( t, X ) = o ( t ) . g ( X, A ) 

 

Where:     X  =  a row vector consisting of the covariates,  

      X  =  (x1, x2, x3, … xm). 

A  =  a column vector consisting of the unknown 

model parameters (regression parameters), 

      A  =  ( a1, a2, a3, … am)T 

m  =  number of stress related variates  

(time-independent). 

  

It can be assumed that the form of g ( X, A ) is known and o ( t ) is unspecified. Different forms 

of g ( X, A ) can be used. However, the exponential form is mostly used due to its simplicity and 

is given by the following expression: 

 

g ( X, A ) = e 
A

T
 X

T
 

 

g ( X, A ) = exp 
m

   a j x j 

         j = 1  

Where:     a j = model parameters (regression parameters) 

     x j = covariates 

 

Eq. 2.3.2.67 

Eq. 2.3.2.68 
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The failure rate can then be written as: 

 

  ( t, X ) = o ( t ) . exp 
m

   a j x j 

          j = 1 

 

b) Parametric Model Formulation: 

A parametric form of the proportional hazards model can be obtained by assuming an underlying 

distribution. In general, the exponential and the Weibull distributions are the easiest to use. The 

lognormal distribution can be utilized as well, but it is not considered here. In this case, the 

Weibull distribution will be used to formulate the parametric proportional hazards model. The 

exponential distribution case can be easily obtained from the Weibull equations, by simply 

setting the Weibull shape parameter  = 1. In other words, it is assumed that the baseline failure 

rate is parametric and given by the Weibull distribution. The baseline failure rate is given by the 

following expression taken from equation 2.3.2.37: 

 

o ( t )  =   ( t ) 
 - 1

 

 

       

  

Where:       =  the scale parameter 

       =  the shape parameter 

 

 Note that  is the baseline Weibull scale parameter, but not the PH scale parameter. 

The PH failure rate then becomes: 

  

  ( t, X ) =  ( t ) 
 - 1 

.  exp 
 m

  a j x j 

                 j = 1 

              

 

Where:    a j and  x j = regression parameters and covariates 

     and  = the shape and scale parameters. 

 

Eq. 2.3.2.69 

Eq. 2.3.2.70 
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It is often more convenient to define an additional covariate, xo = 1, in order to allow the 

Weibull scale parameter to be included in the vector of regression coefficients, and the 

proportional hazards model expressed solely by the beta (shape parameter), together with the 

regression parameters and covariates. The PH failure rate can then be written as:  

  

  ( t, X ) =  ( t ) 
 - 1 

.  exp 
 m

  a j x j 

                  j = 0 

        

The PH reliability function is thus given by the expression: 

  

R ( t, X ) = exp -     
t

   ( u ) du   
                                     0 

 

R ( t, X ) = exp -     
t

   ( u, X ) du   
                                       0 

 

    - t 
 

.  exp 
 m

  a j x j 

    R ( t, X ) = e    j = 0 

 

 

The probability density function (p.d.f.) can be obtained by taking the partial derivative with 

respect to time of the reliability function given by Equation 2.3.2.72. The PH probability density 

function is given by the expression: f ( t, X ) =  ( t, X ) . R ( t, X ). The total number of 

unknowns to solve in this model is m + 2, (i.e. , , a1, a2, a3, … am ).  

 

The maximum likelihood estimation method can be used to determine these parameters. 

Solving for the parameters that maximize the maximum likelihood estimation will yield the 

parameters for the PH-Weibull model. For  = 1, the equation then becomes the likelihood 

function for the PH-exponential model, which is similar to the original form of the proportional 

hazards model proposed by Cox [Cox D.R. 1972]. 

 

Eq. 2.3.2.71 

Eq. 2.3.2.72 
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c) Maximum Likelihood Estimation (MLE) Parameter Estimation: 

The idea behind maximum likelihood parameter estimation is to determine the parameters that 

maximize the probability (likelihood) of the sample data. From a statistical point of view, the 

method of maximum likelihood is considered to be more robust (with some exceptions) and 

yields estimators with good statistical properties. In other words, MLE methods are versatile and 

apply to most models and to different types of data. In addition, they provide efficient methods 

for quantifying uncertainty through confidence bounds. Although the methodology for maximum 

likelihood estimation is simple, the implementation is mathematically intense. By utilizing 

computerized models however, the mathematical complexity of MLE is not such a big obstacle. 

  

Background Theory: 

As MLE is generally applied on failure related sample data that are usually made available for 

critical components during the detail design phase of the engineering design process, it is 

necessary to examine more closely the theory that underlies maximum likelihood estimation for 

the quantification of complete data. Alternately, when no data is available, the method of 

qualitative parameter estimation becomes essential, as considered in detail later in Paragraph iii. 

If x is a continuous random variable with probability density function: 

 

f ( x; 1, 2, 3, … k) 

  

Where:  1, 2, 3, … k are k unknown constant parameters 

which need to be estimated, through n independent 

observations, x1, x2, x3, … xn  

 

Then the likelihood function is given by the following expression: 

 

             n 

L (x1, x2, x3, … xn )  =    f ( xi; 1, 2, 3, … k)   

      i = 1  

 

i = 1, 2, 3, … n 

 

 

Eq. 2.3.2.73 
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The logarithmic likelihood function is given by:  

 

          n 

 = ln L =     ln  f ( xi; 1, 2, 3, … k) 

       i = 1 

  

 

The maximum likelihood estimators (MLE) of 1, 2, 3, … k are obtained by maximizing . 

By maximizing , which is much easier to work with than L, the maximum likelihood 

estimators (MLE) of 1, 2, 3, … k are the simultaneous solutions of k equations where the 

partial derivatives of  is equal to zero: 

 

∂ (  )  = 0 j = 1, 2, 3, … k 

     ∂ j 

  

Even though it is common practice to plot the MLE solutions using median ranks (points are 

plotted according to median ranks and the line according to the MLE solutions), this method is 

not completely accurate. As it can be seen from the equations above, the MLE method is 

independent of any kind of ranks or plotting methods. For this reason, the MLE solution appears 

many times not to track the data on a probability plot. This is perfectly acceptable since the two 

methods are independent of each other. 

  

Illustrating the MLE Method Using the Exponential Distribution: 

To estimate , for a sample of n units (all tested to failure), the likelihood function is obtained:  

 

            n 

L (|t1, t2, t3, … tn ) =    f ( ti)      

      i = 1  

 

    n 

 =     e 
-  t i

     

    i = 1  

 

 = 
n

 e 
-   t  i 

 

Eq. 2.3.2.74 

Eq. 2.3.2.75 
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Taking the natural log of both sides: 

            n 

 = ln ( L )  = n ln (  )  -      t i 
         i = 1 

 

                    n 

∂ (  )  = n     -       t i    = 0 

  ∂     i = 1 

 

   

                          n 

Solving for :         = n /   t i   
            i = 1 

 

 

Notes on lambda: 

 The value of  is an estimate because if another sample from the same population is 

obtained, and  re-estimated, the new value would differ from the one previously calculated. 

 How close is the value of the estimate to the true value? To answer this question, one must 

first determine the distribution of the parameter, . This methodology introduces another 

term, the confidence level, which allows for the specification of a range for the estimate with 

a certain confidence level. The treatment of confidence intervals is integral to reliability 

engineering, and to statistics in general. 

 

Illustrating the MLE Method Using the Normal Distribution: 

To obtain the MLE estimates for the mean, Ŧ, and standard deviation, T for the normal 

distribution, the probability density function of the normal distribution is given by: 

 

F ( T )  =       1     exp – ½ ( T – Ŧ ) 2 

       T 2              T 

 

Where:    Ŧ = mean of the normal distribution 

     T = std deviation of the normal distribution 

 

Eq. 2.3.2.76 

Eq. 2.3.2.77 
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If T1, T2, T3, … Tn are known times-to-failure (and with no suspensions), then the likelihood 

function is given by:  

        n 

L (T1, T2, T3, … Tn | Ŧ, T ) =    {        1     exp – ½ ( T – Ŧ ) 2 }  

       i = 1 T 2              T 

 

           n 

          L =        1          exp – ½. ( Ti – Ŧ ) 2 

       (T 2 )
 n

            i = 1     T 

 

                 n 

Then:   = ln ( L )  = - n / 2 ln ( 2  ) – n ln T – ½.  ( Ti – Ŧ ) 2 

   i = 1     T 

 

Then taking the partial derivatives of  with respect to each one of the parameters, and setting it 

equal to zero yields: 

                   n 

 ∂ (  ) =   1     -     ( Ti – Ŧ )      = 0 

   ∂ Ŧ   T
 2 i = 1 

 

 And:                  n 

∂ (  )  =   n     +   1        ( Ti – Ŧ )
2
   = 0 

 ∂ T    T T
 3   i = 1 

 

 

Solving these equations simultaneously yields:  

                     n 

         Ŧ  = 1 / n     Ti 

       i = 1 

 

                    n 

And:       T
 2  = 1 / n     ( Ti – Ŧ )

2
 

        i = 1 

 

 

Eq. 2.3.2.78 

Eq. 2.3.2.79 

Eq. 2.3.2.80 
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These solutions are only valid for data with no suspensions, i.e. all units are tested to failure. In 

cases in which suspensions are present, the methodology changes and the problem becomes 

much more complicated. 

  

Estimator: 

As indicated above, the parameters obtained from maximizing the likelihood function are 

estimators of the true value. It is clear that the sample size determines the accuracy of an 

estimator. If the sample size equals the whole population, then the estimator is the true value. 

Estimators have properties such as non-bias and consistency (also properties such as sufficiency 

and efficiency, which are not considered here). 

  

Unbiased Estimator: 

An estimator is said to be unbiased if and only if the estimator  = d ( x1, x2, x3, … xn) satisfies 

the condition E (  ) =  for all . In this case, E ( x )  denotes the expected value of x and is 

defined by the following expression for continuous distributions: 

 

E ( x )   = 


 x  f ( x ) dx   

                   
     

x ε  

 

This implies that the true value is not consistently underestimated nor overestimated. 

  

Consistent Estimator: 

An unbiased estimator that converges more closely to the true value as the sample size increases 

is called a consistent estimator. The standard deviation of the normal distribution was obtained 

using MLE. However, this estimator of the true standard deviation is a biased one. It can be 

shown that the consistent estimate of the variance and standard deviation for complete data (for 

the normal distribution) is given by: 

                     n 

      T
 2  =    1         ( Ti – Ŧ )

2
 

       n - 1 i = 1 

 

Eq. 2.3.2.81 

Eq. 2.3.2.82 
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Analysis of Censored Data: 

So far, parameter estimation has been considered for complete data only. Further expansion on 

the maximum likelihood parameter estimation method needs to include estimating parameters 

with right censored data. The method is based on the same principles covered previously, but 

modified to take into account the fact that some of the data is censored.  

  

MLE Analysis of Right Censored Data: 

The maximum likelihood method is, at this point, by far the most appropriate analysis method 

for censored data. When performing maximum likelihood analysis, the likelihood function needs 

to be expanded to take into account the suspended items. A great advantage of using MLE when 

dealing with censored data is that each suspension term is included in the likelihood function. 

Thus, the estimates of the parameters are obtained from consideration of the entire sample 

population of tested components. Using MLE properties, confidence bounds can be obtained 

which also account for all the suspension terms. In the case of suspensions, and where x is a 

continuous random variable with p.d.f. and c.d.f. of the following form: 

 

f ( x; 1, 2, 3, … k ) 

 And:    F ( x; 1, 2, 3, … k ) 

Where 1, 2, 3, … k are the k unknown parameters which need to be estimated from R 

observed failures at (T1,VT1), (T2,VT2), (T3,VT3) … (TR,VTR), and M observed suspensions at 

(S1,VS1), (S2,VS2), (S3,VS3) … (SM,VSM), where VTR is the R-th stress level corresponding to 

the R-th observed failure, and VSM is the M-th stress level corresponding to the M-th observed 

suspension. The likelihood function is then formulated, and the parameters solved by 

maximizing the following equation: 

 

L ( (T1,VT1), … (TR,VTR), (S1,VS1), … (SM,VSM) | 1, 2, 3, … k ) 

    R        M 

=     f ( Ti, VTi; 1, 2, 3, … k)  .    [ 1 - F ( Sj, VSj; 1, 2, 3, … k) ]  

i = 1       j = 1 

  

 

Eq. 2.3.2.83 
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2.3.2.C.ii. Expansion of the Exponential Failure Distribution 

 

Estimating Failure Rate: 

The exponential distribution is a very commonly used distribution in reliability engineering and 

due to its simplicity, it has been widely employed in designing for reliability. The exponential 

distribution describes components with a single parameter, the constant failure rate.  

 

The single-parameter exponential probability density function is given by: 

 

f ( T )    =  e - 
 T  

= ( 1 / MTBF ) e – T / MTBF 

  

This distribution requires the estimation of only one parameter, , for its application in designing 

for reliability, where: 

              = constant failure rate. 

            > 0 

            = 1 / MTBF 

                MTBF = mean time between failures, or to a failure. 

               MTBF > 0 

          T = operating time, life, or age, in hours, cycles, etc. 

       T         0  

 

There are several methods for estimating  in the single-parameter exponential failure 

distribution, however, it is important in designing for reliability, to first understand some of its 

statistical properties.  

 

a) Characteristics of the one-parameter Exponential Distribution: 

The statistical characteristics of the one-parameter exponential distribution are better understood 

by examining its parameter, , and the effect that this parameter has on the exponential 

probability density function, as well as the reliability function. 

 

Eq. 2.3.2.84 
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Effects of  on the Probability Density Function: 

 

 The scale parameter is 1 /  =   m. The only parameter it has is the failure rate, . 

 As  is decreased in value, the distribution is stretched out to the right. 

 This distribution has no shape parameter as it has only one shape, i.e. the exponential. 

 The distribution starts at T = 0 where f ( T = 0 ) =  and decreases thereafter 

exponentially as T increases, and is convex as T    , f ( T )  0. 

 This probability density function (p.d.f.) can be thought of as a special case of the 

Weibull probability density function with  = 1. 

  

 

 
 

Figure 2.3.2.n. Effects of  on the Probability Density Function 
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Effects of  on the Reliability Function: 

 

  The failure rate of the reliability function is represented by the parameter . 

 The failure rate of the reliability function is constant. 

 The one-parameter exponential reliability function starts at the value of 1 at T = 0.  

 As T    , R ( T )  0. 

 

 

 
 

   Figure 2.3.2.o. Effects of  on the Reliability Function 
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b) Estimating the Parameter of the Exponential Distribution: 

 

The parameter of the exponential distribution can be estimated graphically by probability 

plotting or analytically by either least squares or maximum likelihood. 

  

Probability Plotting: 

The graphical method of estimating the parameter of the exponential distribution is by 

probability plotting which is illustrated through the following example. 

 

Estimating the parameter of the exponential distribution with probability plotting: 

Assume six identical units have pilot reliability test results at the same application and operation 

stress levels. All of these units appear to have failed after operating for the following test periods 

(in hours), 96, 257, 498, 763, 1051 and 1744. The steps for estimating the parameter of the 

exponential probability density function, using probability plotting, are as follows: 

  

  Time to failure     Failure order     Median Rank 

            (hrs)          number              % 

    96    1   10.91 

  257    2   26.44 

  498    3   42.14 

  763    4   57.86 

           1051    5   73.56 

          1744    6   89.10 

 

Table 2.3.2.g. Median Rank Table for Failure Test Results 

 

The times to failure are sorted from small to large values and median rank percentages 

calculated. Median rank positions are used instead of other ranking methods because median 

ranks are at a specific confidence level (50%). Exponential probability plots use scalar data 

arranged in rank order for the X-axis of the probability plot. The Y-axis plot is found from a 

statistical technique called Benard’s median rank position [Abernethy R.B. 1992]. 
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Determining the X and Y Position of the Plot Points: 

The points plotted represent times-to-failure data in reliability analysis. For example, the times to 

failure in Table 2.3.2.g. would be used as the x values or time values. Determining what the 

appropriate y plotting position, or the unreliability values, should be is a little more complex. To 

determine the y plotting positions a value indicating the corresponding unreliability for that 

failure must first be determined. In other words, the cumulative percent failed must be obtained 

for each time-to-failure. In the example, the cumulative percent failed by 96 hours is 17%, by 

257 hours 34% and so forth. This is a simple method illustrating the concept. The problem with 

this simple method is the fact that the 100% point is not defined on most probability plots, thus 

an alternative and more robust approach must be used. The most widely used method of 

determining this value is the method of obtaining the median rank for each failure. 

  

Method of Median Ranks: 

Median ranks are used to obtain an estimate of the unreliability, U ( T j ) for each failure. It is the 

value that the true probability of failure, Q ( T j ) should have at the j-th failure out of a sample 

of N components, at a 50% confidence level. This essentially means that this is a best estimate 

for the unreliability: Half of the time the true value will be greater than the 50% confidence 

estimate, while the other half of the time the true value will be less than the estimate. The 

estimate is then based on a solution of the binomial distribution. 

  

The rank can be found for any percentage point, P, greater than zero and less than one, by 

solving the cumulative binomial distribution for Z. This represents the rank, or unreliability 

estimate, for the the j-th failure in the following equation for the cumulative binomial 

distribution: 

 

         N 

P =      ( N k ) Z k ( 1 – Z ) N - k 

       k = j      

  

Where:    N  =  the sample size  

j  =  the order number. 

  

Eq. 2.3.2.85 
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The median rank is obtained by solving the following equation for Z at P = 0.50. 

  

         N 

0.50 =      ( N k ) Z k ( 1 – Z ) N - k 

       k = j      

 

For example, if N = 6 and we have six failures, the median rank equation would be solved six 

times, once for each failure with j = 1, 2, 3, 4, 5, and 6, for the value of Z. This result can then be 

used as the unreliability estimate for each failure, or the y plotting position. The solution of 

Equation 2.3.2.86. for Z requires the use of numerical methods. A quick though less accurate 

approximation of the median ranks is given by the following expression. This approximation of 

the median ranks is known as Benard's approximation [Abernethy R.B. 1992]: 

 

MR =  j – 0.3      

   

  N + 0.4 

 

Thus for the six failures in Table 2.3.2.g. the following values are equated: 

 

Failure  Bernard’s Approx.              Binomial Eqtn.  Error Margin 

 

Failure 1:  MR1 = 0.7      =     10.94  10.91  + 0.275% 

6.4 
 

Failure 2:  MR2 = 1.7      =     26.56  26.44  + 0.454% 

6.4 
 

Failure 3:  MR3 = 2.7      =     42.19  42.14  + 0.120% 

6.4 
 

Failure 4:  MR4 = 3.7      =     57.81  57.81  - 0.086% 

6.4 
 

Failure 5:  MR5 = 4.7      =     73.44  73.44  - 0.163% 

6.4 
 

Failure 6:  MR6 = 5.7      =     89.06  89.06  + 0.045% 

6.4 

 

 

 

 

Eq. 2.3.2.86 

Eq. 2.3.2.87 
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Kaplan-Meier Estimator: 

The Kaplan-Meier estimator is used as an alternative to the median ranks method for 

calculating the estimates of the unreliability for probability plotting purposes: 

               i 

F ( t i )  = 1     -     n j – r j i = 1, 2, 3, … m 

         j = 1      n j 
 

 Where:       m  =  total number of data points 

n =  the total number of units. 

 

      i – 1  i - 1 

And:    ni =    S j     -    R j  i = 1, 2, 3, … m 

      j = 0  j = 0 
 

Where:       R j  =  number of failures in the j-th data group 

S j  =  number of surviving units in the j-th data group. 

 

The exponential probability graph is based on a log-linear scale as illustrated in Figure 2.3.2.k. 

The best possible straight line is drawn that goes through the t = 0 and R ( t ) =100% point, and 

through the plotted points for the times on the x-axis and their corresponding rank value on the 

y-axis. A horizontal line is drawn at the ordinate point Q ( t ) = 63.2% or R ( t ) = 36.8%, until 

this line intersects the fitted straight line. A vertical line is then drawn through this intersection 

until it crosses the abscissa. The value at the abscissa is the estimate of the mean. For this 

example, MTBF = 833 hr which means that  = 1 / MTBF = 0.0012. This is always at 63.2% 

since Q ( T ) = 1- e – 1 = 63.2%. 

 

The reliability value for any mission or operational time t can be obtained. For example, the 

reliability for an operational duration of 1200 hrs can now be obtained. To obtain the value from 

the plot, a vertical line is drawn from the abscissa, at t = 1200 hrs, to the fitted line. A horizontal 

line from this intersection to the ordinate is drawn and R ( t ) obtained. This value can also be 

obtained analytically, from the exponential reliability function. In this case, R ( t ) = 98.15%. 

 

Eq. 2.3.2.88 
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Figure 2.3.2.p. Example Exponential Probability Graph 

 

   R ( t )  = 1 – U 

 

   At  t = 1200 hrs 

    U = 1.85 % 

   Thus: 

    

   R ( 1200 ) = 98.15 % 

 

U 1200  

= 1.85 
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c) Determining the Maximum Likelihood Estimation Parameter (MLE): 

 

The parameter of the exponential distribution can also be estimated using the maximum 

likelihood estimation (MLE) method. This log-likelihood function is composed of two 

summation portions: 

 

        F     S 

 = ln ( L )  =    N i . ln [  e - 
 T i ]  -     Ň i .  Ť i 

      i = 1              i = 1 

 

Where:  F is the number of groups of times-to-failure data points. 

N i is the number of times-to-failure in the i-th time-to-failure data group. 

 is the failure rate parameter (unknown apriori, the only parameter to be found). 

T i is the time of the i-th group of time-to-failure data. 

S is the number of groups of suspension data points. 

Ň i is the number of suspensions in the i-th group of suspension data points. 

Ť i is the time of the i-th suspension data group. 

 

 The solution will be found by solving for a parameter  so that ∂ () / ∂  = 0 where, 

  

        F           S 

∂ (  )  =    N  i . [ 1  - T  i ]  -     Ň i . Ť i 

     ∂    i = 1                i = 1 

 

Where:  F is the number of groups of times-to-failure data points. 

N i is the number of times-to-failure in the i-th time-to-failure data group. 

 is the failure rate parameter (unknown apriori, the only parameter to be found). 

T i is the time of the i-th group of time-to-failure data. 

S is the number of groups of suspension data points. 

Ň i is the number of suspensions in the i-th group of suspension data points. 

Ť i is the time of the i-th suspension data group. 

 

Eq. 2.3.2.89 

Eq. 2.3.2.90 
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2.3.2.C.iii. Expansion of the Weibull Distribution Model 

 

a) Characteristics of the 2-Parameter Weibull Distribution: 

The characteristics of the 2-parameter Weibull distribution can be exemplified by examining the 

two parameters, , and , and the effect they have on the Weibull probability density function, 

reliability function, and failure rate function.  

  

Changing the value of , the shape parameter or slope of the Weibull distribution changes the 

shape of the probability density function (p.d.f.) as shown in Figure 2.3.2.l. In addition, when the 

cumulative distribution function (c.d.f.) is plotted, as shown in Figure 2.3.2.m. a change in  

results in a change in the slope of the distribution. 

  

Effects of  on the Weibull p.d.f. 

The parameter  is dimensionless, with the following effects on the Weibull p.d.f. 

 

 For 0 <  < 1, the failure rate decreases with time and: 

As T  0, f ( T )  . 

As T  , f ( T )  0. 

f ( T ) decreases monotonically and is convex as T increases. 

The mode ů is non-existent. 

 

 For  = 1, it becomes the exponential distribution, as a special case, with: 

f ( T )   = 1 /   e – T /  for  > 0, T  0 

  1 /     =   the chance, useful life, or failure rate. 

  

 For  > 1, f ( T ) assumes wear-out type shapes i.e. the failure rate increases with time: 

f ( T )   =  0 at T = 0. 

f ( T ) increases as T  ů (mode) and decreases thereafter. 
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For  = 2 the Weibull p.d.f. becomes the Rayleigh distribution. For  < 2.6 the Weibull p.d.f. is 

positively skewed, and for 2.6 <  < 3.7 its coefficient of skewness approaches zero (no tail), 

and approximates the normal p.d.f. For  > 3.7 the Weibull p.d.f.  is negatively skewed. 

      

 

Figure 2.3.2.q. Weibull p.d.f. with 0 <  < 1,  = 1,  > 1 and a fixed  

[ReliaSoft Corporation] 

 

From Figure 2.3.2.q: 

For 0 <  < 1:  T  0, f ( T )  .  T  , f ( T )  0. 

For   = 1:  f ( T )  = 1 /   e – T /  T  , f ( T )  0. 

For   > 1:  f ( T )  = 0 at T = 0.  T  ů, f ( T )  > 0.  
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Effects of  on the Weibull Reliability Function and the c.d.f. 

Considering first the Weibull unreliability function, or cumulative distribution function, F ( t ), 

the following effects of  are observed: 

 For 0 <  < 1, and constant , F ( T ) is linear with minimum slope and values of F ( T ) 

ranging from 5 to below 90.00 . 

 For  = 1 and constant , F ( T ) is linear with a steeper slope and values of F ( T ) 

ranging from below 1 to above 90.00 . 

 For  > 1 and constant , F ( T ) is linear with maximum slope and values of F ( T )  

ranging from well below 1 to well above 99.90 . 

 

 

Figure 2.3.2.r. Weibull c.d.f. or Unreliability vs. Time 

[ReliaSoft Corporation] 
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Considering the Weibull reliability function, or one minus the cumulative distribution function, 

1 - F ( t ), the following effects of  are observed: 

 

 For 0 <  < 1, and constant , R ( T ) is convex, and decreases sharply and 

monotonically. 

 For  = 1 and constant , R ( T ) is convex, and decreases monotonically but less 

sharply. 

 For  > 1, and constant , R ( T ) decreases as T increases but less sharply than before, 

and as wear-out sets in, it decreases sharply and goes through an inflection point. 

 

 

Figure 2.3.2.s. Weibull 1-c.d.f. or Reliability vs. Time 

[ReliaSoft Corporation] 

 



 176 

Effects of   on the Weibull Failure Rate Function: 

The Weibull failure rate for 0 <  < 1 is unbounded at T = 0. The failure rate  (T) decreases 

thereafter monotonically and is convex, approaching the value of zero as T  0 or  () = 0. 

This behaviour makes it suitable for representing the failure rates of components that exhibit 

early-type failures, for which the failure rate decreases with age. 

 

 

Figure 2.3.2.t. Weibull Failure Rate vs. Time 

[ReliaSoft Corporation] 

When such behavior is encountered in pilot tests, the following conclusions may be drawn: 

 Burn-in testing and/or environmental stress screening are not well implemented. 

 There are problems in the process line, affecting the expected life of the component. 

 Inadequate quality control of component manufacture is bringing about early failure. 
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Effects of   on the Weibull Failure Rate Function and Derived Failure Characteristics: 

The effects of  on the hazard or failure rate function of the Weibull distribution result in several 

observations and conclusions about the characteristics of failure: 

 

 When  =1, the hazard rate  (T) yields a constant value of 1 /  where:  

  

 (T)  =  = 1 /  

 

This parameter becomes suitable for representing the hazard or failure rate of chance-type 

or random failures, as well as the useful life period of the component. 

  

 When  > 1, the hazard rate  (T) increases as T increases, and becomes suitable for 

representing the failure rate of components exhibiting wear-out type failures. 

 

 For 1<  < 2 the  (T) curve is concave, consequently the failure rate increases at a 

decreasing rate as T increases. 

  

 For  = 2, the  (T) curve represents the Rayleigh distribution, where: 

 

 (T)  = 2 /  ( T /  ) 

 

There emerges a straight-line relationship between  (T) and T, starting with a failure 

rate value of  (T) = 0 at T = 0, and increasing thereafter with a slope of: 2 / 2. 

Consequently, the failure rate increases at a constant rate as T increases. Furthermore, if 

 = 1 the slope equals 2, and  (T) becomes a straight line which passes through the 

origin with a slope of 2. 

  

 When  > 2 the  (T) curve is convex, with its slope increasing as T increases. 

Consequently, the failure rate increases at an increasing rate as T increases, indicating 

component wear-out. 
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The Scale Parameter : 

As noted earlier,  is the scale parameter of the Weibull distribution. The parameter  has the 

same units as T, such as hours, kilometers, cycles, actuations, etc. A change in the scale 

parameter  has the same effect on the distribution as a change of the abscissa scale: 

 

 If  is increased while  is kept the same, the distribution gets stretched out to the right 

and its height decreases, while maintaining its shape and location. 

 If  is decreased while  is kept the same, the distribution gets pushed in toward the left 

(i.e. towards 0) and its height increases. 

 

 

Figure 2.3.2.u. Weibull p.d.f. with  = 50,  = 100,  = 200 

[ReliaSoft Corporation] 
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b) The Three Parameter Weibull Model: 

 

The mathematical model for reliability of the Weibull distribution has so far been determined 

from a two parameter Weibull distribution formula, where the two parameters are  and  

respectively. The mathematical model for reliability of the Weibull distribution can also be 

determined from a three parameter Weibull distribution formula, where the three parameters 

are: 

     = shape parameter or failure pattern 

     = scale parameter or characteristic life 

     = location, position or minimum life parameter 

 

This reliability model is given as: 

                      

    R ( t ) = e 
- [ ( t -  )  /   ]

 
 

 

 

The three parameter Weibull distribution has wide applicability. The mathematical model for the 

cumulative probability, or the cumulative distribution function (c.d.f.) of the three parameter 

Weibull distribution is: 

            

    F ( t ) = 1    - e 
- [ ( t -  ) /  ]

  

 

Where:    F(t) = cumulative probability of failure 

     = location or position parameter 

     = scale parameter 

     = shape parameter 

 

 

 

Eq. 2.3.2.91 
 

Eq. 2.3.2.92 
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The location, position, or minimum life parameter : 

This parameter can be thought of as a guarantee period within which no failures occur, and a 

guaranteed minimum life could exist. This means that no appreciable or noticeable degradation or 

wear is evident before  hours of operation. However, when a component is subject to failure 

immediately after being placed in service, no guarantee or failure-free period is apparent:  

Then:  = 0. 

 

The scale or characteristic life parameter : 

This parameter is a constant and by definition is the mean operating period, or in terms of system 

unreliability is the operating period during which at least 63% of the system’s equipment is 

expected to fail. This ‘unreliability’ value of 63%, which is obtained from the previous formula: 

Q = (1 - R) = (100% - 37%), and can readily be determined from the reliability model by 

substituting specific values for  = 0, and t =  in the case of the Weibull graph being a straight 

line, and the period t being equal to the characteristic life or scale parameter  respectively. 

 

The shape or failure pattern parameter : 

 As its name implies,  determines the contour of the Weibull p.d.f. By finding the value of  for 

a given set of data, the particular phase of an equipment’s characteristic life may be determined: 

 

 When  < 1, the equipment is in a wear-in or infant mortality phase of its characteristic life, 

with a resulting decreasing rate of failure. 

 

 When  = 1, the equipment is in the steady operational period or service life phase of its 

characteristic life, with a resulting constant rate of failure.  

 

 When  > 1, the equipment begins to fail due to aging and/or degradation through use, and is 

in a wear-out phase of its characteristic life, with a resulting increasing rate of failure. 
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Since the probability of survival p(s), or reliability for the Weibull distribution is the unity 

complement of the probability of failure p(f), or failure distribution F(t), the following 

mathematical model for reliability will plot a straight line on logarithmic scales. 

                           

    R ( t )   = p ( s )   = e 
- [ ( t -  ) /  ]

  

 

To facilitate calculations for the Weibull parameters, a Weibull graph has been developed. 

Figure 2.3.2.v. shows the basic features of the Weibull graph. 

 

        

                                                                                                                

                              0.0        1.0                           n          n 

 
 
 
 
                                                                                   
 
                                                                                   
 
 
 
 
 
 
 
 

 

 

 

The principal advantage of this method of the Weibull analysis of failure is that it gives a 

complete picture of the type of distribution that is represented by the failure data and 

furthermore, relatively few failures are needed to be able to make a satisfactory evaluation of the 

characteristics of component failure. 

 

 

 

Eq. 2.3.2.93 
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c) Procedure to Calculate the Weibull Parameters , , and : 

 

The procedure to calculate the Weibull parameters using the Weibull graph illustrated in Figures 

2.3.2.q. and 2.3.2.s. is given as follows: 

 

 The percentage failure is plotted on the y-axis against the age at failure on the x-axis (q-q). 

 If the plot is linear, then  = 0. If the plot is non-linear, then   0 and the procedure to make 

it linear by calculation is to add a constant value to the parameter  in the event the plot is 

convex relative to the origin on the Weibull graph, or to subtract a constant value from the 

parameter  in the event the plot is concave. Graphically, a best fit straight line through the 

original plot would suffice. 

 A line (pp) is drawn through the origin of the chart, parallel to the calculated linear Weibull 

plot (qq), or graphically estimated straight line fit. 

 The line (pp) is extended until it intersects the principal ordinate, (point i in Figure 2.3.2.q.). 

The value for  is then determined from the -scale at a point horizontally opposite the line 

(pp) intersection with the principal ordinate. 

 The linear Weibull plot (qq), or the graphically estimated straight line fit, is extended until it 

intersects the principal abscissa. The value for  is then found at the bottom of the graph, 

vertically opposite the linear principal abscissa intersection. 

 

d) Procedure to Derive the Mean Time Between Failures (MTBF)  : 

 

Once the Weibull parameters have been determined, Mean Time Between Failures (MTBF) 

may be evaluated. There are two other scales parallel to the -scale on the Weibull graph: 

 

         / n        and  / n 

 

Where:     = characteristic life 

     =  standard deviation 

    n = number of data points 
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The value on the  / n scale, adjacent to the previously determined value of , is determined. 

This value is in effect the Mean Time Between Failures (MTBF), as a ratio to the number of data 

points, or the percentage failures which were plotted on the y-axis against the age at failure. 

 

Thus:   MTBF  = scale value of  / n 

 

It is important to note that this mean value is referenced from the beginning of the Weibull 

Distribution and should therefore be added to the minimum life parameter  to obtain the true 

MTBF, as shown below in Figure 2.3.2.w. 

 

 

       

 

 

 

 

 

 

 

 

 

Figure 2.3.2.w. Minimum Life Parameter and True MTBF 

 

e) Procedure to Obtain the Standard Deviation : 

 

The standard deviation is the value on the  / n scale, adjacent to the determined value of . 

 

     = n  x  scale value of  / n 

 

The standard deviation value of the Weibull Distribution is used in the conventional manner and 

can be applied to obtain a general idea of the shape of the distribution. 

 

  

 START Commence WEIBULL Time 

True MTBF 

 Where:   True MTBF  =   From Start to Commence WEIBULL to Time 

  True MTBF            =           +   

MTBF 
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Figure 2.3.2.x. Revised Weibull Chart 
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2.3.2.C.iv. Qualitative Analysis of the Weibull Distribution Model 

 

It was stated earlier that the principal advantage of Weibull analysis is that it gives a complete 

picture of the type of distribution that is represented by the failure data, and that relatively few 

failures are needed to be able to make a satisfactory assessment of the characteristics of failure. 

A major problem arises though, when the measures and/or estimates of the Weibull parameters 

cannot be based on obtained data, and engineering design analysis cannot be quantitative. 

Credible and statistically acceptable qualitative methodologies to determine the integrity of 

engineering design in the case where data is not available or not meaningful, are included 

amongst others, in the concept of Information Integration Technology (IIT). 

 

IIT is a combination of techniques, methods, and tools for collecting, organizing, and analysing 

diverse information, and for utilizing that information to guide optimal decision-making. The 

method of Performance and Reliability Evaluation with Diverse Information Combination and 

Tracking (PREDICT) [Booker J.M. et al. 2000] is a highly successful example of IIT that has 

been applied in automotive system design and development, and in nuclear weapons storage. 

Specifically, IIT is a formal, multidisciplinary approach to evaluating the performance and 

reliability of engineering processes when data is sparse or non-existent. This is particularly 

useful when complex integrations of systems and their interactions makes it difficult and even 

impossible to gather meaningful statistical data that could allow for a quantitative estimation of 

the performance parameters of probability distributions, such as the Weibull distribution. 

 

The objective is to evaluate equipment reliability early in the detail design phase, by making 

effective use of all available information; expert knowledge, historical information, experience 

with similar processes, and computer models. Much of this information, especially expert 

knowledge, is not formally included in performance or reliability calculations of engineering 

designs, because it is often implicit, undocumented or not quantitative. The intention is to 

provide accurate reliability estimates for equipment while they are still in the engineering design 

stage. As equipment may undergo changes during the development or construction stage, or 

conditions change, or new information becomes available, these reliability estimates must be 

updated accordingly, providing a lifetime record of performance of the equipment. 
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a) Expert Judgment as Data: 

 

Expert judgment is the expression of informed opinion, based on knowledge and experience 

that experts make in responding to technical problems [Ortiz N.R. et al. 1991]. Experts are 

individuals who have specialist background in the subject area and are recognized by their peers 

as being qualified to address specific technical problems. Expert judgment is used in fields such 

as medicine, economics, engineering, safety/risk assessment, knowledge acquisition, the decision 

sciences, and in environmental studies [Booker J.M. et al. 2000]. 

 

Because expert judgment is often used implicitly, it is not always acknowledged as expert 

judgment, and is thus preferably obtained explicitly through the use of formal elicitation. 

Formal use of expert judgment is at the heart of the engineering design process, and appears in 

all its phases. For years, methods have been researched on how to structure elicitations so that 

analysis of this information can be performed statistically [Meyer M.A. and Booker J.M. 1991]. 

Expertise gathered in an ad hoc manner is not recommended [Booker J.M. et al. 2000]. 

Examples of expert judgment include; 

 

 the probability of an occurrence of an event, 

 a prediction of the performance of some product or process, 

 decision about what statistical methods to use, 

 decision about what variables enter into statistical analysis, 

 decision about which data sets are relevant for use, 

 the assumptions used in selecting a model, 

 decision concerning which probability distributions are appropriate to use, 

 description of information sources in arriving at any of the above responses. 

 

Expert judgment can be expressed quantitatively in the form of probabilities, ratings, estimates, 

weighting factors, distribution parameters, or physical quantities (e.g. costs, length, weight, etc.); 

or expert judgment can be expressed qualitatively in the form of textual descriptions, linguistic 

variables and natural language statements of quantities (e.g. minimum life or characteristic life, 

and burn-in, useful life or wear-out failure pattern). 
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Quantitative expert judgment can be considered to be data. However, qualitative expert judgment 

must be quantified in order for it also to be considered as data. However, even if expert judgment 

is qualitative, it can be given the same considerations as for data made available from tests or 

observations, particularly with respect to the following [Booker J.M. et al. 2000]: 

 

 Expert judgment is affected by how it is gathered. Elicitation methods take advantage of the 

body of knowledge on human cognition and motivation and include procedures for 

countering effects arising from the phrasing of questions, response modes, and extraneous 

influences from both the elicitor and the expert [Meyer M.A. and Booker J.M. 1991]. 

 

 The methodology of experimental design (i.e. randomised treatment) is similarly applied in 

expert judgment, particularly with respect to incompleteness of information. 

 

 Expert judgment has uncertainty, which can be characterized and subsequently analysed. 

Many experts are accustomed to giving uncertainty estimates in the form of simple ranges of 

values. In eliciting uncertainties however, the natural tendency is to underestimate it. 

 

 Expert judgment can be subject to conditioning factors. These factors include the 

information to be considered, the phrasing of questions, [Payne S. 1951], the methods of 

solving the problem, [Booker J.M. and Meyer M.A. 1988], and the experts’ assumptions, 

[Ascher W. 1978]. A formal structured approach to elicitation allows a better control over 

conditioning factors. 

 

 Expert judgment can be combined with other data through Bayesian updating, whereby an 

expert’s estimate can be used as a prior distribution for initial reliability calculation. The 

expert’s reliability estimates are updated when test data becomes available, using Bayesian 

methods [Kerscher W. et al. 1998]. 

 

 Expert judgment can be accumulated in knowledge systems with respect to technical 

applications (e.g., problem solving). For example, the knowledge system can address 

questions such as, “what is x under circumstance y?” or “what is the failure probability?”. 
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b) Uncertainty, Probability Theory and Fuzzy Logic Reviewed: 

 

A major portion of engineering design analysis focuses on propagating uncertainty through the 

use of distribution functions of one type or another, particularly the Weibull distribution in the 

case of reliability evaluation. Uncertainties enter into the analysis in a number of different ways. 

For instance, all data and information have uncertainties. Even when no data is available, and 

estimates are elicited from experts, uncertainty values usually in the form of ranges are also 

elicited. In addition, mathematical and/or simulation models have uncertainties regarding their 

input-output relationships, as well as uncertainties in the choice of models and in defining model 

parameters. Furthermore, different measures and units are often involved in specifying the 

performances of the various systems being designed. To map these performances into common 

units, conversion factors are often required. These conversions can also have uncertainties and 

require representation in distribution functions [Booker J.M. et al. 2000]. 

 

Probability theory provides a coherent means for determining uncertainties. There are other 

interpretations of probability besides conventional distributions, such as Relative Frequency 

Theory and Subjective Theory, as well as Bayes Theorem. Because of the flexibility of 

interpretation of Subjective Theory [Bement T.R. et al. 2000a], it is perhaps the best approach to 

a qualitative evaluation of system performance and reliability, through the combination of 

diverse information. For example, it is usually the case that some aspect of information relating 

to a specific design’s system performance and/or its design reliability is known, which is utilized 

in engineering design analysis before observations can be made. Subjective interpretation of such 

information also allows for the consideration of one-of-a-kind failure events, and to interpret 

these quantities as a minimal failure rate. 

 

Because reliability is a common performance metric and is defined as a probability that the 

system performs to specifications, probability theory is necessary in reliability evaluation. 

However, in using expert judgment due to unavailable data, not all experts may think in terms of 

probability. The best approach then, is to use alternatives such as possibility theory, fuzzy logic 

and fuzzy sets [Zadeh L.A. 1965] where experts think in terms of rules, such as if-then rules, for 

characterizing a certain type of ambiguity uncertainty. 
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For example, experts usually have knowledge about the system, expressed in statements such as: 

“If the temperature is too hot, the component’s expected life will rapidly diminish.” While this 

statement contains no numbers for analysis or for probability distributions, it does contain 

valuable information, and the use of membership functions are a convenient way to capture and 

quantify that information [Laviolette M. 1995; Smith R.E. et al. 1998]. However, reverting this 

information back into a probabilistic framework requires a bridging mechanism for the 

membership functions. Such a bridging can be accomplished using Bayes Theorem, whereby the 

membership functions may be interpreted as likelihoods [Bement T.R. et al. 2000b]. This 

bridging is illustrated in Figure 2.3.2.y. which depicts various methods used for formulating 

uncertainty [Booker J.M. et al. 2000]. 

 

 

                  

            

 

 

 

 

 

Where:  PDFs  =  Probability Density Functions; f ( t ) 

CDFs = Cumulative Distribution Functions; F ( t ) 

 

Figure 2.3.2.y. Theories for Representing Uncertainty Distributions 

[Booker J.M. et al. 2000] 

 

c) Application of Fuzzy Logic and Fuzzy Sets in Reliability Evaluation: 

 

Fuzzy logic or alternately fuzzy set theory, provides a basis for mathematical modelling and 

language in which to express quite sophisticated algorithms in a precise manner. For instance, 

fuzzy set theory is used to develop expert system models, which are fairly complex computer 

systems that model decision-making processes by a system of logical statements. 

 

 

From Probability (Crisp Set) Theory From Fuzzy Set and Possibility Theory 

PDFs CDFs Likelihoods Membership 

Functions 

Possibility 

Distributions 
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Fuzzy Sets and Membership Functions Reviewed: 

 

Fuzzy set theory is reviewed with the following definition: [Bezdek J.C. 1993]. 

 

Let X  be a space of objects (e.g. estimated parameter values), and x be a generic element of X. 

A classical set A, A X, is defined as a collection of elements or objects x X, such that each 

element x can either belong to or not be part of the set A. By defining a characteristic or 

membership function for each element x in X, a classical set A can be represented by a set of 

ordered pairs ( x, 0 ) or ( x, 1 ), which indicates x A or x A, respectively.  

 

Unlike conventional sets, a fuzzy set expresses the degree to which an element belongs to a set. 

Hence the membership function of a fuzzy set is allowed to have values between 0 and 1, 

which denote the degree of membership of an element in the given set. 

 

If X is a collection of objects denoted generically by x, then a fuzzy set A in X is defined as a set 

of ordered pairs where: 

 

     A = { ( x,  A ( x )) | x X } 

 

Where:   A ( x ) is called the membership function (or MF for short) for the fuzzy set A.  

 

The MF maps each element of X to a membership grade (or membership value) between 0 and 1 

(included). Obviously, the definition of a fuzzy set is a simple extension of the definition of a 

classical (crisp) set in which the characteristic function is permitted to have any values between 0 

and 1. If the value of the membership function is restricted to either 0 or 1, then A is reduced to a 

classical set. For clarity, reference to classical sets consider ordinary sets, crisp sets, non-fuzzy 

sets, or just sets. Usually X is referred to as the universe of discourse, or simply the universe, 

and it may consist of discrete (ordered or non-ordered) objects or it can be a continuous space. 

However, a crucial aspect of fuzzy set theory, especially with respect to IIT, is understanding 

how membership functions are obtained. 

 

Eq. 2.3.2.94 
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The usefulness of fuzzy logic and mathematics based on fuzzy sets in reliability evaluation, 

depends critically on the capability to construct appropriate membership functions for various 

concepts in various given contexts [Klir G.A. and Yuan B. 1995]. Membership functions are the 

fundamental connection between empirical data on one hand and fuzzy set models on the other, 

thus allowing for a bridging mechanism for reverting expert judgment on these membership 

functions back into a probabilistic framework, such as in the case of the definition of reliability. 

Formally, the membership function µx is a function over some domain, or property space, X, 

mapping to the unit interval, [0, 1]. The crucial aspect of fuzzy set theory is taken up in the 

following question: What does the membership function actually measure? It is an index of the 

membership of a defined set, that measures the degree to which object A with property x is a 

member of that set.  

 

The usual definition of a classical set uses properties of objects to determine strict membership 

or non-membership. The main difference between classical set theory and fuzzy set theory is that 

the latter accommodates partial set membership. This makes fuzzy set theory very useful for 

modelling situations of vagueness, that is, non-probabilistic uncertainty. For instance, there is a 

fundamental ambiguity about the term “failure characteristic” representing the parameter  of 

the Weibull probability distribution. It is difficult to put many items unambiguously into or out 

of the set of equipment currently in the burn-in or infant mortality phase; or service life phase; or 

wear-out phase of their characteristic life. Such cases are difficult to classify, and of course 

depend heavily on the definition of “failure” which depends on the item’s functional application. 

It is not so much a matter of whether the item could possibly be in a well-defined set, but rather 

that the set itself does not have firm boundaries.  

 

Unfortunately, there has been substantial confusion in the literature about the measurement level 

of a membership function. The general consensus is that a membership function is a ratio scale 

with two endpoints, however in a continuous order-dense domain, that is, one in which there is 

always a value possible between any two given values with no “gaps” in the domain, the 

membership function may be considered not much different from a mathematical interval 

[Norwich A.M. and Turksen I.B. 1983]. The membership function, unlike a probability measure, 

does not fulfil the concatenation requirement that underlies any ratio scale. [Roberts F.S. 1979]. 
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The simplest way to understand this is to consider the following: 

 

It is meaningful to add the probability of the union of two mutually exclusive events A and B;  

 

P ( A ) + P ( B ) = P ( A and B )  

 

because a probability measure is a ratio scale. It is not, however, meaningful to add the 

membership values of two objects or values in a fuzzy set. For instance, the sum; 

 

µ A + µ B  

 

may be arithmetically possible, but it is certainly not interpretable in terms of fuzzy sets.  

 

There does not seem to be any other concatenation operator in general that is meaningful. 

[Norwich A.M. and Turksen I.B. 1983]. For example, if one were to add together two failure 

probability values in a series configuration, it makes sense to say that the probability of failure of 

the combined system is the sum of the two probabilities. However, if one were to take two 

failure probability parameters that are elements of fuzzy sets, (such as the failure characteristic 

parameter  of the Weibull probability distribution), and attempt to sensibly add them together, 

there is no natural way to combine them; unlike the failure probability. 

 

By far the most common method for assigning membership is based on direct, subjective 

judgments by one or more experts. This is the method recommended for IIT. In this method, an 

expert rates values (such as the Weibull parameters) on a membership scale, assigning 

membership values directly and with no intervening transformations. For conceptually simple 

sets such as “expected life” this method achieves the objective quite well, and should not be 

neglected as a means of obtaining membership values. However, the method has many 

shortcomings. Experts are often better with simpler estimates, e.g. paired comparisons or 

generating ratings on several more concrete indicators, than they are at providing values for one 

membership function of a relatively complex set.  

 

Eq. 2.3.2.95 
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Membership Functions and Probability Measures: 

One of the most controversial issues in uncertainty modelling and the information sciences is the 

relationship between probability theory and fuzzy sets. The main points made here are as follows 

[Dubois D. and Prade H. 1993a]: 

 

 Fuzzy set theory is a consistent body of mathematical tools.  

 Although fuzzy sets and probability measures are distinct, there are several bridges 

relating them, including random sets and belief functions, and likelihood functions. 

 Possibility theory stands at the crossroads between fuzzy sets and probability theory.  

 Mathematical algorithms that behave like fuzzy sets exist in probability theory in that 

they may produce random partial sets. This does not mean that fuzziness is reducible to 

randomness.  

 There are ways of approaching fuzzy sets and possibility theory that are not conducive to 

probability theory.  

 

Some interpretations of fuzzy sets are in agreement with probability calculus and some are not. 

However, despite misunderstandings between fuzzy sets and probabilities, it is just as essential to 

consider probabilistic interpretations of membership functions (which may help in membership 

function assessment), as what it is to consider non-probabilistic interpretations of fuzzy sets. 

Some risk for confusion may be present though, in the way various definitions are understood: 

From the original definition [Zadeh L.A. 1965] a fuzzy set F on a universe U is defined by a 

membership function  F : U  [0, 1] and  F (u) is the grade of membership of element u in F 

(let U be restricted to a finite universe for simplicity). In contrast, a probability measure P is a 

mapping 2U  [0, 1] that assigns a number P (A) to each subset of U, and satisfies the axioms : 

 

P (U) = 1 ; P (Ø) = 0 

    

P (A  B) = P (A) + P (B) if A  B = Ø 

 

P (A) is the probability that an ill-known single-valued variable x ranging on U coincides with 

the fixed well-known set A.  

 

Eq. 2.3.2.96 
 

Eq. 2.3.2.97 
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A typical misunderstanding is to confuse the probability P (A) with a membership grade. When 

 F (u) is considered, the element u is fixed and known, and the set is ill-defined, whereas with 

P (A), the set A is well defined while the value of the underlying variable x, to which P is 

attached, is unknown. A set-theoretic calculus for probability distributions has been developed 

under the name of Lebesgue logic [Bennett B.M. et al. 1992]. 

 

Possibility Theory and Fuzzy Sets Reviewed: 

Related to fuzzy sets is the development of the theory of possibility, [Zadeh L.A. 1978], and its 

expansion, [Dubois D. and Prade H. 1988]. Possibility theory appears as a more direct contender 

to probability theory than fuzzy sets, because it also proposes a set-function that quantifies the 

uncertainty of events [Dubois D. and Prade H. 1993a]. 

 

Consider a possibility measure on a finite set U as a mapping from 2U to [0, 1] such that: 

 

(Ø) = 0  

 

(A  B) = max ((A), (B)) 

 

The condition (U) = 1 is to be added for normal possibility measures. They are completely 

characterized by the possibility distribution   : U  [0, 1] (such that  (u) = 1 for some u  U, 

in the normal case) since (A) = max{  (u), u  A}.  

 

In the infinite case, the equivalence between  and  requires that equation 2.3.2.99. be 

extended to an infinite family of subsets. Zadeh views the possibility distribution  as being 

determined by the membership function  F of a fuzzy set F. [Zadeh L.A. 1978]. This does not 

mean however, that the two concepts of a fuzzy set and of a possibility distribution are the same 

[Dubois D. and Prade H. 1993a]. 

 

Eq. 2.3.2.98 
 

Eq. 2.3.2.99 
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Zadeh's equation:  x (u) =  F (u) is similar to equating a likelihood function to a conditional 

probability where  x (u) represents  ( x = u | F ) since it estimates the possibility that the 

variable x is equal to the element u, knowing the incomplete state of knowledge "x is F". 

Furthermore,  F (u) estimates the degree of compatibility of the precise information x = u with 

the statement "x is F". 

 

Possibility theory and probability theory may be viewed as complementary theories of 

uncertainty that model different kinds of states of knowledge. However, possibility theory has 

the ability to model ignorance in a non-biased way, while probability theory, in its Bayesian 

approach, cannot account for ignorance. This can be explained with the following definition of 

Bayes’ Theorem which incorporates the concept of conditional probability. In this case, 

conditional probability  cannot be used directly in cases where ignorance prevails, for example; 

“of the i components belonging to system F, j definitely have a high failure rate”. Almost all the 

values for these variables are unknown. However, what might be known, if only informally, is 

how many components might fail out of a set F, if a value for the characteristic life parameter  

of the system was available. As indicated previously, this parameter is by definition the mean 

operating period in which the likelihood of component failure is 63%, or conversely, it is the 

operating period during which at least 63% of the system’s components are expected to fail. 

Thus: 

P  (component failure f |  )   63% 

 

In this case the Weibull characteristic life parameter  must not be confused with the possibility 

distribution , and it would be safer to consider the probability in the following format: 

 

P  (component failure f | characteristic life c )   63% 

 

Bayes’ theorem of probability states that if the likelihood of component failure and the number 

of components in the system are known, the conditional probability of the characteristic life of 

the system (i.e. MTBF) may be evaluated, given an estimated number of component failures. 
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Thus:    P ( c | f )  =    P ( c ) P ( f | c ) 

        

        P ( f ) 
 

Or:    | c  f |  = | c |  x | f  c |    x   F  

                
       | f |    F    | c |        | f | 

 

Where:    | c  f |  = | f  c |  

 

The point of Bayes’ theorem is that the probabilities on the right side of the equation are easily 

available by comparison to the conditional probability on the left side. However, if the estimated 

number of component failures is not known (i.e. ignorance of the probability of failure), then the 

conditional probability of the characteristic life of the system (i.e. MTBF) cannot be evaluated. 

Thus probability theory in its Bayesian approach, cannot account for ignorance. On the contrary, 

possibility measures are decomposable (however, with respect to union only), and: 

 

N ( A ) = 1 –  ( Ã ) 

 

Where:    the certainty of A is = 1 – the impossibility of A,  

Ã is the complement (impossibility) of A , and  

N ( A ) is a degree of certainty which is compositional  

with respect to intersection only, i.e: 

 

N ( A  B ) = min ( N ( A ), N ( B )) 

 

When one is totally ignorant about event A we have: 

 

 ( A ) =  ( Ã ) = 1 and N ( A ) = N ( Ã ) = 0  

 

While:     ( A  Ã ) = 0 and N ( A  Ã ) = 1 

  

This ability to model ignorance in a non-biased way is a typical asset of possibility theory. 

 

Eq. 2.3.2.100 
 

Eq. 2.3.2.102 
 

Eq. 2.3.2.103 
 

Eq. 2.3.2.104 
 

Eq. 2.3.2.105 
 

Eq. 2.3.2.101 
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The Likelihood Function: 

Engineering design analysis is rarely involved with directly observable quantities. The concepts 

used for design analysis are, by and large, set at a fairly high level of abstraction and related to 

abstract design concepts. The observable world only impinges on these concepts indirectly. 

Requiring design engineers to rate conceptual objects on membership in a highly abstract set 

may be very difficult, and thus time and resources would be better spent using expert judgment 

to rate conceptual objects on more concrete scales, which are subsequently combined into a 

single index by an aggregation procedure [Klir A. and Yuan B. 1995].  

 

Furthermore, judgment bias or inconsistency can creep in when ratings need to be estimated for 

conceptually complicated sets - which abound in engineering design analysis. It is much more 

difficult to defend a membership rating that comes solely from expert judgment when there is 

little to support the procedure besides the expert’s status as an expert. It is thus better to have a 

formal procedure in place that is transparent, such as IIT [Booker J.M. et al. 2000]. 

 

Furthermore, it is essential that the expert judgment relates to empirical evidence. It is necessary 

to establish a relatively strong metric basis for membership functions for a number of reasons, 

the most important being the need to revert information that contains no numbers for analysis or 

for probability distributions, and that was captured and quantified by the use of membership 

functions, back into a probabilistic framework for further analysis. As indicated before, such a 

bridging can be accomplished using Bayes Theorem whereby the membership functions may be 

interpreted as likelihoods [Bement T.R. et al. 2000b].  

 

The objective is to interpret the membership function of a fuzzy set as a likelihood function. 

This idea is not new in fuzzy set theory [Loginov V.I. 1966], and has been the basis of 

experimental design methods for constructing membership functions. The likelihood function is 

a fundamental concept in statistical inference. It indicates how likely a particular set of values 

will contain an unknown estimated value. For instance, suppose an unknown random variable u 

that takes values in the set U is to be estimated. Suppose also that the distribution of u depends 

on an unknown parameter 'F', with values in the parameter space F. Let P ( u; 'F' ) be the 

probability distribution of the variable u, where 'F' is the parameter vector of the distribution.  
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If xo is the estimate of variable u, an outcome of expert judgment, then the likelihood function L 

is given by the following relationship; 

 

L ( 'F' | xo ) = P ( xo | 'F' )  

 

In general, both u and xo are vector valued. In other words, the estimate xo is substituted instead 

of the random variable u into the expression for probability of the random variable, and the new 

expression is considered to be a function of the parameter vector 'F'.  

 

The likelihood function may vary due to various estimates from the same expert judgment. Thus 

in considering the probability density function of u at xo which is denoted by f ( u | 'F' ), the 

likelihood function L is obtained by reversing the roles of 'F' and u; that is, 'F' is viewed as the 

variable and u as the estimate, (which is precisely the point of view in estimation): 

 

L ( 'F' | u ) = f ( u | 'F' ) for 'F' in F and u in U 

 

The likelihood function itself is not a probability (nor density) because its argument is the 

parameter 'F' of the distribution, not the random variable (vector) u. For example, the sum (or 

integral) of the likelihood function over all possible values of F should not be equal to 1. Even if 

the set of all possible values of F is discrete, the likelihood function still may be continuous (as 

far as the set of parameters F is continuous).  

 

In the method of maximum likelihood, a value u of the parameter 'F' is sought, that will 

maximize L ('F' | u ) for each u in U; i.e. max u  F L ('F' | u ). The method determines the 

parameter values that would most likely produce the values estimated by expert judgment. 

 

In an IIT context, consider a group of experts, wherein each expert is asked to judge whether the 

variable u, where u  U, can be part of a fuzzy concept F or not. In this case the likelihood 

function L ( 'F' | u ) is obtained from the probability distribution P ( u; 'F' ), and basically 

represents the proportion of experts that answered yes to the question. The function 'F' is the 

corresponding non-fuzzy parameter vector of the distribution. [Dubois D. and Prade H. 1993a].  

 

Eq. 2.3.2.106 
 

Eq. 2.3.2.107 
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The membership function  F (u) of the fuzzy set F is the likelihood function L ( 'F' | u ): 

 

     F (u) = L ( 'F' | u )   u  U 

 

This relationship will lead to a cross-fertilisation of fuzzy set and likelihood theories, provided it 

does not rely on a dogmatic Bayesian approach. The premise of Eq. 2.3.2.108. is to view the 

likelihood in terms of a conditional uncertainty measure, here a probability. Other uncertainty 

measures may be used as well, for instance the possibility measure , i.e. 

 

 F (u) =  ( 'F' | u )    u  U 

 

This expresses the equality of the membership function describing the fuzzy class F viewed as a 

likelihood function with the possibility that an element u is classified in F. This can be justified 

starting with a possibilistic counterpart of Bayes theorem, [Dubois D. and Prade H. 1990]; 

 

min (  ( u | 'F' ),  ( 'F' )) = min (  ( 'F' | u ),  ( u )) 

 

assuming that no a priori (from cause to effect) information is available, i.e:  ( u ) = 1 u, 

which leads to: 

 ( u | 'F' ) =  ( 'F' | u )  

 

Where:     is the conditional possibility distribution that u relates to 'F' 

 

 

Fuzzy Judgment in Statistical Inference: 

Direct relationships between likelihood functions and possibility distributions have been pointed 

out in the literature, [Thomas S.F. 1979], inclusive of interpretations of the likelihood function as 

a possibility distribution in the law of total probabilities [Natvig B. 1983]. 

 

Eq. 2.3.2.108 
 

Eq. 2.3.2.109 
 

Eq. 2.3.2.111 
 

Eq. 2.3.2.110 
 



 200 

The likelihood function is treated as a possibility distribution in classical statistics for so-called 

maximum likelihood ratio tests. Thus, if some hypothesis of the form u  F is to be tested 

against the opposite hypothesis u  F on the basis of estimates of 'F', and the knowledge of the 

elementary likelihood function L ('F' | u ), u  U, then the maximum likelihood ratio is the 

comparison between max u  F L ('F' | u ) and max u  F L ('F' | u ), whereby the conditional 

possibility distribution  ( u | 'F' ) = L ('F' | u ) [Barnett V. 1973; Dubois D. et al. 1993a].  

If, instead of the parameter vector 'F', empirical values for expert judgment J are used, then: 

 

 ( u | J )  =  L ( J | u ) 

 

The Bayesian updating procedure in which expert judgment can be combined with further 

information, can be reinterpreted in terms of fuzzy judgment whereby an expert’s estimate can 

be used as a prior distribution for initial reliability until further expert judgment is available. 

Then: 

P ( u | J )  =  L ( J | u ) · P ( u )  

    

P ( J ) 

 

Thus, if p represents the base of the probability of failure of some components in an assembly set 

F, and the component under scrutiny is classed "critical", where "critical" is defined by the 

membership function   critical , then the a posteriori (from effect to cause) probability can be 

computed: 

p ( u | critical )   =   critical ( u ) · p ( u )  

    

         P (critical) 

 

Where  critical ( u ) is interpreted as a likelihood function and the probability of a fuzzy event 

is: [Zadeh L.A. 1968] and [Dubois D. et al. 1990]. 

 

    P (critical)     =        

1

  critical ( u )  d P ( u )  

        0 

 

Eq. 2.3.2.113 
 

Eq. 2.3.2.115 
 

Eq. 2.3.2.112 
 

Eq. 2.3.2.114 
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d) Application of Fuzzy Judgment in Reliability Evaluation: 

 

The following methodology considers the combination of all available information to produce 

parameter estimates for application in Weibull reliability evaluation [Booker J.M. et al. 2000]. 

Following the procedure flowchart in Figure 2.3.2.z. the resulting fuzzy judgment information is 

in the form of an uncertainty distribution for the reliability of some engineering system design. 

This is defined at particular time periods for specific requirements such as system warranty.  

 

The random variable for the reliability is given as R ( t ), where t, is the period in an appropriate 

time measure (hours, days, months etc.), and the uncertainty distribution function is f ( R; t, ), 

where is the set of Weibull parameters, ( i.e.  = failure rate,  = shape parameter or failure 

pattern,  = scale parameter or characteristic life, and  = location, or minimum life parameter). 

For simplicity, consider specific sources of information for estimating R ( t ) and f ( R; t, ), 

from expert judgment and from information arising from similar systems. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

        Figure 2.3.2.z. Methodology of Combining Available Information 

 

Define Design Requirements 

Define Performance Measures 

Structure the System 

Elicit Expert Judgment 

Utilize Blackboard Database 

Calculate Initial Performance 
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Structuring the System for System Level Reliability: 

Structuring the system is done according to the methodology of Systems Breakdown Structuring 

(SBS) whereby an in-series system consisting of four levels is considered, namely: 

 

 Level 1: Process level 

 Level 2: System level 

 Level 3: Assembly level 

 Level 4: Component level 

 

In reality, failure causes (mechanisms) are also identified at the parts level, below the component 

level, but this extension is not considered here. Reliability estimates for the higher levels may 

come from two sources; information from the level itself, as well as from integrated estimates 

arising from the lower levels. 

 

The reliability for each level of the in-series system is defined as the product of the reliabilities 

within that level. The system level reliability is the product R S of all the lower level reliabilities: 

 

        n S  

R (t, )   =   R S ( t,   j )    for n S levels 
                  j =1  

 

R S ( t,   j ) is a specific reliability model in the form of a probability distribution such as a 

three-parameter Weibull reliability function with: 

   

    R S ( t, j,  j,  j ) =  e 
- [ ( t -  ) /  ]

  

 

This reliability model must be physically appropriate and mathematically correct for the system 

being designed, and must be applicable for reliability evaluation during the detail design phase of 

the engineering design process.  

 

Eq. 2.3.2.116 
 

Eq. 2.3.2.117 
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It should be noted that estimates for the failure rate or hazard function for each component, 

are also obtained from estimates of the three Weibull parameters, ,  and .  For practical 

reasons, it is convenient to leave the  location parameter out of the initial estimation. This 

simplification, which amounts to an assumption that  = 0 is frequently necessary in order to 

better estimate the  and  Weibull parameters. The  location parameter, or minimum life 

represents the period within which no failures occur at the onset of a component’s life-cycle. 

 

The  shape parameter or failure pattern normally fits the early functional failure ( < 1) and 

useful life ( = 1) characteristics of the system, from an implicit understanding (and expectation) 

of the design’s reliability distribution, through the corresponding hazard curve’s “bathtub” shape. 

The  scale parameter or characteristic life, is an estimate of the MTBF or the required 

operating period prior to failure. Usually for the conceptual and schematic design phases of a 

system, test data is absent. Information sources at this point of reliability evaluation in the 

system’s detail design phase, still reside mainly within the collective knowledge of the design 

experts, however, other information sources might include data from previous studies, test data 

from similar processes or equipment, and simulation or physical (industrial) model outputs.  

 

The two-parameter Weibull cumulative distribution function is applied to all three of the phases 

of the hazard rate curve or equipment ‘life characteristic curve’, and the equation for the 

Weibull probability density function is the following (from Eq. 2.3.2.51): 

 

    f ( t ) =  . t 
(    - 1 )

   .  e 
– t  /   

  

 

       

 

Where:    t = the operating time for which the reliability   

      R(t) of the component must be determined. 

     = the Weibull distribution shape parameter. 

     = the Weibull distribution scale parameter. 

 

Eq. 2.3.2.118 
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As indicated previously, integrating out the Weibull probability density function gives the 

Weibull cumulative distribution function F ( t ): 

 

    F ( t )  =   
1

 f ( t |   ) dt   
         0 

          

   F ( t )  = 1    -  e 
– t  /   

 

 

 

The reliability for the Weibull probability density function is then given as; 

 

    R ( t )  = 1    - F ( t ) 

            

    R ( t )  = e – t /  
  

 

whereby the Weibull hazard rate function,  ( t ) or failure rate, is derived from the ratio 

between the Weibull probability density function, and the Weibull reliability function: 

 

     ( t )   =  f ( t ) 

 

R ( t ) 

 

Thus:     ( t )   =   ( t ) 
 - 1

 

 

       

 

Where:       =  the scale parameter 

       =  the shape parameter 

 

Estimates for R and can thus be obtained from estimates of the Weibull shape parameter  or 

component failure pattern, and the Weibull scale parameter  or component characteristic life. 

 

Eq. 2.3.2.120 
 

Eq. 2.3.2.119 

 

Eq. 2.3.2.121 
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e) Elicitation and Analysis of Expert Judgment: 

 

A formal elicitation is necessary [Meyer M.A. et al. 2000] to understand what expertise exists 

and how it can be related to the reliability estimation, i.e. how to estimate the Weibull parameters 

 and . In this case, it is assumed that the design experts are accustomed to working in project 

teams, and reaching a team consensus is their usual way of working. It is not uncommon to learn 

from the elicitation preparation steps that not all teams think about performance using the same 

terms. Performance could be defined in terms of failures in incidences per time period, which 

convert to failure rates for individual equipment, or in terms of failures in parts per time period, 

which translate to reliabilities for processes. Best estimates of such quantities are elicited from 

the experts, together with ranges of values. In this case, the most common method for assigning 

membership is based on direct, subjective judgments by one or more experts, as indicated in 

Paragraph c) Application of Fuzzy Logic and Fuzzy Sets in Reliability Evaluation.  

 

In this method, an expert rates values on a membership scale, assigning membership values 

directly and with no intervening transformations. Typical fuzzy estimates for a membership 

function on a membership scale are interpreted as; most likely (median), maximum (worst), and 

minimum (best) estimates. The fundamental task is to convert these fuzzy estimates to the 

parameters of the Weibull distribution for each equipment of the design. Considering the 

uncertainty distribution function f ( R; t, ), [Booker J.M. et al. 2000], where is the set of 

Weibull parameters, ( = failure pattern,  = characteristic life,  = minimum life parameter, 

and   0), an initial distribution for  = failure rate can be determined. Failure rates are often 

asymmetric distributions such as the lognormal or gamma. Because of the variety of distribution 

shapes, the best choice for the failure rate parameter is the gamma distribution f n ( t ), 

where:  

    f n ( t )    =  n
 . t 

(  n  - 1 )
   .  e 

–   t
  

 

    ( n – 1 ) ! 

 

    n = the number of components for which is the same. 

  

Eq. 2.3.2.122 
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This model is chosen because it includes cases in which more than one failure occurs. 

Consequently, the reliability of the system can be judged, not by the time for a single failure to 

occur, but by the time for n failures to occur, where n > 1. The gamma probability density 

function thus gives an estimate of the time to the n-th failure. This probability density function is 

usually termed the gamma – n distribution because the denominator of the probability density 

function is a gamma function.  

 

Choosing the gamma distribution for the failure rate parameter  is also appropriate with respect 

to the characteristic life parameter . As indicated previously, this parameter is by definition 

the mean operating period in which the likelihood of component failure is 63%, or in terms of 

system unreliability, it is the operating period during which at least 63% of the system’s 

components are expected to fail.  

 

Uncertainty distributions are also developed for the design’s reliabilities R S ( t, j,  j,  j ), 

based on estimates of the Weibull parameters j,  j, and   j, where  j = 0. The best choice for 

the distribution of reliabilities translated from the three estimates of best, most likely, and worst 

case values of the Weibull parameters j,  j, is the beta distribution f R | a, b ) because of 

the beta’s appropriate (0 to 1) range, and its wide variety of possible shapes: 

 

f R | a, b )   =  ( a + b + 1 )! R 
b
 ( 1 – R ) b 

  

      

       a! b! 

 

 

Where:    f R | a, b ) =  continuous distribution over the range (0, 1) 

       R =  reliabilities translated from the three estimates 

    of best, most likely, and worst case values. 

    and 0 < R < 1 

            a =  the number of survivals out of n. 

            b =  the number of failures out of n. (i.e. n – a ) 

 

Eq. 2.3.2.123 
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A general consensus concerning the parameter, is that it should correspond to the typical 

minimum life of similar equipment, for which warranty was available. Maximum likelihood 

estimates for from Weibull fits of this warranty data provides a starting estimate that can be 

adjusted or confirmed for the equipment. Warranty data is usually only available at the system or 

certain subsystem/assembly levels, making it necessary to confirm a final decision about a 

value for all equipment at all system levels.  

 

The best and worst case values of the Weibull parameters j and  j are defined to represent the 

maximum and minimum possible values. However, these values are usually weighted to account 

for the tendency of experts to underestimate uncertainty. Another difficulty arises when fitting 

three estimates, i.e. minimum (best), most likely (median), and maximum (worst) estimates to 

the two parameter Weibull distribution. One of the three estimates might not match, and the 

distribution will not fit exactly through all three estimates [Meyer M.A. and Booker J.M. 1991]. 

 

As part of the elicitation, experts are also required to specify all known or potential failure 

modes, and failure causes (mechanisms), in engineering design analysis (FMECA) for 

reliability assessments of each item of equipment during the schematic design phase. The 

contribution of each failure mode is also specified. Although failure modes normally include 

failures in the components themselves, such as a valve wearing out, they can also include faults 

arising during the manufacture of components, or improper assembly/installation of multiple 

components in integrated systems. These manufacturing and assembly/installation processes are 

compilations of complex steps and issues during the Construction / Installation phase of 

Engineering Design Project Management, which must also be considered by expert judgment.  

 

Figure 2.3.2.aa. gives the baselines of an engineering design project, indicating the interface 

between the detail design phase and the construction / installation phase. Some of these issues 

relate to how quality control and inspections integrate with the design process to achieve the 

overall integrity of engineering design. Reliability evaluation of these processes depends upon 

the percent or proportion of items that fail quality control and test procedures during the 

equipment commissioning phase. This aspect of engineering design integrity is considered later.  
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Figure 2.3.2.aa. Baselines of an Engineering Design Project 

 

f) Initial Reliability Calculation using Monte Carlo Simulation: 

 

Once the parameters and uncertainty distributions are specified for the design, the initial 

reliability, R S ( t, j,  j,  j )  is calculated using Monte Carlo simulation. Because this 

model is time dependent, predictions at specified times are possible. Most of the expert estimates 

are thus given in terms of time t. For certain equipment, calendar time is important for warranty 

reasons, although in many cases operating hours is important as a lifetime indicator. The change 

from calendar time to operating time exemplifies the need for an appropriate conversion factor. 

Such factors usually have uncertainties attached, so the conversion also requires an uncertainty 

distribution. This distribution is developed using maximum likelihood techniques that are applied 

to typical operating time - calendar time relationship data. This uncertainty distribution also 

becomes part of the Monte Carlo simulation. The initial reliability calculation is concluded with 

system, assembly, and component distributions calculated at these various time periods. Once 

expert estimates are interpreted in terms of fuzzy judgment, and prior distributions for an initial 

reliability are calculated, Bayesian updating procedure is then applied in which expert 

judgment can be combined with other information, when it becomes available. 

 

When the term simulation is used, it generally refers to any analytical method meant to imitate a 

real-life system, especially when other analyses are mathematically complex or difficult to 

reproduce. Without the aid of simulation, a mathematical model usually only reveals a single 

outcome, generally the most likely or average scenario, whereas with simulation the effect of 

varying inputs on outputs of the modelled system may be analysed.  
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Monte Carlo (MC) simulations use random numbers and mathematical/statistical models to 

simulate real-world systems. Assumptions are made about how the model behaves, based either 

on samples of available data or expert estimates, to gain an understanding of how the 

corresponding real-world system behaves. MC simulation calculates multiple scenarios of the 

model by repeatedly sampling values from probability distributions for the uncertain variables, 

and using these values for the model. MC simulations can consist of as many trials (or scenarios) 

as required - hundreds or even thousands. During a single trial, a value from the defined 

possibilities (the range and shape of the distribution) is randomly selected for each uncertain 

variable and the results recalculated. Most real-world systems are too complex for analytical 

evaluations.  Models must be studied with many simulations to estimate real-world conditions. 

 

Monte Carlo models are computer intensive and require many iterations to obtain a central 

tendency, and many more iterations to get confidence limit bounds. MC models help solve 

complicated deterministic problems (i.e. no random components) as well as complex 

probabilistic or stochastic problems (i.e. contains random components). Deterministic systems 

usually have one answer and perform the same way each time. Probabilistic systems have a 

range of answers with some central tendency. MC models using probabilistic numbers will never 

give the exact same results. When simulations are rerun, the same answers are never achieved 

because of the random numbers that are used for the simulation. Rather, the central tendency of 

the numbers is determined, and the scatter in the data identified. Each MC run produces only 

estimates of real-world results, based on the validity of the model. If the model is not a valid 

description of the real-world system, then no amount of numbers will give the right answer. Thus 

MC models must have credibility checks to verify the real-world system. If the model is not 

valid, no amount of simulations will improve the expert estimates or any derived conclusions. 

The MC scatter should resemble the real-world system variation. MC simulation randomly 

generates values for uncertain variables, over and over, to simulate the model. For each uncertain 

variable (one that has a range of possible values), the values are defined with a probability 

distribution. The type of distribution selected is based on the conditions surrounding that 

variable. These distribution types may include the Normal, Triangular, Uniform, Log Normal, 

Bernoulli, Binomial, and Poisson distributions. Bayesian inference from mixed distributions can 

feasibly be performed with Monte Carlo simulation. 
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For the most part, MC simulation models in this research use the Weibull equation (as well as the 

special condition case where  =1 for the exponential distribution). The Weibull equation used 

for such MC simulations has been solved for time constraint t, with the following relationship 

between the Weibull cumulative distribution function (c.d.f.), F ( t ), t and : 

 

    t =  . ln [ 1 / ( 1 - F ( t ) ] 
1 / 

 

 

Use of random numbers between 0 and 1 are used in the MC simulation to fit the Weibull 

cumulative distribution function F ( t ).  

 

In complex systems, redundancy exists to prevent overall system failure, which is usually the 

case with most engineering process designs. For system success, some equipment (sub-systems, 

assemblies and/or components) of the system must be successful simultaneously. The criteria for 

system success is based upon the system’s configuration and the various combinations of 

equipment functionality and output, which is to be included in the simulation logic statement. 

The reliability of such complex systems is not easy to determine. Consequently, a relatively 

convoluted method of calculating the system’s reliability is resorted to, through Boolian truth 

tables. The size of these tables is usually large, consisting of 2 
n rows of data, where n is the 

number of equipment in the system configuration. The reason the Boolian truth table is used is to 

calculate the theoretical reliability for the system based on the individual reliability values that 

are used for each item of equipment. On the first pass through the Boolian truth table, decisions 

are made in each row of the table about the combinations of successes or failures of the 

equipment. The second pass through the table calculates the contribution of each combination to 

the overall system reliability. The sum of all individual probabilities of success will yield the 

calculated system reliability. Boolian truth tables allow for the calculation of theoretical system 

reliabilities, which can then be used for Monte Carlo simulation. The simulation can be tested 

against the theoretical value, to measure how accurately the simulation came to reaching the 

correct answer. As an example, consider the following MC simulation model of a complex 

system, together with the relative Boolian truth table, and Monte Carlo simulation results 

[Barringer H.P. 1993, 1994, 1995]: 

 

Eq. 2.3.2.124 
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Monte Carlo Simulation with Boolian Truth Tables: 

 

 

 

Given: Reliability Values For Each Block Simulation Results

Find: System Reliability For R1=0.1, R2=0.3,

Method: Monte Carlo Simulation With Boolian Truth Tables R3=0.1, R4=0.2, &

 R5=0.2

R1 R4

R2

R3 R5

R1 R2 R3 R4 R5 SYSTEM

Change R-values To: 0.1 0.3 0.1 0.2 0.2 ? Find ?

Simulation Results

Random number this iteration: 0.7476 0.5657 0.6788 0.8151 0.4222 For R1=0.9, R2=0.95,

Success: (Random #) < (R-value): R3=0.97, R4=0.98, &

Success = (1) this iteration: 0 0 0 0 0 0 R5=0.99

Failure = (0) this iteration: 1 1 1 1 1 1

Cumulative successes: 93 292 99 190 193 131

Cumulative failure: 920 721 914 823 820 882

Total Iterations: 1013 1013 1013 1013 1013 1013

Simulated Reliability: 0.0918 0.2883 0.0977 0.1876 0.1905 0.1293

Theoretical Reliability: 0.1000 0.3000 0.1000 0.2000 0.2000 0.1357

% Error: -8.19% -3.92% -2.27% -6.22% -4.74% -4.7164%
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Boolian Truth Table

Entry 

No.
R1 R2 R3 R4 R5

Success or 

Failure

Prob. of 

Success

Iteration 

Success =1 

Failure =0

1 0 0 0 0 0 F

2 0 0 0 0 1 F

3 0 0 0 1 0 F

4 0 0 0 1 1 F

5 0 0 1 0 0 F

6 0 0 1 0 1 S 0.01008

7 0 0 1 1 0 F

8 0 0 1 1 1 S 0.00252

9 0 1 0 0 0 F

10 0 1 0 0 1 S 0.03888

11 0 1 0 1 0 S 0.03888

12 0 1 0 1 1 S 0.00972

13 0 1 1 0 0 F

14 0 1 1 0 1 S 0.00432

15 0 1 1 1 0 S 0.00432

16 0 1 1 1 1 S 0.00108

17 1 0 0 0 0 F

18 1 0 0 0 1 F

19 1 0 0 1 0 S 0.01008

20 1 0 0 1 1 S 0.00252

21 1 0 1 0 0 F

22 1 0 1 0 1 S 0.00112

23 1 0 1 1 0 S 0.00112

24 1 0 1 1 1 S 0.00028

25 1 1 0 0 0 F

26 1 1 0 0 1 S 0.00432

27 1 1 0 1 0 S 0.00432

28 1 1 0 1 1 S 0.00108

29 1 1 1 0 0 F

30 1 1 1 0 1 S 0.00048

31 1 1 1 1 0 S 0.00048

32 1 1 1 1 1 S 0.00012

Details On System Reliability Calculations MIL-STD-756B : 0.13572 0
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g) Bayesian Updating Procedure in Reliability Evaluation: 

 

The elements of a Bayesian reliability evaluation are similar to those for a discrete process, 

considered in equation 2.3.2.100. i.e: 

 

    P ( c | f )  =    P ( c ) . P ( f | c ) 

        

        P ( f ) 

 

 However, the structure differs because the failure rate as well as the reliability RS, are 

continuous-valued. In this case, the Bayesian reliability evaluation is given by the formulae: 

 

  P ( j| j,  j,  j )   =    P ( j ) . P ( j,  j,  j | j ) 
        

        P ( j,  j,  j ) 

 

 

And:  P ( R S | j,  j,  j )   =    P ( R S ) . P ( j,  j,  j | R S ) 

        

        P ( j,  j,  j ) 

 

 

Where:   P ( j | t )      =  j
 . t 

(  j  - 1 )
   .  e 

–   t
  

 

    ( j – 1 ) ! 

 

   P ( R S | a, b )    =   ( a + b + 1 )! R S 
b
 ( 1 – R S ) b 

  

       

             a! b! 

    

j = number of components with the same   

     t = operating time for determining  and R S 

     a =   the number of survivals out of j 

     b =   the number of failures out of j. (i.e. j – a ) 

 

Eq. 2.3.2.125 
 

Eq. 2.3.2.126 
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In both cases for the failure rate and reliability R S, the probability of P ( j,  j,  j ) may be 

either continuous or discrete, whereas the probabilities of P ( j ) and P ( R S ) are always 

continuous. Therefore, the prior and posterior distributions are always continuous, whereas the 

marginal distribution, P ( j,  j,  j ), may be either continuous or discrete. 

 

Thus in the case of expert judgment, new estimate values in the form of a likelihood function are 

incorporated into a Bayesian reliability model in a conventional way, representing updated 

information in the form of a posterior (a posteriori) probability distribution, which depends upon 

a prior (a priori) probability distribution, which in turn is subject to the estimated values of the 

Weibull parameters. Because the prior distribution and that for the new estimated values 

represented by a likelihood function are conjugate to one another, (refer to equation 2.3.2.101), 

the mixing of these two distributions, by way of Bayes’ Theorem, ultimately results in a 

posterior distribution of the same form as the prior. 

 

h) Updating Expert Judgment: 
 

The initial prediction of reliabilities made during the conceptual design phase may be quite poor 

with large uncertainties. Upon review, experts can decide which parts or processes to change, 

where to plan for tests, what prototypes to build, what vendors to use, or the type of what-if 

questions to ask in order to improve the design’s reliability and reduce uncertainty. Before any 

usually expensive actions are taken (e.g. building prototypes), what-if cases are calculated to 

predict the effects on estimated reliability of such proposed changes or tests. These cases can 

involve changes in the structure, structural model, experts’ estimates, and the terms of the 

reliability model as well as effects of proposed test data results. Further breakdown of systems 

into component failure modes may be required to properly map these changes and to modify 

proposed test data in the reliability model [Booker J.M. et al. 2000]. Because designs are under 

progressive development or undergoing configuration change during the engineering design 

process, new information continually becomes available at various stages of the process. Design 

changes may include adding, replacing, or eliminating processes and/or components in the light 

of new engineering judgment. Incorporating these changes and new information into the existing 

reliability estimates is referred to as the updating process. 
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New information and data from different sources or of different types (e.g. tests, process 

capability studies, engineering judgment) are analytically merged by combining uncertainty 

distribution functions of the old and new sources. This merging usually takes the form of a 

weighting scheme [Booker J.M. et al. 2000]: 

 

w 1 · f 1 + w 2 · f 2 

 

Where w 1 and w 2 are weights and f 1 and f 2 are functions of parameters, random variables, 

models, probability distributions, uncertainty distributions or reliabilities, etc.  

 

Experts often provide the weights, and sensitivity analyses are performed to demonstrate the 

effects of their choices. Alternatively, Bayes Theorem can be used as a particular weighting 

scheme, providing weights for the prior and the likelihood through application of the theorem. 

Bayesian combination is in effect Bayesian updating. If the prior and likelihood distributions 

overlap, then Bayesian combination will produce a posterior distribution with a smaller variance 

than if the two were combined via other methods, such as a linear combination of random 

variables. This is a significant advantage of using Bayes Theorem. 

 

Because test data at the early stages of engineering design is lacking, initial reliability estimates, 

R 0 ( t, ,  ), are developed from expert judgment, and forms the prior distribution for the 

system (as indicated in Figure 2.3.2.t.). As the engineering design develops, data and information 

may become available for only certain processes (e.g. systems, assemblies, components), and 

this would be used to form likelihood distributions for Bayesian updating. All of the distribution 

information in the items at the various levels must be combined upward through the system 

hierarchy levels, to produce final estimates of the reliability and its uncertainty at various levels 

along the way, until reaching the top process or system level. As more data and information 

become available and are incorporated into the reliability calculation through Bayesian updating, 

they will tend to dominate the effects of the experts’ estimates developed through expert 

judgment. In other words, R i ( t, ,  ) that is formulated from i = 1, 2, 3, … n test results will 

look less and less like R 0 ( t, ,  ) derived from initial expert estimates. 
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Three different combination methods are used to form the next (updated) expert reliability 

estimate of R 1 ( t, ,  ) (Note, equipment implies assemblies, sub-assemblies and components): 

 

 For each prior distribution that must be combined with a data-based or likelihood 

distribution, Bayes Theorem is used to develop a posterior distribution. 

 

 Posterior distributions within a given level are combined according to the model 

configuration (e.g., multiplication of reliabilities for systems / subsystems / equipment in 

series) to form the prior distribution of the next higher level (Figure 2.3.2.t.). 

 

 Prior distributions at a given level are combined within the same systems / subsystems / 

equipment to form the combined prior (for that level) which is then merged with the data 

(for that system / subsystem / equipment). This approach is continued up the levels until a 

process level posterior distribution is developed. 

 

For general updating, test data and other new information can be added to the existing reliability 

calculation at any level and/or for any process, system or equipment. This data / information may 

be applicable only to a single failure mode at equipment level. When new data or information 

becomes available at a higher level (e.g. subsystem) for a reliability calculation at step i, it is 

necessary to back propagate the effects of this new information to the lower levels (e.g. 

assembly or component). The reason is that because at some future step, i + j, updating may be 

required at the lower level, and its effect propagated up the systems hierarchy. It is also possible 

to back propagate by apportioning either the reliability or its parameters to the lower hierarchy 

levels according to their contributions (criticality) at the higher systems level. The statistical 

analysis involved with this back propagation is difficult, requiring techniques such as fault tree 

analysis (FTA) [Martz H.F. and Almond R.G. 1997]. 

 

While it can be shown that for well-behaved functions, certain solutions are possible, they may 

not be unique. Therefore, constraints are placed on the types of solutions desired by the experts. 

For example, it may be required that, regardless of the apportioning used to propagate 

downward, forward propagating maintains the original results at the higher systems level.  
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General updating is an extremely useful decision tool for asking what-if questions and for 

planning resources, such as pilot test facilities, to determine if the reliability requirements can be 

met before actually manufacturing and/or constructing the engineered installation. For example, 

the reliability uncertainty distributions obtained through simulation are empirical with no 

particular distribution form, but due to their asymmetric nature and because their range is from 0 

to 1, they often appear to fit well to beta distributions. Consider thus a beta distribution of the 

form: 

Beta ( x | a, b )   =     ( a + b )     .  x ( 
a - 1 ) . ( 1 - x ) (

 b - 1 )  

 

 ( a )  ( b )   

 

For:        0 = x = 1, a > 0, b > 0 

 

From equation 2.3.2.123. the reliability beta distribution p.d.f. f R | a, b ) was given as: 

 

f R | a, b )    = ( a + b + 1 )!   .  R 
b
 ( 1 – R ) b 

  

       

             a! b! 

 

 

Where:    f R | a, b ) =  continuous distribution over the range (0, 1) 

       R =  reliabilities translated from the three estimates 

    of best, most likely, and worst case values, 

    and 0 < R < 1 

            a =  the number of survivals out of n. 

            b =  the number of failures out of n. (i.e. n – a ) 

 

The beta distribution has important applications in Bayesian statistics, where probabilities are 

sometimes looked upon as random variables, and there is therefore a need for a relatively flexible 

probability density (i.e. the distribution can take on a great variety of shapes), which assumes 

non-zero values in the interval from 0 to 1. Beta distributions are used in reliability evaluation as 

estimates of a component’s reliability with a continuous distribution over the range 0 to 1. 

 

Eq. 2.3.2.127 
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Characteristics of the Beta Distribution: 

 

The Mean or Expected Value: 

The mean, E ( x ) of the 2-parameter beta probability density function (p.d.f.) is given by: 

  

 E ( x )  =       a        
    

 ( a + b ) 
 

The mean a / ( a + b ) depends on the ratio a / b. If the ratio is constant, but the values for both 

a and b increased, the variance decreases and the p.d.f. tends to the unit normal distribution. 

 

The Median: 

The beta distribution (as with all continuous distributions) has measures of location termed 

percentage points, X p. The best known of these percentage points is the median, X 50, the value 

for which there is as much chance that a random variable will be above as below it. For a 

successes in n trials, the lower confidence limit u, at confidence level s, is expressed as a 

percentage point on a beta distribution. The median ū of the 2-parameter beta p.d.f. is given by: 

 

 ū = 1 – F ( u 50 | a, b ) 

 

The Mode: 

The mode or value with maximum probability, ů, of the 2-parameter beta p.d.f. is given by:  

 

ů =        a - 1       for a > 1, b > 1 
    

 ( a + b - 2 ) 
  

     = 0 and 1  for a < 1, b < 1 

     = 0  for a < 1, b  1 and for a = 1, b > 1 

     = 1  for a  1, b < 1 and for a > 1, b = 1 

    ů does not exist for a = b = 1 

 

    If a < 1, b < 1, there is a minimum value or antimode. 

 

Eq. 2.3.2.128 

 

Eq. 2.3.2.129 

 

Eq. 2.3.2.130 
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The Variance: 

Moments about the mean describe the shape of beta p.d.f. The variance v is the second moment 

about the mean, and is indicative of the spread or dispersion of the distribution. The variance v 

of the 2-parameter beta p.d.f. is given by: 

 

v =                  a b        
    

( a + b ) 2 ( a + b + 1 ) 
 

 

The Standard Deviation: 

The standard deviation T of the 2-parameter beta p.d.f. is the positive square root of the 

variance v2 which indicates the closeness one can expect the value of a random variable to be to 

the mean of the distribution, and is given by: 

 

 T =  ab / ( a + b ) 2 ( a + b + 1 ) 

  

Three-parameter Beta Distribution Function: 

The p.d.f. of the 3-parameter beta p.d.f. is given by:  

 

f ( Y )    = 1 / c . Beta ( x | a, b ) . ( Y / c )
 a – 1 

 . ( 1 - Y / c )
 b - 1 

 

For:   0  Y  c and 0 < a, 0 < b, 0 < c 

From this general 3-parameter beta p.d.f. the standard 2-parameter beta p.d.f. can be derived with 

the transform: x = Y / c. 

 

In the case where a beta distribution is fit to a reliability uncertainty distribution, R i ( t, ,  ), 

resulting in specific values for parameters a and b, the experts would want to determine what 

would be the result if they had the components manufactured under the assumption that most 

will not fail. Taking advantage of the beta distribution as a conjugate prior for the binomial data, 

the combined component reliability distribution would also be a beta distribution, R j ( t, ,  ). 

 

Eq. 2.3.2.132 

 

Eq. 2.3.2.133 

 

Eq. 2.3.2.131 

 



 220 

As an example, a beta distribution fit to a reliability uncertainty distribution, R 1 ( t, ,  ), 

results in the values for parameters a = 8 and b = 2. The beta expected value (mean), variance 

and mode, together with the fifth percentile value for R 1 is:  

 

R 1 ( t, ,  ) number of successes a = 8 and number of failures b = 2: 

Distribution mean: 0.80 

Distribution variance: 0.0145 

Distribution mode: 0.875 

Beta-coefficient (E-value): 0.5709 

 

Expert decision to have the components manufactured under the assumption that most will not 

fail, depends upon the new component reliability distribution. The new reliability distribution 

would also be a beta distribution, R 2 ( t, ,  ) with modified values for the parameters being 

the following; a = 8 + number of successful prototypes and b = 2 + number unsuccessful. 

 

Assume that for 5 manufactured components, the expectation is that 1 will fail: 

R 2 ( t, ,  ) a = 8 + 5 and b = 2 + 1: 

Distribution mean: 0.8125 

Distribution variance: 0.0089 

Distribution mode: 0.8571 

Beta-coefficient (E-value): 0.6366 

 

Assume that for 10 manufactured components, the expectation is that 2 will fail: 

R 3 ( t, ,  ) a = 8 + 10 and b = 2 + 2: 

Distribution mean: 0.8182 

Distribution variance: 0.0065 

Distribution mode: 0.85 

Beta-coefficient (E-value): 0.6708 

 

The expected value improves slightly (from, 0.8125 to 0.8182) but, more importantly, the 5-th 

percentile E-value improves from 0.57 to 0.67, which is an incentive to invest in the components.  
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The general updating cycle can continue throughout the engineering design process. Figure 

2.3.2.ab. depicts tracking of the reliability evaluation throughout a system’s design, indicating 

the three percentiles (5-th , median or 50-th, and 95-th ) of the reliability uncertainty distribution 

at various points in time [Booker J.M. et al. 2000]. The individual data points begin with the  

experts initial reliability characterization R 0 ( t, ,  ) for the system and continue with the 

events associated with the general updates, R i ( t, ,  ), as well as the what-if cases, and 

incorporation of test results. As previously noted, asking what-if questions and evaluating the 

effects on reliability, provides valuable information for engineering design integrity, and for 

modifying designs based on prototype tests before costly decisions are made. 

 

Graphs such as figure 2.3.2.ab. are constructed for all the hierarchical levels of critical systems 

to monitor the effects of updating for individual processes. Graphs are constructed for these 

levels at the desired prediction time values (i.e. monthly, 3 monthly, 6 monthly, and annually) to 

determine if reliability requirements are met at these time points during the engineering design 

process as well as the manufacturing / construction / ramp-up life-cycle of the process systems. 

These graphs capture the results of the experts’ efforts to improve reliability and to reduce 

uncertainty. The power of the approach is that the roadmap developed leads to higher reliability 

and reduced uncertainty, and the ability to characterize all of the efforts to achieve improvement. 

Figure 2.3.2.ab. Tracking Reliability Uncertainty [Booker J.M. et al. 2000] 
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i) Example of the Application of Fuzzy Judgment in Reliability Evaluation: 

 

Consider an assembly set with series components that can influence the reliability of the 

assembly. The components are subject to various failures (in this case, the potential failure 

condition of wear), potentially degrading the assembly’s reliability. For different component 

reliabilities, the assembly reliability will be variable. Figure 2.3.2.ac. shows membership 

functions for three component condition sets, {A= no wear, B= moderate wear, C= severe wear} 

which are derived from minimum (best), most likely (median), and maximum (worst) estimates.  

Figure 2.3.2.ac. Component Condition Sets for 3 Membership Functions 

 

Figure 2.3.2.ad. shows membership functions for three performance level sets, that might 

correspond to responses, {a = “acceptable”, b = “marginal”, c = “poor”}. 
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Three if-then rules define the condition/performance relationship: 

 

 If condition is A, then performance is a 

 If condition is B, then performance is b 

 If condition is C, then performance is c. 

 

Referring to Figure 2.3.2.ac. if the component condition is x = 4.0 then x has membership of 0.6 

in A and 0.4 in B. Using the rules, the defined component condition membership values are 

mapped to performance level weights. Following fuzzy system methods, the membership 

functions for performance level sets a and b are combined, based on the weights 0.6 and 0.4. 

This combined membership function can be used to form the basis of an uncertainty distribution 

for characterizing performance for a given condition level. An equivalent probabilistic approach 

involving mixtures of distributions can be developed with the construction of the membership 

functions [Laviolette M. et al. 1995]. In addition, linear combinations of random variables 

provide an alternative combination method when mixtures produce multi-modality results - 

which can be undesirable from a physical interpretation standpoint [Smith R.E. et al. 1998]. 

 

Departing from standard fuzzy systems methods, the combined performance membership 

function can be normalized so that it integrates to 1.0. The resulting function, f ( y | x ), is the 

uncertainty distribution for performance, y, corresponding to the situation where component 

condition is equal to x. The cumulative distribution function can now be developed, of the 

uncertainty distribution, F ( y  | x ). If performance must exceed some threshold, T, in order for 

the system to meet certain design criteria, the reliability of the system for the situation where 

component condition is equal to x can be expressed as R ( x ) = 1 - F ( T | x ). A specific 

threshold of T corresponds to a specific reliability of R ( 4.0 ) [Booker J.M. et al. 1999].  

 

In the event that the uncertainty in wear, x, is characterized by some distribution, G(x), the 

results of repeatedly sampling x from G(x) and calculating F ( y | x ) produces an “envelope” of 

cumulative distribution functions. This “envelope” represents the uncertainty in the degradation 

probability that is due to uncertainty in the level of wear. The approximate distribution of R ( x ) 

can be obtained from such a numerical simulation. 
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2.3.3. APPLICATION MODELLING OF RELIABILITY AND 

PERFORMANCE IN ENGINEERING DESIGN 

 

As indicated in Paragraph 1.1.4. Research Objectives, the five main objectives 

that need to be accomplished in pursuit of the goal of this research are; 

 

 the development of appropriate theory on the integrity of engineering design for use in 

mathematical and computer models;  

 determination of the validity of the developed theory by conducting several field studies 

of engineering designs that have been recently constructed, that are in the process of 

being constructed, and that have yet to be constructed;  

 application of mathematical and computer modelling in engineering design verification; 

 determination of the feasibility of a practical application of intelligent computer 

automated methodology in engineering design reviews through the development of the 

appropriate industrial, simulation and mathematical models. 

 

The following models have been developed, each for a specific purpose and with specific 

expected results, in partly achieving the objectives of this research: 

 

 RAM Analysis model to validate the developed theory on the determination of the 

integrity of engineering design.  

 

 Process Equipment Models (PEMs), for application in dynamic systems simulation 

modelling to initially determine mass - flow balances for preliminary engineering designs 

of large integrated process systems, and to evaluate and verify process design integrity of 

complex integrations of systems.  

 

 Artificial Intelligence Based (AIB) model in which new Artificial Intelligence (AI) 

modelling techniques, such as the inclusion of knowledge-based expert systems within 

a blackboard model, have been applied in the development of intelligent computer 

automated methodology for determining the integrity of engineering design.  
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The RAM Analysis computer model was applied to a recently constructed engineering design of 

an Environmental Plant for the recovery of sulphur dioxide emissions from a metal smelter to 

produce sulphuric acid. This model is considered in detail with specific reference to the inclusion 

of the developed theory on reliability and performance prediction, assessment and evaluation 

during the conceptual, schematic and detail design phases, respectively. 

 

Eighteen months after the plant was commissioned and placed into operation, failure data was 

obtained from the plant’s Distributed Control System (DCS) operation and trip logs, and 

analysed with a view to matching the developed theory, specifically of systems and equipment 

criticality and reliability, with the real-time operational data after plant start-up. This matching of 

theory with real-time data is also considered in detail, with the relevant conclusions. 

 

The AIB model with knowledge-based expert systems within a blackboard model, provides a 

new and novel concept of automated continual design reviews throughout the engineering 

design process, on the basis of concurrent engineering design in an integrated collaborative 

engineering design environment. The blackboard model is implemented by multi-disciplinary 

groups of design engineers who input specific design data and schematics into their relevant 

knowledge-based expert systems, whereby each designed system or related equipment is 

evaluated for integrity by remotely located design groups communicating either via a corporate 

intranet, or via the Internet. The measures of integrity are based on the developed theory for 

predicting, assessing and evaluating reliability, availability, maintainability and safety 

requirements for complex integrations of engineering process systems.  

 

The feasibility of a practical application of the AIB blackboard model in the design of a large 

engineered installation, was considered at several target engineering design projects, specifically 

the Environmental Plant for the recovery of sulphur dioxide emissions from a metal smelter, plus 

two nickel-from-laterite process ‘super projects’. A trial run of all the engineering design phases 

to include a complete range of methodologies for determining the integrity of engineering design 

was conducted for the Environmental Plant, whereas only the conceptual and preliminary design 

phases were considered with the nickel-from-laterite process plants. These trials were sufficient 

in reaching a meaningful conclusion as to the practical application of the blackboard model. 
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2.3.3.A. THE RAM ANALYSIS APPLICATION MODEL 
 

The RAM Analysis application model was not only used for plant analysis to determine the 

integrity of engineering design, but also for design review as verification and evaluation of the 

commissioning of the plant. The RAM Analysis deliverables can be summarised as follows: 

______________________________________________________________________________ 

 

            RAM Activities:    Deliverables: 

 

First-round costing    Estimate initial maintenance 

and RAM  costs. 

 

Process definition     Develop operating procedures, 

and plant shut-down and 

start-up procedures. 

 

Pre-commission equipment   Initial Equipment lists. 

register     Equipment technical specifications. 

Manufacturer/supplier data. 

 

Plant definition.    Equipment systems hierarchy structures. 

Equipment inventory and systems coding. 

Consolidated equipment technical 

specifications and group coding. 

 

Failure modes and effects   Failure modes, causes and effects matrices 

criticality analysis    Failure diagnostics trouble shooting charts. 

 

Identification of certified   Critical equipment lists. 

and critical equipment    Plant safety requirements. 

Process reliability evaluation. 

Risk management directives. 
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            RAM Activities:    Deliverables: 

 

Spares requirements planning   BOM and catalogue numbering. 

Spares lists and critical spares. 

Suppliers, supply lead times and  

supply costs. 

 

Maintenance standard work   Relevant statutory requirements. 

instructions     Safe work practices.. 

Required safety gear. 

Inter-disciplinary participation. 

 

Action plans for design   Equipment modification review. 

updates/reviews 

 

Plant isolation procedures   Statutory safety procedures. 

 

Maintenance procedures   Maintenance tasks per discipline and per 

Development     equipment. 

Maintenance procedures sheets and coding  

for work orders cross referencing. 

 

Plant shutdown procedures    Plant shutdown tasks per discipline and 

per equipment. 

 

Manning requirements    Maintenance task times. 

Maintenance trade crew requirements. 

 

Maintenance zero-base-budgeting  Manning/spares costs against estimated 

maintenance tasks. 

______________________________________________________________________________ 
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Figure 2.3.3.a. The RAM Analysis application model for an Environmental Plant 

 

The RAM Analysis application model was initially developed for analysis of the integrity of 

engineering design in an Environmental Plant for the recovery of sulphur dioxide emissions from 

a metal smelter to produce sulphuric acid. The model was then upgraded to allow users anywhere 

in any of the company’s sites or head office to point-and-click at digitised graphic process flow 

diagrams of a site’s plant to access specific details of any equipment shown on the process flow 

diagrams, as well as the equipment’s detailed specifications, in order to conduct an analysis of 

the integrity of the plant’s design. The RAM Analysis application model is object-oriented 

client/server database technology developed in Microsoft's Visual Basic and Access, that is fully 

compatible with Windows 98/2000/XT and Windows NT client/server corporate intranet 

platforms. It can be installed within a corporate client/server protocol to function as a front-end 

application in a local area network (LAN), or a wide area network (WAN), or corporate intranet. 
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Figure 2.3.3.b. RAM Analysis Model Data Tables Relationships 

 

The RAM Analysis application model consists of a front-end user interface structured in OOP 

with drill-down data input and/or access to a normalised hierarchical database. The database 

consists of several keyword-linked data tables relating to major development tasks of the RAM 

analysis, such as Equipment, Process, Systems, Functions, Conditions Tasks, Procedures, Costs, 

Criticality, Strategy, SWI (Instructions), and Logistics. These data tables relate to major 

development tasks of the RAM analysis application model, each with specific analysis activities. 

The keywords linking each data table reflect a comprehensively structured 6-tier Systems 

Breakdown Structure (SBS), starting at the highest systems level of Plant / Facility, down to the 

lowest systems level of Component / Item. This approach, and the normalising of each dynaset 

of hierarchical structured records with a unique identifier (EQUIPID), allowed for the 

establishment of a normalised hierarchical database. The SBS data table keywords are; Plant, 

Operation, Section, System, Assembly, and Component. 
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Figure 2.3.3.c. Database structuring of Systems Breakdown Structure into Dynasets 

 

Database analysis tools enables the user to review visual data references to specific record 

dynasets in each of the data tables.  The dynasets include specific analysis activities such as: 

 

 PFD (Process Flow Diagrams) 

 P&ID (Pipe and Instrument 

Diagrams), 

 technical specifications, 

 process specifications, 

 operating specifications, 

 function specifications, 

 failure characteristics / conditions, 

 fault diagnostics, 

 equipment criticality and 

performance measures, 

 operating procedures, 

 maintenance procedures, 

 process cost models, 

 operating / maintenance strategies, 

 safety inspection strategies, 

 standard work instructions, 

 spares requirements. 
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Figure 2.3.3.d. Initial Structuring of Plant / Operation / Section 

 

PLANT OPERATION SECTION PROCESS 

ENVIRONMENTAL PLANT 
EFFLUENT 
TREATMENT EFFLUENT NEUTRALISATION PROCESS 03 

ENVIRONMENTAL PLANT 
EFFLUENT 
TREATMENT EFFLUENT RECEIVAL PROCESS 03 

ENVIRONMENTAL PLANT 
EFFLUENT 
TREATMENT LIME PREPARATION PROCESS 03 

ENVIRONMENTAL PLANT 
EFFLUENT 
TREATMENT LIMESTONE PREPARATION PROCESS 03 

ENVIRONMENTAL PLANT EFFLUENT TREAT. NEUT. EFFLUENT TRANSFER PROCESS 03 

ENVIRONMENTAL PLANT SULPHURIC ACID GAS ABSORPTION PROCESS 02 

ENVIRONMENTAL PLANT SULPHURIC ACID GAS CLEANING PROCESS 01 

ENVIRONMENTAL PLANT SULPHURIC ACID GAS COOLING PROCESS 01 

ENVIRONMENTAL PLANT SULPHURIC ACID GAS DRYING PROCESS 02 

ENVIRONMENTAL PLANT SULPHURIC ACID GAS OXIDATION PROCESS 02 

ENVIRONMENTAL PLANT WATER RECOVERY EFFLUENT EVAPORATION PROCESS 04 

ENVIRONMENTAL PLANT WATER RECOVERY PROCESS WATER PROCESS 04 

ENVIRONMENTAL PLANT WATER RECOVERY RECOVERED WATER PROCESS 04 

ENVIRONMENTAL PLANT WATER RECOVERY WATER RECOVERY PROCESS 04 

 Figure 2.3.3.e. Spreadsheet of Initial Structuring of Plant / Operation / Section / Process 
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The initial systems hierarchical structure or Systems Breakdown Structure (SBS), is an overview 

location listing of the Plant into the following hierarchy with related example descriptions: 

 

Systems Hierarchy:   Description: 

Plant / Facility    ENVIRONMENTAL PLANT 

Operation / Area   EFFLUENT TREATMENT 

Section / Building   EFFLUENT NEUTRALISATION 

 

In any complex process plant there are literally thousands of different systems, sub-systems, 

assemblies and components, which are all subject to failure and therefore require specific 

attention with respect to the integrity of their design, design configuration, as well as integration. 

To determine a logical starting point for any RAM analysis, a systems hierarchical approach is 

first adopted, followed by identification of those items that are considered to be cost or process 

critical. Cost critical items are those relatively few systems items whose engineering costs 

(development, operational, maintenance and logistical support) make up a significant portion of 

the total costs of the engineered installation. Process critical items are those systems items that 

are the primary contributors to the continuation of the mainstream production process. 

Determination of cost and process criticality should begin at the Plant / Facility level of the SBS, 

since the total plant is normally broken down into logical Operations / Areas relating to the 

production process. Thus, rather than simply starting a RAM analysis at one end of the plant and 

progressing through to the other end, focus is concentrated on specific areas based on their cost 

and process criticality, following the Pareto principle which implies that 20% of the plant’s areas 

contribute to 80% of the total engineering cost. When determining process criticality, the 

fundamental mainstream processes should first be identified based on the process flow and status 

changes of the process. All Operations / Areas in which the process significantly changes, and 

which are critical to the overall process flow, must be included. The different critical processes 

are then compared to those Operations / Areas identified as cost critical, to identify the Sections 

or Buildings (in the case of facilities) that are process critical but may not be considered as cost 

critical. With such an approach, the RAM Analysis can proceed in a top-down progressive 
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clarification of the plant’s systems and equipment, already with an understanding of which items 

will have the highest criticality in terms of cost and process losses due to possible failure. 

 

 

Figure 2.3.3.f. Front-end Selection of Plant / Operation / Section 

RAM Analysis model Spreadsheet, Process Flow, and Treeview 

 

The initial front-end structuring of the Plant is in Operation / Area, and Section / Building groups 

within a systems breakdown structure (SBS). As indicated in Figure 2.3.3.f. this structuring 

further provides visibility of process systems and their constituent assemblies and components in 

RAM Analysis model spreadsheets, process flows and treeviews. Relevant information can be 

viewed from system level, down to sub-system, assembly, sub-assembly, and component levels. 

The various levels of the Systems Breakdown Structure are normally determined by a framework 

of criteria established to logically group similar components into sub-assemblies or assemblies, 

which are then logically grouped into sub-systems or systems. This logical grouping of the 

constituent parts of each level of an SBS is done by identifying the actual physical design 



 234 

configuration of the various items of one level of the SBS into items of a higher level of systems 

hierarchy, and by defining common operational and physical functions of the items at each level. 

 

 

Figure 2.3.3.g. Global Grid List (Spreadsheet) of Systems Breakdown Structuring 

 

The systems hierarchical structure or Systems Breakdown Structure (SBS), is a complete 

equipment listing of the Plant into the following hierarchy with related example descriptions: 

 

Systems Hierarchy:   Description: 

Plant / Facility    ENVIRONMENTAL PLANT 

Operation / Area   EFFLUENT TREATMENT 

Section / Building   EFFLUENT NEUTRALISATION 

System / Process   EVAPORATOR FEED TANK 

Assembly / Unit   FEED PUMP No.1 
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Component / Item   MOTOR – FEED PUMP No.1 

 

 

The purpose for describing the systems in more detail is to ensure a common understanding of 

exactly where the boundaries of the system are, and which are the major sub-systems, assemblies 

and components encompassed by the system. The boundaries to other systems and the interface 

components that form these boundaries must also be clearly specified. This is usually done 

according to the most appropriate of the following criteria that are then described for the system: 

 

 Systems boundary according to major function. 

 Systems boundary according to material flow. 

 Systems boundary according to process flow. 

 Systems boundary according to mechanical action. 

 Systems boundary according to state changes. 

 Systems boundary according to input, throughput or output changes.  

   

Interconnecting components such as cabling and piping between the boundaries of two systems 

should be regarded as part of the system from which the process flow emanates and enters the 

other system’s boundary. The interface components, which are those components on the systems 

boundary, also need to be clearly specified since it is these components that frequently 

experience functional failures. Also, systems such as a hydraulic system, for instance, may not 

contain all the components that operate hydraulically. For example a hydraulic lube oil pump 

should rather be placed under the lubrication sub-system. Where each assembly or a component 

is placed in the SBS, should be based on the criteria selected for boundary determination. 

Normally for process plant, the criteria would typically be that of inputs and outputs, so that the 

outputs of each assembly and component contribute directly to the outputs of the system. The 

selected system is then described using the following steps: 

 

 Determine the relevant process flow and inputs and outputs and develop a process flow 

block diagram, specifically for process plant. 

 List the major sub-systems and assemblies in the system, based on the appropriate criteria 

that will also be used for boundary determination. 
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 Identify the boundaries to other systems and specify the boundary interface components. 

 Write an overview narrative that briefly describes the contents, criteria and boundaries of 

the systems under description. 

 

Equipment listing at system level provides the ability to; 

 

 identify groups of maintenance tasks for maintenance procedures,  

 identify groups of maintenance tasks for maintenance budgets, 

 identify critical systems for plant criticality and maintenance priorities, 

 identify critical systems for plant shutdown strategies. 

 

Equipment listing at assembly level provides the ability to; 

 

 identify location of pipelines, 

 identify location of pumps, 

 give codes to pumps, lube assemblies etc. 

 identify critical assemblies for maintenance strategies. 

 

Equipment listing at component level provides the ability to; 

 

 identify relevant technical data to establish common equipment groups, 

 identify relevant technical data to establish bill of materials groups, 

 identify and link bill of spares, 

 identify critical components for spares purchase, 

 identify location of instrumentation, 

 identify location of valves, 

 give codes to classified/critical manual valves, 

 identify required maintenance tasks, 

 establish necessary standard work instructions, 

 establish necessary safe work practices, 

 identify valves for operation safety procedures, 

 give codes to valves for operation safety procedures, 
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 give codes to MCC panels, gearboxes etc. 

 

 

 

 

Figure 2.3.3.h. Graphics of Selected Section Process Flow Diagram (PFD) 

 

A process flow diagram (PFD), as the name implies, graphically depicts the process flow and 

can be used to show the conversion of inputs into outputs, which subsequently form inputs into 

the next system. A process flow diagram essentially depicts the relationship of the different 

systems and subsystems to each other, based on material or status changes that can be 

determined by studying the conversion of inputs to outputs at the different levels in each of the 

systems and sub-systems. One reason for drawing process flow diagrams is to determine the 

nature of the process flow in order to be able to logically determine systems relationships and the 

different hierarchical levels within the systems. Most process engineering designs start off with 

simple process flow diagrams, from which material flow and state changes in the process are 
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identified. This is done by studying the changes from the inputs to the outputs of the different 

systems and determining the systems’ boundaries as well as the interface components on these 

boundaries. A resulting benefit is a complete description of the system under analysis. 

 

 

Figure 2.3.3.i. Graphics of Selected Section Treeview (Cascaded Systems Structure) 

 

The Treeview option enables users to view selected components in their cascaded systems 

hierarchical treeview structure, relating the equipment and their codes to the following systems 

hierarchy structure; 

 parts, 

 components, 

 assemblies, 

 systems, 

 sections, 
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 operations, 

 plant, 

 site. 

 

 

Figure 2.3.3.j. Development List Options for Selected PFD System 

 

The RAM ESP Development List is a sequential options list of the major development 

activities and specifically detailed specifications of a system selected from the Section PFD. The 

options listed in the selection box in Figure 2.3.3.j. include the following: 

 

 Overview 

 Analysis 

 Specifications 

 Diagnostics 

 Modifications 

 Simulation 

 Decision Logic 

 Planning 

 SWIs 

 Procedures 
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 BOMs 

 Technical Data 

 Grid List 

 PIDs 

 Reports 

 Treeviews 

 

 

Figure 2.3.3.k. Overview of Selected Equipment Specifications 

 

The first category in the RAM ESP Development List is an Overview of specifically detailed 

equipment specifications including the following; 

 

 technical specifications, 

 systems specifications 

 process specifications, 

 function specifications, 

 detailed tasks, 

 detailed procedures, 
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 logistic requirements, 

 standard work instructions 

 

 

 

Figure 2.3.3.l. Overview of Selected Equipment Technical Data Worksheet 

 

The Technical Data Worksheet is developed with each item of equipment that is considered 

during the design process, and enables users to determine and/or modify specific equipment 

technical criteria such as; 

 equipment physical data such as type, make, size, mass, volume,  number of parts, etc. 

 equipment rating data such as performance, capacity, power (rating and factor), 

efficiency and output; 

 equipment measure data such as rotation, speed, acceleration, governing, frequency and 

flow in volume and/or rate; 
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 equipment operating data such as pressures, temperatures, current (electrical), potential 

(voltage), and torque (starting and operational); 

 equipment property data such as the type of enclosure, insulation, cooling, lubrication, 

and physical protection. 

 

 

Figure 2.3.3.m. Overview of Selected Equipment Technical Specification Document 

 

The Technical Specification Document automatically formats the technical attributes relevant to 

each type of equipment that is selected in the design process. The document is structured into 

three sectors, namely; 

 

 technical data obtained from the Technical Data worksheet, relevant to the equipment’s 

physical and rating data, as well as performance measures, and performance operating, 

and property attributes that are considered during the design process, 
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 technical specifications obtained from an assessment and evaluation of the required 

process and/or system design specifications, 

 acquisition data obtained from manufacturer / vendor data sheets, once the appropriate 

equipment technical specifications have been finalised during the detail design phase of 

the engineering design process. 

 

 

Figure 2.3.3.n. Analysis of Major Development Tasks for Selected PFD System 

 

The second category in the RAM ESP Development List is the Analysis option that enables 

selected users (by access code) to access the major development tasks relative to the selected 

System of the Section’s PFD. The options listed in the selection box in Figure 2.3.3.n. which 

becomes visible after clicking on a selected System (in this case the Reverse Jet Scrubber), 

include an analysis based on the following major development tasks: 

 

 Equipment (technical data sheets)  Systems (systems structures) 
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 Process (process characteristics) 

 Functions (physical / operational) 

 Conditions (physical / operational) 

 Criticality (consequence severity) 

 Tasks (maintenance / operational) 

 Procedures (reliability and safety) 

 Costs (parametric cost estimate risk) 

 Strategy (operating / maintenance) 

 Logistics (critical / contract spares) 

 Instructions (safe work practices) 

 

The major development tasks can be detailed into activities that constitute the overall RAM 

Analysis deliverables, not only to determine the integrity of engineering design, but also to verify 

and evaluate commissioning of the plant. Some of these activities include the following; 

 

 systems breakdown structure development, 

 establishing equipment technical specifications, 

 establishing process functional specifications, 

 developing operating specifications, 

 defining equipment function specifications, 

 identifying failure characteristics and failure conditions, 

 developing equipment fault diagnostics, 

 developing equipment criticality, 

 establishing equipment performance measures, 

 identifying operating and maintenance tasks, 

 developing operating procedures, 

 developing maintenance procedures, 

 establishing process cost models, 

 developing operating and maintenance strategies, 

 developing safe work practices, 

 establishing standard work instructions, 

 identifying critical spares, 

 establishing spares requirements, 

 providing for design modifications, 

 simulating critical systems and processes. 
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The results of some of the more important activities will be considered in detail later, especially 

with respect to their correlation with the developed theory, and failure data that was obtained 

from the plant’s Distributed Control System (DCS) operation and trip logs, eighteen months after 

the plant was commissioned and placed into operation. The objective of the comparative analysis 

was to match the developed theory, specifically of systems and equipment criticality and 

reliability, with the real-time operational data after plant start-up. 

 

 

Figure 2.3.3.o. Analysis of Selected System / Assembly / Component Functions 

 

Analysis of selected System / Assembly / Component functions is mainly a categorisation of 

functions into operational functions, which are respectively related to the item’s working 

performance, and physical functions which are related to the item’s material design. The 

definition of function is given as; “the work that an item is designed to perform”. The primary 

purpose of functions analysis is to be able to define the failure of an item’s function within 

specified limits of performance. This failure of an item’s function is a failure of the work that the 
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item is designed to perform, and is termed a functional failure. Functional failure can thus be 

defined as; “the inability of an item to carry out the work that it is designed to perform within 

specified limits of performance”. The result of functional failure can be assessed as a complete 

loss of the item’s function, or a partial loss of the item’s function. From these definitions it can 

be seen that a number of interrelated concepts have to be considered when defining functions in 

complex systems, and determining the functional relationships of the various items of a system.  

 

 

Figure 2.3.3.p. Functions Analysis Worksheet of Selected System / Assembly / Component 

 

The functions of a system and its related equipment (i.e. assemblies and components) can be 

grouped into two types, specifically primary functions and secondary functions. The primary 

function of a system considers the operational criteria of movement and work; thus the primary 

function of the system is an operational function. The primary function of a system is therefore a 

concise description of the reason for existence of the system, based on the work it is required to 

perform. Primary functions for the sub-systems or assemblies that relate to the system’s primary 
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function must also be defined. It is at this level in the SBS where secondary functions are 

defined. Once the primary functions have been identified at the sub-system and assembly levels, 

the secondary functions are then defined. Secondary functions can be both operational and 

physical and relate back to the primary function of the sub-system or assembly. The secondary 

functions are related to the basic criteria of movement and work, or shape and consistency, 

depending on whether they are defined as operational or physical functions respectively.  

 

 

Figure 2.3.3.q. Specifications of Selected Major Development Tasks  

 

The third category in the RAM ESP Development List is the Specifications option which is 

similar to the Overview option but with more drill-down access to the other activities in the 

Program, and includes specifications of selected major development tasks such as; 

 

 technical specifications, 

 systems specifications 
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 process specifications, 

 function specifications, 

 detailed tasks, 

 detailed procedures, 

 spares requirements, 

 standard work instructions. 

 

 

Figure 2.3.3.r. Specifications Worksheet of Selected Equipment 

 

The overall Specifications Worksheet of selected equipment for consideration during the detail 

design phase of the engineering design process automatically integrates matched information 

pertaining to the equipment type, with respect to the following; 

 

 equipment technical data and specifications, obtained from the Technical Data Worksheet 

and Technical Specifications Document, 
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 Systems performance specifications relating to the specific Process specifications,  

 Process performance specifications relating to the required design specifications, 

 equipment Functions specification relating to the basic functions from FMEA,  

 typical required maintenance Tasks and Procedures specification from FMECA,  

 the essential safety work instructions obtained from safety factor and risk analysis, 

 installation Logistical specifications with regard to the required contract warranty spares. 

 

 

Figure 2.3.3.s. Specifications Worksheet Grid (Spreadsheet of Selected Equipment) 

 

The Specifications Worksheet Grid is a systems hierarchical layout of selected equipment, based 

on the outcome of the overall Specifications Worksheet of selected equipment for consideration 

during the detail design phase of the engineering design process. The worksheet is automatically 

generated, and serves as a systems-oriented pro-forma for electronically automated design 

reviews. Comprehensive design reviews are included at different phases of the engineering 

design process, such as conceptual design, preliminary or schematic design, and final detail 
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design. The concept of automated continual design reviews throughout the engineering design 

process is to a certain extent considered here, whereby the system allows for input of design data 

and schematics by remotely located multi-disciplinary groups of design engineers. However, it 

does not incorporate design implementation through knowledge-based expert systems, whereby 

each designed system or related equipment is automatically evaluated for integrity by the design 

group’s expert system in an integrated collaborative engineering design environment. 

 

 

Figure 2.3.3.t. Diagnostics of Selected Major Development Tasks 

 

The fourth category in the RAM ESP Development List is the Diagnostics option that enables 

the user to conduct a diagnostic review of selected major development tasks such as; 

 

 systems and equipment condition 

 equipment hazards criticality 

 failure repair/replace costing 
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 safety inspection strategies 

 critical spares requirement 

 

Typically, systems and equipment condition and hazards criticality analysis includes activities 

such as function specifications, failure characteristics and failure conditions, fault diagnostics, 

equipment criticality, and performance measures. The following model computer screens give 

detailed illustrations of a diagnostic analysis of the selected major development tasks. 
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Figure 2.3.3.u. (1) Hazards Criticality Analysis – Assembly Condition 

 

Condition diagnostics in engineering design relates to the analysis of Hazards Criticality for the 

development of Failure Modes and Effects Analysis (FMEA), and considers criteria such as; 

system functions, component functional relationships, failure modes, failure causes, failure 

effects, failure consequences and failure detection methods. These criteria are normally 

determined at the component level, but the required operational specifications are usually 

identified at the subsystem or assembly level. Condition diagnostics, and the related FMEA, 

should therefore theoretically be developed at the higher subsystem or assembly level in order to 

identify compliance with the operational specifications, and then to proceed with the 

development of FMEA at the component level, to determine potential failure criteria. In 

conducting the FMEA at the higher subsystem or assembly levels only, the possibility exists that 

some functional failures will not be considered, and the failure criteria will not be directed at 

some components that might be most applicable for design review. 
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Figure 2.3.3.u. (2) Hazards Criticality Analysis – Component Condition 

 

It is necessary to conduct the condition diagnostics, and related FMEA, at the component level of 

the equipment SBS since the failure criteria can only be effectively identified at this level. 

whereas for compliance to the required operational specifications, the results of the FMEA can 

be grouped to the subsystem or assembly levels. In practice however this can be substantially 

time consuming as a large portion of the FMEA results are very similar at both levels. Thus, in a 

Hazards Criticality Analysis of the condition of selected components for inclusion in a particular 

design, the following component condition data is defined: 

 

 Failure description 

 Failure effects 

 Failure consequences 

 Failure causes 
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Figure 2.3.3.u. (3) Hazards Criticality Analysis – Condition Worksheet 

 

The Condition Worksheet in Hazards Criticality Analysis, is similar to the Specifications 

Worksheet of selected equipment for consideration during the detail design phase of the 

engineering design process, in that it automatically integrates matched information pertaining to 

the equipment condition and criticality, with the necessary installation maintenance information 

concerning the following: 

  

 Information from the equipment diagnostics worksheet relating to failure description, 

failure effects, failure consequences and failure causes 

 Information relating to equipment criticality 

 Information relating to the necessary warranty maintenance strategy  

 Information relating to the estimated required maintenance costs 

 Information relating to the design’s installation logistical support. 
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Figure 2.3.3.u. (4) Hazards Criticality Analysis – Condition Spreadsheet 

 

The Hazard Criticality Analysis - Condition Spreadsheet is a layout of selected components, 

based on the outcome of the Condition Worksheet of selected equipment for consideration 

during the detail design phase of the engineering design process. The Condition Spreadsheet is 

automatically generated, and serves as a FMEA pro-forma for electronically automated design 

reviews. The spreadsheet is variable, in that the data columns can be adjusted or hidden, but not 

deleted. These data columns include design integrity specification information such as failure 

description, failure mode, failure effects and consequences, as well as the relevant systems 

coding to identify the very many different elements of the systems breakdown structure (SBS) 

for equipment and spares acquisition during the manufacturing / construction stages, and for 

operations and maintenance procedure development during the warranty operations stages of the 

engineered installation. This design integrity specification information is automatically linked to 

the specific design process flow diagram (PFD) and Pipe and Instruments Diagram (P&ID). 
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Figure 2.3.3.u. (5) Hazards Criticality Analysis – Criticality Worksheet 

 

The Criticality Worksheet in Hazards Criticality Analysis automatically integrates matched 

information pertaining to equipment criticality, with equipment condition information and the 

necessary installation maintenance information of selected equipment for consideration during 

the detail design phase of the engineering design process. The information relates to FMECA 

and includes the following: 

  

 Failure description 

 Failure severity 

 Consequence probability 

 Risk of failure 

 Yearly rate of failure 

 Failure criticality. 
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Figure 2.3.3.u. (6) Hazards Criticality Analysis – Criticality Spreadsheet 

 

The Hazard Criticality Analysis - Criticality Spreadsheet is a layout of selected components, 

based on the outcome of the Criticality Worksheet of selected equipment for consideration 

during the detail design phase of the engineering design process. The Criticality Spreadsheet is 

automatically generated, and serves as a FMECA pro-forma for electronically automated design 

reviews. The spreadsheet contains FMEA design integrity specification information such as; the 

failure description, failure mode, failure effects and consequences, as well as the related failure 

down time (including consequential damage), total down time (repair time and damage), down 

time costs for quality / injury losses, defects costs (material and labour costs per failure including 

damage), economic or production losses per failure, the probability of occurrence of the failure 

consequence (%), the failure rate or number of failures per year, the failure consequence 

severity, the failure consequence risk, the failure criticality, the total cost of failure per year, and 

finally the overall failure criticality rating, and the potential failure cost criticality rating. 
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Figure 2.3.3.u. (7) Hazards Criticality Analysis – Strategy Worksheet 

 

The Strategy Worksheet in Hazards Criticality Analysis automatically integrates matched 

information pertaining to the necessary warranty maintenance strategy of selected equipment for 

consideration during the detail design phase of the engineering design process. with equipment 

condition and criticality information, warranty maintenance costs and engineered installation 

logistical support information. The strategy information relates to FMECA and includes: 

  

 Maintenance procedure description 

 Maintenance procedure control 

 Scheduled maintenance description 

 Schedule maintenance control 

 Scheduled maintenance frequency 

 Schedule maintenance criticality 
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Figure 2.3.3.u. (8) Hazards Criticality Analysis – Strategy Spreadsheet 

 

The Hazard Criticality Analysis - Strategy Spreadsheet is a layout of selected components, based 

on the outcome of the Strategy Worksheet of selected equipment for consideration during the 

detail design phase of the engineering design process. The worksheet is automatically generated, 

and serves as a FMECA pro-forma for electronically automated design reviews. The spreadsheet 

contains FMECA design integrity specification information such as; the failure description, the 

relevant maintenance task description, the required maintenance craft type, the estimated 

frequency of the task, the maintenance procedure description (in which all the relevant 

maintenance tasks are grouped together, pertinent to the specific assembly and/or system which 

requires dismantling for a single task to be accomplished), the procedure identification coding, 

the grouped maintenance schedule (based on grouped tasks per procedure, and grouped 

procedures per required system shutdown schedule), the maintenance schedule identification 

coding for computerised scheduling, and the overall planned down time. 
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Figure 2.3.3.u. (9) Hazards Criticality Analysis – Costs Worksheet 

 

The Costs Worksheet in Hazards Criticality Analysis automatically integrates matched 

information pertaining to the necessary warranty maintenance costs of selected equipment for 

consideration during the detail design phase of the engineering design process, with equipment 

condition and criticality information, and the necessary warranty maintenance strategy and 

engineered installation logistical support information. The maintenance costs information relates 

to FMECA and includes the following: 

  

 Estimated total costs per failure 

 Estimated yearly down time costs 

 Estimated yearly maintenance labour costs 

 Estimated yearly maintenance material costs 

 Estimated yearly failure costs. 
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Figure 2.3.3.u. (10) Hazards Criticality Analysis – Costs Spreadsheet 

 

The Hazard Criticality Analysis - Costs Spreadsheet is a layout of selected components, based on 

the outcome of the Costs Worksheet of selected equipment for consideration during the detail 

design phase of the engineering design process. The worksheet is automatically generated, and 

serves as a FMECA pro-forma for electronically automated design reviews. The spreadsheet 

contains FMECA design integrity specification information such as; overall planned down time, 

maintenance labour hours per task / procedure / schedule, the type of maintenance craft, the 

number of craft persons required, estimated maintenance material costs per task / procedure / 

schedule, the total maintenance down time costs per task / procedure / schedule, and finally, the 

estimated total down time costs per year, the estimated total maintenance labour costs per year, 

and the estimated total maintenance material costs per year. The summation of these estimated 

annual costs are then projected over a period of several years (usually ten years) beyond the 

warranty operations period, based on estimates of declining early failures in stabilised operation. 
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Figure 2.3.3.u. (11) Hazards Criticality Analysis – Logistics Worksheet 

 

The Logistics Worksheet in Hazards Criticality Analysis automatically integrates matched 

information pertaining to the necessary logistical support of selected equipment for consideration 

during the detail design phase of the engineering design process, with equipment condition and 

criticality information, and the necessary warranty maintenance strategy and costs information. 

The logistical support information relates to FMECA and includes the following: 

  

 Estimated required spares description 

 Estimated required spares strategy 

 Estimated spares BOM description 

 Estimated spares category 

 Estimated spares costs. 
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Figure 2.3.3.u. (12) Hazards Criticality Analysis – Logistics Spreadsheet 

 

The Hazard Criticality Analysis - Logistics Spreadsheet is a layout of selected components, 

based on the outcome of the Logistics Worksheet of selected equipment for consideration during 

the detail design phase of the engineering design process. The worksheet is automatically 

generated, and serves as a FMECA pro-forma for electronically automated design reviews. The 

spreadsheet contains FMECA design integrity specification information such as; the critical item 

of equipment requiring logistic support, the related spare parts by part description, the part 

identification number (according to the maintenance task code), parts specifications, parts 

quantities, the proposed manufacturer or supplier, the relevant manufacturer / supplier codes, the 

itemised stores description (for spare parts required for operations), the related Bill of Material 

(BOM) description and code for required stock items, the manufacturer’s BOM description and 

code for non-stock items, the relevant manufacturer / supplier catalogue numbers, and finally, the 

estimated price per unit for the required spare parts. 
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2.3.3.B. EVALUATION OF MODELLING RESULTS: 
 

a) Failure Modes and Effects Criticality Analysis: 

SYSTEM: ASSEMBLY: 
COMP. 
(SHORT 
DESC) 

FAILURE 
DESCRIPT. 

FAIL. 
MODE 

FAILURE EFFECTS 
FAILURE 
CONSEQ. 

FAILURE CAUSES 

DRYING 
TOWER 

No.1 SO2 
BLOWER 

SHAFT & 
BEARING

S 

Fails to 
contain 

PLF 
No immediate effect however can 
result in equipment damage 

Production 

Leakage through 
seals due to breather 
blockage or seal joint 
deterioration 

DRYING 
TOWER 

No.2 SO2 
BLOWER 

SHAFT & 
BEARING

S 

Fails to 
contain 

PLF 
No immediate effect however can 
result in equipment damage 

Production 

Leakage through 
seals due to breather 
blockage or seal joint 
deterioration 

HOT GAS 
FEED 

HOT GAS 
(ID) FAN 

  
Excessive 
vibration 

PFC 

Hot gas ID fan would trip on high 
vibration as detected by any of 
four fitted vibration switches. 
Results in all gas directed to Main 
Stack. 

Production 

Dirt accumulation on 
impeller due 
excessive dust from 
ESPs 

REVERSE 
JET 

SCRUBBE
R 

REVERSE 
JET 

SCRUBBER 

W/ACID 
SPRAY 

NOZZLES 

Fails to 
deliver 
spray 

TLF 

Prevents the distribution of acid 
uniformly in order to provide 
protection the RJS  and cool the 
gases. Hot gas temp exiting RJS 
will be detected and shut down 
Acid Plant 

Production 

Nozzle blocks due to 
foreign materials in 
the weak acid 
supplied 

REVERSE 
JET 

SCRUBBE
R 

REVERSE 
JET 

SCRUBBER 

W/ACID 
SPRAY 

NOZZLES 

Fails to 
deliver 
spray 

TLF 

Prevents the distribution of acid 
uniformly in order to provide 
protection the RJS  and cool the 
gases. Hot gas temp exiting RJS 
will be detected and shut down 
Acid Plant 

Production 
Nozzle falls off due to 
incorrect installation 

DRYING 
TOWER 

No.1 SO2 
BLOWER 

SCROLL 
HOUSING 

Fails to 
contain 

TLF 
No effect immediate effect other 
than safety problem due to gas 
emission 

Health 
Hazard 

Cracked housing due 
to operation above 
design temperature 
limits or restricted 
expansion 

DRYING 
TOWER 

No.2 SO2 
BLOWER 

SCROLL 
HOUSING 

Fails to 
contain 

TLF 
No effect immediate effect other 
than safety problem due to gas 
emission 

Health 
Hazard 

Cracked housing due 
to operation above 
design temperature 
limits or restricted 
expansion 

FINAL 
ABSORB. 
TOWER 

FINAL 
ABSORB. 
TOWER 

  

Fails to 
absorb SO3 

from the 
gas stream 

TLF 

Will result in poor stack 
appearance, loss in acid  
production and plant shut down 
due to environmental reasons 

Environment 

Loss of absorbing 
acid flow or non 
uniform distribution of 
flow due to absorbing 
acid trough or header 
collapsing 

DRYING 
TOWER 

No.1 SO2 
BLOWER 

SHAFT & 
BEARING

S 

Excessive 
vibration 

PFC 
Can result in equipment damage 
and loss of acid production 

Production 

Loss of balance due 
to impellor deposits 
or permanent loss of 
blade material by 
corrosion/erosion 

DRYING 
TOWER 

No.2 SO2 
BLOWER 

SHAFT & 
BEARING

S 

Excessive 
vibration 

PFC 
Can result in equipment damage 
and loss of acid production 

Production 

Loss of balance due 
to impellor deposits 
or permanent loss of 
blade material by 
corrosion/erosion 

SYSTEM: ASSEMBLY: 
COMP. 
(SHORT 
DESC) 

FAILURE 
DESCRIPT. 

FAIL.
MODE 

FAILURE EFFECTS 
FAILURE 
CONSEQ. 

FAILURE CAUSES 
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DRYING 
TOWER 

No.1 SO2 
BLOWER 

SHAFT 
SEAL 

Fails to 
contain 

TLF 
No effect immediate effect other 
than safety problem due to gas 
emission 

Health 
Hazard 

Carbon ring wear-out 
due to rubbing friction 
between shaft sleeve 
and carbon surface 

DRYING 
TOWER 

No.2 SO2 
BLOWER 

SHAFT 
SEAL 

Fails to 
contain 

TLF 
No effect immediate effect other 
than safety problem due to gas 
emission 

Health 
Hazard 

Carbon ring wear-out 
due to rubbing friction 
between shaft sleeve 
and carbon surface 

FINAL 
ABSORB. 
TOWER 

FAT 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

Vanes Fail 
to rotate 

TLF 

Loss of flow control leading to loss 
of efficiency of the FAT leading to 
possible SO2 emissions. This will 
lead to plant shutdown if the 
emissions are excessive or if 
temp of > 220 Deg C 

Environment 

Seized adjustment 
ring due to Roller 
guides worn or 
damaged due to lack 
of lubrication 

FINAL 
ABSORB. 
TOWER 

FAT 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

Vanes Fail 
to rotate 

TLF 

Loss of flow control leading to loss 
of efficiency of the FAT leading to 
possible SO2 emissions. This will 
lead to plant shutdown if the 
emissions are excessive or if 
temp of > 220 Deg C 

Environment 

Seized vane stem 
sleeve due to 
Deteriorated shaft 
stem sealing ring and 
ingress of chemical 
deposits 

FINAL 
ABSORB. 
TOWER 

FAT 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

Operation 
outside 
limits of 
control 

TLF 

Loss of flow control leading to loss 
of efficiency of the FAT leading to 
possible SO2 emissions. This will 
lead to plant shutdown if the 
emissions are excessive or if 
temp of > 220 Deg C 

Environment 

Loose or incorrectly 
adjusted vane link pin 
due to Incorrect 
installation process or 
over-stroke condition 

DRYING 
TOWER 

DRYING 
TOWER 

  

Fails to 
remove 
moisture 
from the 

gas stream 

TLF 
Will result in blower vibration 
problems, deterioration of catalyst 
and loss of acid production 

Quality 

Damage, blockage or 
dislodged mist pad 
due to high 
temps/excessive inlet 
gas flow or reduced 
gas quality from 
upstream equipment  

DRYING 
TOWER 

DRYING 
TOWER 

  

Fails to 
remove 
moisture 
from the 

gas stream 

TLF 
Will result in blower vibration 
problems, deterioration of catalyst 
and loss of acid production 

Quality 

Damage, blockage or 
dislodged mist pad 
due to improper 
installation of filter 
pad retention ring 

IPAT SO3 
COOLER 

SO3 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

Vanes Fail 
to rotate 

TLF 

Loss of IPAT efficiency due to 
poor temperature control of the 
gas stream. 
Temperature control loop would 
cut gas supply if gas discharge 
temperature at IPAT cooler too 
high 

Quality 

Seized adjustment 
ring due to Roller 
guides worn or 
damaged due to lack 
of lubrication 

IPAT SO3 
COOLER 

SO3 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

Vanes Fail 
to rotate 

TLF 

Loss of IPAT efficiency due to 
poor temperature control of the 
gas stream. 
Temperature control loop would 
cut gas supply if gas discharge 
temperature at IPAT cooler too 
high 

Quality 

Seized vane stem 
sleeve due to 
Deteriorated shaft 
stem sealing ring and 
ingress of chemical 
deposits 

SYSTEM: ASSEMBLY: 
COMP. 
(SHORT 
DESC) 

FAILURE 
DESCRIPT. 

FAIL.
MODE 

FAILURE EFFECTS 
FAILURE 
CONSEQ. 

FAILURE CAUSES 

IPAT SO3 
COOLER 

SO3 
COOL.FAN 

PIPING 

INLET 
CONTROL 

VANES 

Operation 
outside 
limits of 
control 

TLF 

Loss of IPAT efficiency due to 
poor temperature control of the 
gas stream. 
Temperature control loop would 

Quality 

Loose or incorrectly 
adjusted vane link pin 
due to Incorrect 
installation process or 
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cut gas supply if gas discharge 
temperature at IPAT cooler rose 
too high 

over-stroke condition 

IPAT SO3 
COOLER 

SO3 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

Vanes Fail 
to rotate 

TLF 

Loss of IPAT efficiency  due to 
poor temperature control of the 
gas stream. 
Acid will condense out of gas 
stream if air inlet temp is less than 
93 deg C. 

Quality 

Seized adjustment 
ring due to Roller 
guides worn or 
damaged due to lack 
of lubrication 

IPAT SO3 
COOLER 

SO3 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

Vanes Fail 
to rotate 

TLF 

Loss of IPAT efficiency due to 
poor temperature control of the 
gas stream. 
Acid will condense out of gas 
stream if air inlet temp is less than 
93 deg C. 

Quality 

Seized vane stem 
sleeve due to 
Deteriorated shaft 
stem sealing ring and 
ingress of chemical 
deposits 

IPAT SO3 
COOLER 

SO3 
COOL.FAN 

PIPING 

INLET 
CONTROL 

VANES 

Operation 
outside 
limits of 
control 

TLF 

Loss of IPAT efficiency due to 
poor temperature control of the 
gas stream. 
Acid will condense out of gas 
stream if air inlet temp is less than 
93 deg C. 

Quality 

Loose or incorrectly 
adjusted vane link pin 
due to Incorrect 
installation process or 
over-stroke condition 

DRYING 
TOWER 

DRYING 
TOWER 

  
Restricted 
gas flow 

PLF Increased loading on SO2 blower Production 

Mist pad blockage 
due to ESP 
dust/chemical 
accumulation 

I/P 
ABSORB. 
TOWER 

I/PASS 
ABSORB. 
TOWER 

  

Fails to 
absorb SO3 

from the 
gas stream 

TLF 

Will result in additional loading of 
converter 4th pass and final 
absorbing tower with possible 
stack emissions 

Environment 

Loss of absorbing 
acid flow or non 
uniform distribution of 
flow due to absorbing 
acid trough or header 
collapsing 

FINAL 
ABSORB. 
TOWER 

FAT 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

Vanes Fail 
to rotate 

TLF 

Loss of flow control leading to loss 
of efficiency of the FAT leading to 
possible SO2 emissions. This will 
lead to plant shutdown if the 
emissions are excessive 

Environment 

Seized adjustment 
ring due to Roller 
guides worn or 
damaged due to lack 
of lubrication 

FINAL 
ABSORB. 
TOWER 

FAT 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

Vanes Fail 
to rotate 

TLF 

Loss of flow control leading to loss 
of efficiency of the FAT leading to 
possible SO2 emissions. This will 
lead to plant shutdown if the 
emissions are excessive 

Environment 

Seized vane stem 
sleeve due to 
Deteriorated shaft 
stem sealing ring and 
ingress of chemical 
deposits 

FINAL 
ABSORB. 
TOWER 

FAT 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

Operation 
outside 
limits of 
control 

TLF 

Loss of flow control leading to loss 
of efficiency of the FAT leading to 
possible SO2 emissions. This will 
lead to plant shutdown if the 
emissions are excessive 

Environment 

Loose or incorrectly 
adjusted vane link pin 
due to Incorrect 
installation process or 
over-stroke condition 

 

Table 2.3.3.a. Acid Plant Failure Modes and Effects Analysis (Ranking on Criticality) 

 

A FMEA was conducted on the Environmental Plant (i.e. the process of sulphur dioxide to 

sulphuric acid conversion from a non-ferrous metal smelter that initially emitted about 90 tonnes 

of sulphur gas into the environment per day), several months after completion of its design and 

installation. The objective of this field study was to determine the level of correlation between 

the design specifications and the actual installation’s operational data, particularly with respect to 
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systems criticality. The RAM model initially captured the Environmental Plant’s design criteria 

during design and commissioning of the Plant, and was installed on the organisation intranet. 

 

After a hierarchical structuring of the as-built systems into their assemblies and components, a 

FMEA was conducted, consisting mainly of identifying component failure descriptions, failure 

modes, failure effects, consequences and causes. Thereafter, a FMECA was conducted, which 

included an assessment of the probability of occurrence of the consequences of failure based on 

the relevant theory and analytic techniques previously considered, relating to uncertainty and 

probability assessment; the failure rate or number of failures per year, based on an extract of the 

failure records maintained by the installation’s distributed control system (DCS); an assessment 

of the severity of each failure consequence based on the expected costs/loss of the failure 

consequence; the risk of the failure consequence based on the product of the probability of its 

occurrence and its severity; the criticality of the failure based on the failure rate and the failure’s 

consequence severity; as well as the annual average cost of failure. From these survey values, a 

failure criticality ranking and relevant potential failure cost criticality were established.  

 

Only a very small portion (less than 1%) of the results of the FMEA is given in Table 2.3.3.a: 

Acid Plant Failure Modes and Effects Analysis (Ranking on Criticality) and Table 2.3.3.b: Acid 

Plant Failure Modes and Effects Criticality Analysis, to serve as illustration. A criticality ranking 

of the systems and their related assemblies was determined, which revealed that the highest 

ranking systems were the Drying Tower, Hot Gas Feed, Reverse Jet Scrubber, Final Absorption 

Tower, and the IPAT SO3 Cooler. More specifically, the highest ranking critical assemblies and 

their related components of these systems were identified as the Drying Tower blowers’ shafts, 

bearings (PLF) and scroll housings (TLF), the Hot Gas Feed induced draft fan (PFC), the 

Reverse Jet Scrubber’s acid spray nozzles (TLF), the Final Absorption Tower vessel and cooling 

fan guide vanes (TLF), and the IPAT SO3 Cooler’s cooling fan control vanes (TLF). These 

results were surprising, and caused some negative anticipation in the RAM design specifications.  

 

SYSTEM: ASSEMBLY 
COMP. 
(SHORT 
DESC) 

FAIL. 
MODE 

FAILURE 
CONSEQ. 

PROB. 
OF 

OCCUR 

NO. OF  
FAILS 

/YR 
SEV. RISK 

CRIT. 
VAL. 

FAILURE 
COST /YR 

CRIT. 
RATE 

POT 
FAIL 

COST 

DRYING 
TOWER 

No.1 SO2 
BLOWER 

SHAFT & 
BEARINGS 

PLF Production 100% 12 5 5.00 60.00 $287,400  
HIGH 
CRIT.    

HIGH 
COST  
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DRYING 
TOWER 

No.2 SO2 
BLOWER 

SHAFT & 
BEARINGS 

PLF Production 100% 12 5 5.00 60.00 $287,400  
HIGH 
CRIT.    

HIGH 
COST  

HOT GAS 
FEED 

HOT GAS 
(ID) FAN 

  PFC Production 100% 12.00 4 4.00 48.00 $746,400  
HIGH 
CRIT.    

HIGH 
COST  

REVERSE 
JET 

SCRUBBE
R 

REVERSE 
JET 

SCRUBBER 

W/ACID 
SPRAY 

NOZZLES 
TLF Production 100% 6.00 6 6.00 36.00 $465,000  

HIGH 
CRIT.    

HIGH 
COST  

REVERSE 
JET 

SCRUBBE
R 

REVERSE 
JET 

SCRUBBER 

W/ACID 
SPRAY 

NOZZLES 
TLF Production 100% 6.00 6 6.00 36.00 $465,000  

HIGH 
CRIT.    

HIGH 
COST  

DRYING 
TOWER 

No.1 SO2 
BLOWER 

SCROLL 
HOUSING 

TLF 
Health 
Hazard 

80% 4 10 8.00 32.00 $1,235,600  
HIGH 
CRIT.    

HIGH 
COST  

DRYING 
TOWER 

No.2 SO2 
BLOWER 

SCROLL 
HOUSING 

TLF 
Health 
Hazard 

80% 4 10 8.00 32.00 $1,235,600  
HIGH 
CRIT.    

HIGH 
COST  

FINAL 
ABSORB. 
TOWER 

FINAL 
ABSORB. 
TOWER 

  TLF Environment 90% 4.00 8 7.20 28.80 $915,600  
HIGH 
CRIT.    

HIGH 
COST  

DRYING 
TOWER 

No.1 SO2 
BLOWER 

SHAFT & 
BEARINGS 

PFC Production 100% 7 4 4.00 28.00 $449,400  
HIGH 
CRIT.    

HIGH 
COST  

DRYING 
TOWER 

No.2 SO2 
BLOWER 

SHAFT & 
BEARINGS 

PFC Production 100% 7 4 4.00 28.00 $449,400  
HIGH 
CRIT.    

HIGH 
COST  

DRYING 
TOWER 

No.1 SO2 
BLOWER 

SHAFT 
SEAL 

TLF 
Health 
Hazard 

80% 3 10 8.00 24.00 $366,300  
HIGH 
CRIT.    

HIGH 
COST  

DRYING 
TOWER 

No.2 SO2 
BLOWER 

SHAFT 
SEAL 

TLF 
Health 
Hazard 

80% 3 10 8.00 24.00 $366,300  
HIGH 
CRIT.    

HIGH 
COST  

FINAL 
ABSORB. 
TOWER 

FAT 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

TLF Environment 100% 3 8 8.00 24.00 $219,600  
HIGH 
CRIT.    

HIGH 
COST  

FINAL 
ABSORB. 
TOWER 

FAT 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

TLF Environment 100% 3 8 8.00 24.00 $216,600  
HIGH 
CRIT.    

HIGH 
COST  

FINAL 
ABSORB. 
TOWER 

FAT 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

TLF Environment 100% 3 8 8.00 24.00 $215,100  
HIGH 
CRIT.    

HIGH 
COST  

DRYING 
TOWER 

DRYING 
TOWER 

  TLF Quality 80% 4.00 7 5.60 22.40 $620,200  
HIGH 
CRIT.    

HIGH 
COST  

DRYING 
TOWER 

DRYING 
TOWER 

  TLF Quality 80% 4.00 7 5.60 22.40 $620,200  
HIGH 
CRIT.    

HIGH 
COST  

IPAT SO3 
COOLER 

SO3 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

TLF Quality 100% 3 7 7.00 21.00 $219,600  
HIGH 
CRIT.    

HIGH 
COST  

SYSTEM: ASSEMBLY 
COMP. 
(SHORT 
DESC) 

FAIL. 
MODE 

FAILURE 
CONSEQ. 

PROB. 
OF 

OCCUR 

NO. OF  
FAILS 

/YR 
SEV. RISK 

CRIT. 
VAL. 

FAILURE 
COST /YR 

CRIT. 
RATN

G 

POT 
FAIL 

COST 

IPAT SO3 
COOLER 

SO3 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

TLF Quality 100% 3 7 7.00 21.00 $216,600  
HIGH 
CRIT.    

HIGH 
COST  
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IPAT SO3 
COOLER 

SO3 
COOL.FAN 

PIPING 

INLET 
CONTROL 

VANES 
TLF Quality 100% 3 7 7.00 21.00 $215,100  

HIGH 
CRIT.    

HIGH 
COST  

IPAT SO3 
COOLER 

SO3 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

TLF Quality 100% 3 7 7.00 21.00 $219,600  
HIGH 
CRIT.    

HIGH 
COST  

IPAT SO3 
COOLER 

SO3 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

TLF Quality 100% 3 7 7.00 21.00 $216,600  
HIGH 
CRIT.    

HIGH 
COST  

IPAT SO3 
COOLER 

SO3 
COOL.FAN 

PIPING 

INLET 
CONTROL 

VANES 
TLF Quality 100% 3 7 7.00 21.00 $215,100  

HIGH 
CRIT.    

HIGH 
COST  

DRYING 
TOWER 

DRYING 
TOWER 

  PLF Production 100% 4.00 5 5.00 20.00 $580,200  
HIGH 
CRIT.    

HIGH 
COST  

I/P 
ABSORB. 
TOWER 

I/PASS 
ABSORB. 
TOWER 

  TLF Environment 60% 4.00 8 4.80 19.20 $915,600  
HIGH 
CRIT.    

HIGH 
COST  

FINAL 
ABSORB. 
TOWER 

FAT 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

TLF Environment 80% 3 8 6.40 19.20 $219,600  
HIGH 
CRIT.    

HIGH 
COST 

FINAL 
ABSORB. 
TOWER 

FAT 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

TLF Environment 80% 3 8 6.40 19.20 $216,600  
HIGH 
CRIT.    

HIGH 
COST 

FINAL 
ABSORB.T

OWER 

FAT 
COOL.FAN 

PIPING 

INLET 
GUIDE 
VANES 

TLF Environment 80% 3 8 6.40 19.20 $215,100  
HIGH 
CRIT.    

HIGH 
COST  

 

Table 2.3.3.b. Acid Plant Failure Modes and Effects Criticality Analysis 

 

With the FMEA/FMECA results established, a study was conducted in comparing these results 

with the initial RAM Analysis design specifications. Screen captures of the RAM Analysis 

model are shown in Figures 2.3.3.v. (1) to (4). Despite an initial anticipation of the possibility of 

non-correlation of the FMECA results with the design specifications, due to some modifications 

during construction, it turned out that the RAM Analysis, based on the requirements for 

determining the integrity of engineering design according to the researched methodology, was 

relatively accurate with a good correlation. The results of the comparative study are considered 

with each specific system hierarchy relating to the highest ranked systems, namely the Drying 

Tower, Hot Gas Feed, Reverse Jet Scrubber, Final Absorption Tower, and the IPAT SO3 Cooler. 
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Figure 2.3.3.v. (1). Design Specification FMECA – Drying Tower 

 

According to the design integrity methodology followed in the RAM Analysis, the design 

specification FMECA for the Drying Tower indicates an estimated criticality value of 32 for the 

No.1 SO2 Blower scroll housing (TLF), which is the highest estimated value resulting in the 

topmost criticality ranking. The No.1 SO2 Blower shaft seal (PLF) has a criticality value of 24, 

the shaft and bearings (PLF) has a criticality value of 10, and the impeller (PLF) a criticality 

value of 7.5. From the FMECA field study extract given in Table 2.3.3.b. the topmost criticality 

ranking was determined as the Drying Tower blowers’ shafts and bearings (PLF) and scroll 

housings (TLF). The Drying Tower blowers’ shaft seals (TLF) featured 11th and 12th, and the 

impellers did not feature at all. Although the correlation between the RAM Analysis design 

specifications and the results of the field study is not quantified, a qualitative assessment of the 

accuracy of the design integrity methodology of the RAM Analysis can be described as accurate. 
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Figure 2.3.3.v. (2). Design Specification FMECA – Hot Gas Feed 

 

The RAM Analysis design specification FMECA for the Hot Gas Feed indicates an estimated 

criticality value of 6 for both the SO2 Gas Duct pressure transmitter and temperature transmitter. 

From the FMECA field study extract given in Table 2.3.3.b. the criticality for the Hot Gas Feed 

induced draft fan (PFC) ranked 3rd out of the topmost 30 critical items of equipment, whereas the 

design specification FMECA ranked the induced draft fan (PFC) as a mere 3, which is not 

illustrated in Figure 2.3.3.v. (2). The SO2 Gas Duct pressure transmitter and temperature 

transmitter did not feature in the FMECA field study extract given in Table 2.3.3.b. Although 

this does indicate some vulnerability of accuracy in the assessment and evaluation of design 

integrity at the lower levels of the systems breakdown structure (SBS), especially with respect to 

an assessment of the critical failure mode, the identification of the Hot Gas Feed induced draft 

fan as a high failure critical and high cost critical item of equipment, is valid. 
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Figure 2.3.3.v. (3). Design Specification FMECA – Reverse Jet Scrubber 

 

The RAM Analysis design specification FMECA for the Reverse Jet Scrubber indicates an 

estimated criticality value of 6 for both the RJS pumps’ pressure indicators. From the FMECA 

field study extract given in Table 2.3.3.b. the criticality for the Reverse Jet Scrubber’s acid spray 

nozzles (TLF) ranked 4th and 5th out of the topmost 30 critical items of equipment, whereas the 

design specification FMECA ranked the acid spray nozzles (TLF) as 4.5, which is not illustrated 

in Figure 2.3.3.v. (2). Similar to the Hot Gas Feed system, this again indicates some vulnerability 

of accuracy in the assessment and evaluation of design integrity at the lower levels of the 

systems breakdown structure (SBS), especially with respect to an assessment of the critical 

failure mode. However, the identification of the Reverse Jet Scrubber’s pumps as a high failure 

critical item of equipment (with respect to instrumentation), is valid. Furthermore, the RJS 

pumps have a reliable design configuration of 3-up with 2 operational and 1 standby. 
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Figure 2.3.3.v. (4). Design Specification FMECA – Final Absorption Tower 

 

The RAM Analysis design specification FMECA for the Final Absorption Tower indicates an 

estimated criticality value of 2.475, which gives a criticality rating of medium criticality. The 

highest criticality for components of the Final Absorption Tower system is 4.8, which is for the 

Final Absorption Tower temperature instrument loop. From the FMECA field study extract 

given in Table 2.3.3.b. the criticality ranking for the Final Absorption Tower ranked 8th out of 

the topmost 30 critical items of equipment, whereas the design specification FMECA does not 

list the Final Absorption Tower as having a high criticality. Similar to the Hot Gas Feed system 

and the Reverse Jet Scrubber system, this once more indicates some vulnerability of accuracy in 

the assessment and evaluation of design integrity at the lower levels of the systems breakdown 

structure (SBS). However, the identification of the Final Absorption Tower as a critical system in 

the RAM design specification was verified by an evaluation of the Plant’s failure data. 
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b) Failure Data Analysis: 

 

Failure Time: RT(min) TBF(day)   Failure Time: RT(min) TBF(day)   Failure Time: RT(min) TBF(day) 

7/28/01 0:00 38 0   9/25/01 0:00 31 5   11/9/01 0:00 360 1 

7/30/01 0:00 35 2   9/27/01 0:00 79 2   11/10/01 0:00 430 1 

7/31/01 0:00 148 1   9/29/01 0:00 346 2   11/20/01 0:00 336 10 

8/1/01 0:00 20 1   9/30/01 0:00 80 1   11/26/01 0:00 175 6 

8/5/01 0:00 27 4   10/1/01 0:00 220 1   11/28/01 0:00 118 2 

8/7/01 0:00 15 2   10/4/01 0:00 63 3   12/1/01 0:00 35 3 

8/11/01 0:00 5 4   10/7/01 0:00 176 3   12/2/01 0:00 556 1 

8/12/01 0:00 62 1   10/8/01 0:00 45 1   12/5/01 0:00 998 3 

8/13/01 0:00 580 1   10/10/01 0:00 52 2   12/6/01 0:00 124 1 

8/14/01 0:00 897 1   10/10/01 0:00 39 0   12/11/01 0:00 25 5 

8/15/01 0:00 895 1   10/11/01 0:00 55 1   12/12/01 0:00 120 1 

8/16/01 0:00 498 1   10/12/01 0:00 36 1   12/17/01 0:00 35 5 

8/17/01 0:00 308 1   10/14/01 0:00 10 2   12/26/01 0:00 10 9 

8/19/01 0:00 21 2   10/18/01 0:00 1440 4   1/2/02 0:00 42 7 

8/21/01 0:00 207 2   10/19/01 0:00 590 1   1/18/02 0:00 196 16 

8/22/01 0:00 346 1   10/22/01 0:00 43 3   1/29/02 0:00 22 11 

8/23/01 0:00 110 1   10/24/01 0:00 107 2   2/9/02 0:00 455 11 

8/25/01 0:00 26 2   10/29/01 0:00 495 5   2/10/02 0:00 435 1 

8/28/01 0:00 15 3   10/30/01 0:00 392 1   2/13/02 0:00 60 3 

9/4/01 0:00 41 7   10/31/01 0:00 115 1   2/13/02 0:00 30 0 

9/9/01 0:00 73 5   11/1/01 0:00 63 1   2/17/02 0:00 34 4 

9/12/01 0:00 134 3   11/2/01 0:00 245 1   2/24/02 0:00 71 7 

9/19/01 0:00 175 7   11/4/01 0:00 40 2   3/4/02 0:00 18 8 

9/20/01 0:00 273 1   11/8/01 0:00 50 4   3/9/02 0:00 23 5 

 

Table 2.3.3.c. Acid Plant Failure Data (Repair Time RT and Time Before Failure TBF) 

 

Failure data in the form of time (in days) before failure of the critical systems (Drying Tower, 

Hot Gas Feed, Reverse Jet Scrubber, Final Absorption Tower, and the IPAT SO3 Cooler) was 

accumulated over a period of only 2 months. This data is given in Table 2.3.3.c. A Weibull 

distribution fit to the data produced the following results: 

 

Acid Plant Failure Data Statistical Analysis:                                                      

Number of Failures                 = 72                                 

Number of Suspensions            = 0                                

Total Failures + Suspensions      = 72                                 

Mean Time To Failure (MTTF)          = 2.35 (days)                 
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The Kolmogorov-Smirnov Goodness-of-Fit Test: 

The Kolmogorov-Smirnov (K-S) test is used to decide if a sample comes from a population with 

a specific distribution. The K-S test is based on the empirical distribution function (e.c.d.f.) 

whereby; given N ordered data points Y1, Y2, ... YN, the e.c.d.f. is defined as: 

 

E N   = n (i) / N 

 

where n(i) is the number of points less than Yi and the Yi are ordered from smallest to largest 

value. This is a step function that increases by 1/N at the value of each ordered data point. An 

attractive feature of this test is that the distribution of the K-S test statistic itself does not depend 

on the underlying cumulative distribution function being tested. Another advantage is that it is an 

exact test however, the goodness-of-fit test depends on an adequate sample size for the 

approximations to be valid. The K-S test has several important limitations, specifically:  

 It only applies to continuous distributions.  

 It tends to be more sensitive near the center of the distribution than at the tails. 

 The distribution must be fully specified. That is, if location, scale, and shape parameters 

are estimated from the data, the critical region of the K-S test is no longer valid, and must 

be determined by Monte Carlo (MC) simulation.  

 

Goodness of Fit Results:          

The K-S test result of the Acid Plant data given in Table 2.3.3.c. is the following: 

 

Kolmogorov-Smirnov (D) Statistic  = 347                             

Modified D Statistic              = 2.514                             

Critical Value of Modified D     = 1.094 

 Confidence Level                    = 90% 95% 97.5%    99%          

Tabled Value of K-S Statistic  = .113 .122 .132   .141          

Observed K-S Statistic          = 325 

Thus:                       

The hypothesis that data fits the 2-Weibull distribution is rejected with 99% confidence.    

Mean Absolute Prob. Error      = .1058              

Model accuracy        = 89.42% (poor)              
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Figure 2.3.3.w. Weibull Distribution Chart for Failure Data 

 

Three Parameter Weibull Fit - Ungrouped Data: 

Fitted WEIBULL Parameters  (Linear Regression)         

Minimum Life                   = 0.47 (days)      

Shape Parameter BETA           = 1.63                   

Scale Parameter ETA             = 1.74 (days)      

Mean Life                       = 2.03 (days)   

Characteristic Life             = 2.21 (days)   

Standard Deviation              = 0.98 (days)   

 

Test for Random Failures: 

Hypothesis that failures are random is rejected at 5% level.  
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2.3.3.C. APPLICATION MODELLING OUTCOME 
 

The Acid Plant failure data does not suitably fit the Weibull distribution, with 

89% model accuracy. However, the failures are not random (i.e. the failure rate is not constant), 

and it is essential to determine whether failures are in the early phase, or the wear-out phase of 

the Plant’s life cycle – especially so soon after its installation (less than 24 months). The 

distribution must be fully specified. That is, the K-S test is no longer valid, and must be 

determined by Monte Carlo (MC) simulation. However, prior to simulation, a closer definition of 

the source of most of the failures of the critical systems (determined through the field survey 

FMECA) was necessary. Table 2.3.3.d. shows the total down time of the Acid Plant’s critical 

systems. The down time failure data grouping indicated that the highest down time was due to 

the Hot Gas Feed induced draft fan, followed by the Reverse Jet Scrubber, the Drying Tower 

blowers and Final Absorption. 

 

Engineered Installation Down Time: 

Down Time Reason Code Description Total Hrs Direct Hrs Indirect Hrs 

Hot Gas Feed - Hot Gas Fan Total 1514 1388 126 

Gas Cleaning – RJS Total 680 581 99 

Drying Tower - SO2 Blowers Total 496 248 248 

Gas Absorption – Final Absorption Total 195 100 95 

TOTAL: 2885 2317 568 
 

Table 2.3.3.d. Total Down Time of the Environmental Plant Critical Systems  

 

Monte Carlo Simulation: 

With the K-S test, the distribution of the failure data must be fully specified. That is, if location, 

scale, and shape parameters are estimated from the data, the critical region of the K-S test is no 

longer valid, and must be determined by Monte Carlo (MC) simulation. MC simulation emulates 

the chance variations in the critical systems’ time before failure (TBF) by generating random 

numbers that form a uniform distribution which is used to select values from the sample TBF 

data, and for which various TBF values are established to develop a large population of 

representative sample data. The model then determines if the representative sample data comes 

from a population with a specific distribution (i.e. exponential, Weibull or gamma distributions). 

The outcome of the MC simulation generated the following distribution parameters: 
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Time Between Failure Distribution: 

 

Table 2.3.3.e. Values of Distribution Models for Time Between Failure 

 

Repair Time Distribution: 

 

Table 2.3.3.f. Values of Distribution Models for Repair Time 

 

The results of the MC simulation are depicted in Figures 2.3.3.x.(1) and 2.3.3.x.(2). The 

representative sample data comes from a population with a gamma distribution, as illustrated in 

Figure 2.3.3.x.(2). The median (MTTF) of the representative data is given as approximately 2.3, 

which does not differ greatly from the MTTF for the three-parameter Weibull distribution for 

ungrouped data, which equals 2.35 (days). This Weibull distribution has a shape parameter, 

BETA, of 1.63, which is greater than 1, indicating wear-out.  

 

Conclusion: 

From the field survey data, the assumption can be made that the critical systems’ specific high 

ranking critical components are inadequately designed from a design integrity point of view, as 

they indicate wear-out too early in the Plant’s life-cycle. This is with reference to the items listed 

in Table 2.3.3.b. particularly the Drying Tower blowers’ shafts, bearings (PLF) and scroll 

housings (TLF), the Hot Gas Feed induced draft fan (PFC), the Reverse Jet Scrubber’s acid spray 

nozzles (TLF), the Final Absorption Tower vessel and cooling fan guide vanes (TLF), and the 

IPAT SO3 Cooler’s cooling fan control vanes (TLF). 

 

Distribution Model: Parameter Parameter Value: 

1. Exponential Model gamma 4.409E-03 

2. Weibull Model gamma 1.548E+00 

 theta 3.069E+02 

3. Gamma Model gamma 7.181E-01 

 theta 3.276E+02 

Distribution Model: Parameter Parameter Value: 

1. Exponential Model gamma 2.583E-01 

2. Weibull Model gamma 8.324E-01 

 theta 3.623E+00 

3. Gamma Model gamma 4.579E-01 

 theta 8.720E+00 
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Figure 2.3.3.x.(1). MC Simulation of the Critical Systems’ Time Before Failure 

 

 

Figure 2.3.3.x.(2). MC Results for a Gamma Distribution Best Fit of TBF Data 
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CHAPTER 4. AVAILABILITY AND MAINTAINABILITY IN 

ENGINEERING DESIGN 

 

2.4.1.  INTRODUCTION 

 

  The foregoing chapter dealt with the analysis of engineering design with respect to 

the prediction, assessment and evaluation of reliability and systems functional performance, 

without considering repair in the event of failure. This chapter deals with repairable systems and 

their equipment in engineering design, which can be restored to operational service after failure. 

It covers the prediction and assessment of availability (the probability that a system will be in 

operational service during a scheduled operating period), and maintainability (the probability of 

system restoration within a specified down time). Evaluation of operational availability (and 

maintainability) is normally considered in the detail design phase, or after installation of the 

engineering design, during process ramp-up and production. 

 

Availability in engineering design has its roots in the field of designing for reliability as well as 

designing for maintainability, in which a “top - down” approach is adopted, predominantly from 

the design’s systems level to its equipment level (i.e. assembly level), and constraints on systems 

operational performance are determined. Availability in engineering design was initially 

developed in defence and aerospace design research [Conlon J.C et al. 1982], whereby 

availability was viewed as a measure of the degree to which a system was in an operable state at 

the beginning of a mission, whenever called for at any random point in time. Traditional 

reliability engineering considered availability simply as a special case of reliability while taking 

the maintainability of equipment into account. Availability was regarded as the parameter that 

translated system reliability and maintainability characteristics into an index of system 

effectiveness. Availability in engineering design is fundamentally based on the question: ‘What 

must be considered to ensure that the equipment will be in a working condition when needed for 

a specific period of time?’.  
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The ability to answer this question for a particular system and its equipment, represents a 

powerful concept in engineering design integrity, with resulting additional side-benefits. One 

important benefit is the ability to use availability analysis during the engineering design process 

as a platform to support design for reliability and design for maintainability parameters, as well 

as trade-offs between these parameters. 

 

Availability is intrinsically defined as; “the probability that a system is operating satisfactorily 

at any point in time when used under stated conditions, where the time considered includes 

the operating time and the active repair time”. [Nelson M.E. et al. 1981] 

 

While this definition is conceptually rather narrow, especially concerning the repair time, the 

thrust of the approach of availability in engineering design is to initially consider inherent 

availability in contrast to achieved and operational availability of processes and systems. A more 

comprehensive approach would need to include a measure for the quantification of uncertainty, 

which involves considering the concept of availability as a decision analysis problem. This 

results in identifying different options for improving availability by evaluating respective 

outcomes with specific criteria such as costs and benefits, and quantifying their likelihood of 

occurrence. Economic incentive is the primary basis for the growing interest in more deliberate 

and systematic availability analysis in engineering design.  

 

Ensuring a proper analysis in the determination of availability in engineering design is one of the 

few alternatives that design engineers may have for obtaining an increase in process and/or 

systems capacity, without incurring significant increases in capital costs. From the definition, it is 

evident that any form of availability analysis is time-related. Figure 2.4.1.a illustrates the 

breakdown of total equipment time into time-based elements on which the analysis of availability 

is based. It must be noted that the time designated as ‘off time’ does not apply to availability 

analysis because during this time, system operation is not required. It has been included in the 

illustration however, as this situation is often found in complex integrated systems, where the 

reliability concept of ‘redundancy’ is related to the availability concept of ‘standby’. 
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    TOTAL TIME ( T T )             OFF TIME 

 
       ‘UP TIME’              ‘DOWN TIME’ 

 

 

 
OPERATING TIME     STANDBY TIME            ACTIVE        DELAY 

   (OT)     (ST)            (ALDT) 

            
     TPM       TCM 

 

Figure 2.4.1.a Breakdown of Total System’s Equipment Time 

[DoD 3235.1-H 1982] 

 

Where:  UP TIME   =  Operable Time 

  DOWN TIME  =  Inoperable Time 

OT   = Operating Time 

ST   = Standby Time 

ALDT   = Administrative and Logistics Down Time 

TPM   =  Total Preventive Maintenance 

  TCM    =  Total Corrective Maintenance 

 

The basic mathematical model for availability is: 

 

Availability A  =    Up Time     =   Up Time 

   

Total Time  Up Time + Down Time 

 

 

Actual analysis of availability is accomplished by substituting the time-based elements defined 

above, into various forms of this basic equation. Different combinations of elements combine to 

formulate different definitions of availability. 

 

Designing for availability predominantly considers whether a design has been configured at 

systems level to meet certain availability requirements based on specific process or systems 

Eq. 2.4.1.1 
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operating criteria. Designing for availability is mainly considered at the design’s systems and  

higher equipment level (i.e. assembly level, and not component level), whereby availability 

requirements based on expected systems performance are determined, which eventually affects 

all of the items in the systems hierarchy. Similar to designing for reliability, this approach does 

not depend on having to initially identify all the design’s components, and is particular to the 

conceptual or preliminary design stage.  

 

However, it is observed practice in certain large continuous process industries that have complex 

integrations of systems, particularly the power generating industry and the chemical process 

industries [Huzdovich J.M. 1981], that the concept of availability is closely related to reliability, 

whereby many ‘availability’ measures are calculated as a “bottom - up” evaluation. In such cases, 

availability in engineering design is approached from the design’s lower levels (i.e. assembly 

and/or component levels) up the systems hierarchy to the design’s higher levels (i.e. system and 

process levels), whereby the collective effect of all the equipment availabilities is determined. 

Clearly, this approach is only feasible once all the design’s equipment have been identified, 

which is well into the detail design stage. 

 

In order to establish the most applicable methodology for determining the integrity of 

engineering design at different stages of the design process, particularly with regard to the 

development of designing for availability, or to the assessment of availability in engineering 

design (i.e. “top - down” or “bottom - up” approaches in the systems hierarchy, respectively), 

some of the basic availability analysis techniques applicable to either of these approaches need to 

be identified by definition and considered for suitability in achieving the goal of this research. 

Furthermore, it must also be noted that these techniques do not represent the total spectrum of 

availability analysis, and selection has been based on their application in conjunction with the 

selected reliability techniques, (reliability prediction, assessment and evaluation), in order to 

determine the integrity of engineering design at the relative design phases.  

 

The definitions of availability are qualitative in distinction, and indicate significant differences in 

the approaches to the determination of designing for availability at different levels of the systems 

hierarchy. They start from the prediction of inherent availability of systems based on a 
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prognosis of systems operability and systems performance under conditions subject to various 

performance criteria; then progress to an assessment of achieved availability based on 

inferences of equipment usage with respect to down time and maintenance; and finally to an 

evaluation of operational availability based on measures of time that are subject to delays, 

particularly with respect to anticipated values of administrative and logistics down time. 

 

Maintainability in engineering design is described in the U.S.A. military handbook; 

‘Designing and Developing Maintainable Products and Systems’, [MIL-HDBK-470A, 1997], as; 

“the relative ease and economy of time and resources with which an item can be retained in, 

or restored to, a specified condition when maintenance is performed by personnel having 

specified skill levels, using prescribed procedures and resources, at each prescribed level of 

maintenance and repair. In this context, it is a function of design”. 

 

Maintainability refers to the measures taken during the design, development, and manufacture of 

an engineered installation, that reduces the required maintenance, repair skill levels, logistic costs 

and support facilities, to ensure that the installation meets the requirements for its intended use. 

A key consideration in the maintainability measurement of a system is its active down time; the 

time required to bring a failed system back to its operational state or capability. This active down 

time is normally attributed to maintenance activities. An effective way to increase a system's 

availability is to improve its maintainability by minimizing the down time. This minimized down 

time does not happen at random; it is designed to happen by actively ensuring that proper and 

progressive consideration be given to maintainability requirements during the conceptual, 

schematic and detail design phases. Therefore, the inherent maintainability characteristics of the 

system and its equipment must be assured. This can only be achieved by the implementation of 

specific design practices, and verified and validated through maintainability assessment and 

evaluation methods respectively, utilizing both analyses and testing.  

 

The following topics cover some of these assurance activities. 

 Maintainability Analysis 
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 Maintainability Modelling  

 Designing for Maintainability. 

 

Maintainability analysis includes the prediction as well as the assessment and evaluation of 

maintainability criteria throughout the engineering design process, and would normally be 

implemented by a well-defined program, and captured in a Maintainability Program Plan (MPP).  

Maintainability analysis differs significantly from one design phase to the next, particularly with 

respect to a systems level approach during the early conceptual and schematic design phases, in 

contrast to an equipment level approach during the later schematic and detail design phases. 

These differences in approach have a significant impact on maintainability in engineering design 

as well as on contractor/manufacturer responsibilities. Maintainability is a design consideration, 

whereas maintenance is a consequence of that design. However, at the early stages of 

engineering design, it is important to identify the maintenance concept, and derive the initial 

system maintainability requirements and related design attributes. This constitutes 

maintainability analysis. 

 

Maintainability from a maintenance perspective can be defined as; "the probability that a 

failed item will be restored to an operational effective condition within a given period of time". 

 

This restoration of a failed item to an operational effective condition is normally when repair 

action, or corrective action in maintenance is performed in accordance with prescribed standard 

procedures. The item's operational effective condition in this context is also considered to be the 

item's repairable condition. Maintainability is thus the probability that an item will be restored to 

a repairable condition through corrective maintenance action, in accordance with prescribed 

standard procedures, within a given period of time. 

 

Corrective maintenance action is the action to rectify or set right defects in the equipment's 

operational and physical conditions, on which its functions depend, in accordance with a 

standard. Similarly, it can also be discerned from the description of corrective maintenance 

action in maintenance, that maintainability is achieved through restorative corrective 

maintenance action through some or other repair action. This repair action is in fact action to 
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rectify or set right defects in accordance with a standard. The repairable condition of equipment 

is determined by the mean time to repair (MTTR), which is a measure of its maintainability. 

 

Maintainability is thus a measure of the repairable condition of an item that is determined by 

MTTR, and is established through corrective maintenance action. 

 

Maintainability modelling for a repairable system is, to a certain extent, a form of applied 

probability analysis, very similar to the probability assessment of uncertainty in reliability.  It 

includes Bayesian methods applied to Poisson processes, as well as Weibull analysis and Monte 

Carlo simulation, which is used extensively in availability analysis. Maintainability modelling 

also relates to queuing theory. It can be compared to the problem of determining the occupancy, 

arrival and service rates in a queue, where the service performed is repair, the server is the 

maintenance function, and the patrons of the queue are the systems and equipment which are 

repaired at random intervals, coincidental to the random occurrences of failures. Applying 

maintainability models enhances the capability of designing for maintainability through the 

appropriate consideration of design criteria such as visibility, accessibility, testability, and 

interchangeability. Using maintainability prediction techniques as well as specific quantitative 

maintainability analysis models relating to the operational requirements of a design, can greatly 

enhance not only the integrity of engineering design, but also the confidence in the operational 

capabilities of a design. Maintainability predictions of the operational requirements of a design 

during its conceptual design phase, can aid in design decisions where several design options need 

to be considered. Quantitative maintainability analysis during the schematic and detail design 

phases, consider the assessment and evaluation of maintainability from the point of view of 

maintenance and logistics support concepts. 

 

Designing for maintainability requires a product that is serviceable (must be easily repaired) 

and supportable (must be cost-effectively kept in, or restored to, a usable condition). If the 

design includes a durability feature related to availability (degree of operability) and reliability 

(absence of failures) then it fulfils, to a large extent, the requirements for engineering design 

integrity. Maintainability is primarily a design parameter, and designing for maintainability 

defines how long the equipment is expected to be down. Serviceability implies the speed and 
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ease of maintenance, whereby the amount of time expected to be spent by an appropriately 

trained maintenance function working within a responsive supply system, is such that it will 

achieve minimum down time in restoring failed equipment. 

 

In designing for maintainability, the type of maintenance must be considered, and must have an 

influential role in considering serviceability. For example, the stipulation that a system should be 

capable of being isolated to the component level of each circuit card in its control sub-system 

may not be justified if a faulty circuit card is to be replaced rather than repaired. Such a design 

would impose added developmental cost in having to accommodate a redundant feature in its 

functional control. 

 

Supportability has a design subset involving testability, a design characteristic that allows 

verification of the operational status to be determined and faults within the system’s equipment 

to be isolated in a timely and effective manner. This is achieved through the use of built-in-test 

equipment so that an installed item can be monitored with regard to its status (operable, 

inoperable, or degraded).  

 

Designing for maintainability also needs to take cognisance of the item’s operational durability 

whereby the period (down time) in which equipment will be down due to unavailability and/or 

unreliability needs to be considered. Unavailability in this context occurs when the equipment is 

down for periodic maintenance and for repairs. Unreliability is associated with failures of the 

system where the failures can be associated with unplanned outages (corrective action) or 

planned outages (preventive action). 

 

The relevant criteria in designing for maintainability need to be verified through maintainability 

design reviews. These design reviews are conducted during the various design phases of the 

engineering design process, and are critical components of modern design practice. The primary 

objective of maintainability design reviews is to determine the relevant progress of the design 

effort, with particular regard to designing for maintainability, at the completion of each specific 

design phase. As with design reviews in general (i.e. design reviews concerned with designing 

for reliability, availability, maintainability and safety), maintainability design reviews fall into 
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three distinct categories; initial or conceptual design reviews, intermediate or schematic design 

reviews, and final or detail design reviews. [Hill P.H. 1970]. 

 

Initial or conceptual design reviews need to be conducted immediately after formulation of the 

conceptual design (initial PFDs). Its purpose is the careful examination of the functionality of the 

intended design, feasibility of the criteria that must be met, the initial formulation of design 

specifications at process and systems level, identification of process design constraints, existing 

knowledge of similar systems and/or engineered installations, and cost effective objectives. 

 

Intermediate or schematic design reviews need to be conducted immediately after the schematic 

engineering drawings are developed (firmed PFDs and initial P&IDs) and primary specifications 

are fixed. Its purpose is to compare formulation of design criteria into specification requirements 

with the proposed design. These requirements involve assessments of systems performance, 

reliability, inherent and achieved availability, maintainability, hazardous operations (HazOps) 

and safety, as well as cost estimates. 

 

Final or detail design reviews, also referred to as the critical design review [Carter C.L. 1978], 

is conducted immediately after detailed engineering drawings are developed for review (firmed 

PFDs and firmed P&IDs) and most of the specifications have been fixed. At this stage, results 

from preceding design reviews, and detail costs data are available. This review considers 

evaluation of design integrity and due diligence, hazards analyses (HazAns), value engineering, 

manufacturing methods, design producibility / constructability, quality control and detail costing.  

 

The essential criteria that need to be considered with maintainability design reviews at the 

completion of the various engineering design phases include the following: [Patton J.D. 1980]: 

 

 Design constraints and specified systems interfaces 

 Verification of maintainability prediction results 

 Evaluation of maintainability trade-off studies 

 Evaluation of FMEA results 

 Maintainability problem areas and maintenance requirements 
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 Physical design configuration and layout schematics 

 Design for maintainability specifications 

 Verification of maintainability quantitative characteristics 

 Verification of maintainability physical characteristics 

 Verification of design ergonomics 

 Verification of design configuration accessibility 

 Verification of design equipment interchangeability 

 Evaluation of physical design factors 

 Evaluation of facilities design dictates 

 Evaluation of maintenance design dictates 

 Verification of systems testability 

 Verification of health status and monitoring (HSM) 

 Verification of maintainability tests 

 Use of automatic test equipment 

 Use of built-in-test (BIT) methods 

 Use of on-board monitoring and fault isolation methods 

 Use of on-line repair with redundancy 

 Evaluation of maintenance strategies 

 Selection of assemblies and parts kits 

 Use of unit (assembly) replacement strategies 

 Evaluation of logistic support facilities 
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2.4.2.  ANALYTIC DEVELOPMENT OF AVAILABILITY AND 

MAINTAINABILITY IN ENGINEERING DESIGN 
 

  Several techniques are identified for availability and maintainability prediction, 

assessment and evaluation, in the conceptual, preliminary and detail design phases respectively. 

As with the analytic development of reliability and performance of Chapter 2.3.2. only certain of 

the availability and maintainability techniques have been considered for further development. 

This approach is adopted on the basis of the transformational capabilities of the techniques in 

developing intelligent computer automated methodology using optimisation algorithms (OA). 

These optimisation algorithms must be suitable for application in Artificial Intelligence Based 

(AIB) modelling in which knowledge-based expert systems within a blackboard model can 

be applied in determining the integrity of engineering design. Furthermore, the AIB model must 

be suited to applied concurrent engineering design in an integrated collaborative design 

environment in which automated continual design reviews may be conducted throughout the 

engineering design process by remotely located design groups communicating via the Internet. 

 

2.4.2.A.  ANALYTIC DEVELOPMENT OF AVAILABILITY AND 

MAINTAINABILITY PREDICTION IN CONCEPTUAL 

DESIGN 
 

A technique selected for further development as a tool for availability and 

maintainability prediction in determining the integrity of engineering design during the 

conceptual design phase, is modelling based on measures of system performance. This 

technique has already been considered in part for reliability prediction in Chapter 2.3.2.A. and 

needs to be expanded to include prediction of reliability as well as inherent availability and 

maintainability. System performance analysis through the technique of simulation modelling is 

also considered, specifically for prediction of system characteristics that affect system 

availability. Furthermore, the technique of robust design is selected for its preferred application 

in decision making about engineering design integrity, particularly in considering the various 

uncertainties involved in system performance simulation modelling. Monte Carlo simulation is 

used to propagate the effect of these uncertainties in the application of simulation models in a 

collaborative engineering design environment.  
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2.4.2.A.i. System Performance Measures and Limits of Capability 

 

Referring back to Chapter 2.3.2.A. it was pointed out that, instead of using actual performance 

values such as temperatures, pressures, etc. it is more meaningful to use the proximity of the 

actual performance value to the limit of capability of the item of equipment. In engineering 

design review, the proximity of performance to a limit closely relates to a measure of the item’s 

safety margin, which could indicate the need for design changes, or selecting alternate systems. 

Non-dimensional numerical values for system performance may be obtained by determining the 

limits of capability, C max and C min with respect to the performance parameters for system 

integrity (i.e. reliability, availability and maintainability). The nominal range of integrity values 

for which the system is designed (i.e. 95% to 98% reliability at 80% to 85% availability), must 

also be specified. Thus a set of data points are obtained for each item of equipment with respect 

to the relevant performance parameters, to be entered into a parameter performance matrix.  

 

a) Performance Parameters for System Integrity: 

For predicting system availability and maintainability, the performance measures for reliability 

and maintainability are estimated, and the inherent availability determined from these measures. 

As considered before, system reliability can be predicted by estimating the mean time between 

failures (MTBF), and maintainability performance can be predicted by estimating the mean time 

to repair (MTTR). Inherent availability can then be predicted according to Equation 2.4.2.1. 

  

Ai  =            MTBF 

 

( MTBF + MTTR ) 

 

In the case of reliability and maintainability, there are no operating limits of capability, but 

instead, a prediction of engineering design performance relating to MTBF and MTTR. Data 

points for the parameter performance matrix can be obtained through expert judgement of 

system reliability by estimating the mean time between failures (MTBF), and of maintainability 

performance by estimating the mean time to repair (MTTR) [Booker J.M. et al. 2000]. (Refer to 

Paragraph 2.3.2.C.iv.a: Expert Judgement as Data). 

 

Eq. 2.4.2.1 
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A reliability data point x i j can be generated from the predicted MTBF, (R), a maximum 

acceptable MTBF, (R max), and a minimum acceptable MTBF, (R min), where: 

 

x i j  = ( R  R min ) x 10 

 

      R max  R min 

 

Similarly, a maintainability data point x i j can be generated from the predicted MTTR, (M), a 

minimum acceptable MTTR, (M min), and a maximum acceptable MTTR, (M max), where: 

 

x i j  = (M max  M ) x 10 

 

      M max  M min 

 

 

b) Analysis of the Parameter Profile Matrix: 

A matrix is compiled containing data points relating to all salient parameters that describe system 

performance.  The rows and columns of the matrix can be analysed in order to predict the 

characteristics of the designed system. Figure 2.3.2.a. is reproduced below as Figure 2.4.2.a. with 

a change to the column heading from process systems to equipment items as a single system is 

being considered [Thompson G. et al. 1998]: 

 

           Equipment items 

   x 1 1  x 1 2  x 1 3  x 1 4  . . . x 1  i 

 Performance  x 2 1  x 2 2  x 2 3  x 2 4  . . . x 2  i 

 Parameters  x 3 1  x 3 2  x 3 3  x 3 4  . . . x 3  i 

   x 4 1  x 4 2  x 4 3  x 4 4  . . . x 4  i 

    x j  1  x j  2  x j  3  x j  4  . . . x j  i 

  

Figure 2.4.2.a. Parameter Profile Matrix 

 

Eq. 2.4.2.2 
 

Eq. 2.4.2.3 
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Consider a row of the matrix. Each data point x i j refers to a single performance parameter; and 

looking along a row reveals whether the system design is consistently good with respect to this 

parameter for all the system’s equipment items, or whether there is a variable performance. For a 

system with a large number of equipment items (i.e. high level of complexity), a good system 

design should have a high mean and low standard deviation of x i j scores for each parameter. 

These scores are calculated as indicated in Figures 2.3.2.b.(i), (ii) and (iii) of Chapter 2.3.2.A. 

Furthermore, a parameter performance index (PPI) that constitutes an analysis of the rows of 

the parameter profile matrix, can be calculated as [Thompson G. et al. 1998]: 

              n 

    PPI = n (        1 / c i j )
 - 1

 

                                             j = 1 

 

Where:     n  =  the number of design alternatives. 

 

The inverse method of calculation of an overall score is advantageous when the range of scores 

is 0 to 10, as it highlights low scores, whereas a straight forward addition of scores may not 

reveal a low score if there are high scores in the group. However, the inverse calculation method 

is less sensitive to error than a multiplication method. The numerical value of PPI lies in the 

range 0 to 10, no matter how many data points are included in the calculation. Thus a 

comparison can be made to judge whether there is acceptable overall performance with respect to 

all the parameters, or whether the system design is weak in any respect – particularly concerning 

the design integrity parameters of reliability, inherent availability, and maintainability.  

 

A similar calculation to the parameter performance index can be made for each column of the 

parameter profile matrix, whereby an equipment item, or device performance index (DPI) can 

be calculated as [Thompson G. et al. 1998]: 

               m 

    DPI = m (        1 / c i j )
 - 1

 

                                              i = 1 

 

Where:     m  =  the number of performance parameters relating to 

the equipment item of column j. 

 

Eq. 2.4.2.4 

Eq. 2.4.2.5 
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A comparison of DPIs reveals those equipment items that are contributing less to the overall 

performance of the system. For an individual equipment item, a good design is a high mean 

value of the x i j scores with a low standard deviation. This system performance prediction 

method is intended for complex systems comprising many subsystems.  

 

Overall system performance can be quite efficiently determined, as a wide range of system 

performance parameters can be included in the PPI and DPI indices. However, in the case of 

reliability, inherent availability, and maintainability, only the two parameters, MT'TR and 

MTBF, are included for prediction, as indicated in Equation 2.4.2.1. From an engineering design 

integrity point of view, the method collates relevant design integrity data (i.e. reliability, inherent 

availability and maintainability) obtained from expert judgement predictions, and compares it 

with design performance criteria, requirements and expectations.  

 

c) The Design Checklist: 

There are many qualitative factors that influence reliability, inherent availability, and 

maintainability. Some are closely related to operability and there are no clear demarcation lines. 

In order to expand design integrity prediction, a study of the many factors that influence these 

parameters must be carried out. An initial list is first derived in the form of a design checklist. 

The results of previous research into reliability, availability and maintainability problems are 

carefully considered when devising the checklist questions [McKinney M. et al. 1989]. 

 

The checklist is intended for general application, including factors affecting operability, and is 

not plant specific. In many cases there will be questions that do not apply to the design being 

reviewed, which are then omitted. The questions are presented to the analyst in the form of 

specific knowledge-based expert systems within an Artificial Intelligence-based (AIB) 

blackboard model for automated design reviews throughout the engineering design process. 

The results are presented in a format that enables design review teams to collaboratively make 

reasonable design judgements. This is important in view of the fact that one design team may not 

carry out the complete design of a particular system as a result of multi-disciplinary engineering 

design requirements, and also the design review teams may not all be grouped in one location, 

prompting the need for collaborative engineering design.  

 



 305 

This scenario is considered later in greater detail in accounting for various uncertainties involved 

in system performance simulation modelling for engineering design, utilising the robust design 

technique. Knowledge-based expert systems within AIB blackboard models are presented in 

Paragraph 2.3.3: Application Modelling of Reliability and Performance in Engineering Design; 

Paragraph 2.4.3: Application Modelling of Availability and Maintainability in Engineering 

Design; and Paragraph 2.5.3: Application Modelling of Safety and Risk in Engineering Design. 

 

A typical example of a checklist question extending from conceptual to schematic design, is: 

 

Question. Is pressure release and drainage (including purging and venting) provided? 

Notes: Are purge points considered? If there are no purge points, then this may mean 

drainage via some or other means that could increase exposure to maintenance 

personnel requiring the need for protection. 

 (i) Purge points not present  requiring some other means  0 

 (ii)   Purge points present but accessibility will be poor  1 

 (iii)  Purge points present and accessibility will be good  2 

 

A series of questions is posed for each design and each answer is given a score 0, 1 or 2. The 

total score is obtained by the summation of the scores, calculated as a percentage of the total of 

all the relevant questions. Therefore, questions that do not apply are removed from the analysis. 

The objective is to obtain overall design integrity ratings for the process and for each device, in 

order to highlight weak design integrity considerations. A high percentage score indicates good 

performance where the scores complement the MTTR and MTBF calculations. Where there is a 

mismatch, for example a high estimated MTBF but a low reliability score, or a high estimated 

MT'TR but low maintainability score, then further design investigation is required.  

 

d) Integrity Prediction of Common Items of Equipment: 

The prediction method is intended for those process systems that comprise many well-known 

items (as the design is still in its conceptual phase). It could be expected that certain items of 

equipment may exhibit common maintainability requirements. In order to save time in data 

estimates, typical maintenance requirements for common devices are prepared as data sheets.  
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Thus, if a centrifugal pump is selected, then a common data sheet would be available for this 

item. The data sheet can be reviewed and accepted as it is, or it can be edited to reflect certain 

particular circumstances, or the checklist can be completed from a blank form to compile a new 

set of data for that item. In addition to the responses to questions for each individual item, a 

response to each particular question regarding total systems integration may be considered for all 

relevant items. For example, in the case of maintainability, the question might refer to the ability 

to detect a critical failure condition. If the response to this question is estimated at 60 per cent, 

then it would suggest that 40 per cent of all items for which the question is relevant, would 

remain undetected. It is thus possible to review the responses to questions across all the 

integrated systems, to gain an understanding of the integrity of the conceptual design as a whole. 

 

e) Design Reviews of Performance Parameters for System Integrity: 

Design review practices can take many forms. At the lowest level they consist of an examination 

of drawings before manufacture begins. More comprehensive design reviews include a review at 

different phases of the engineering design process: the specification (design requirements), 

conceptual design, schematic or preliminary design and detail design. There are particular 

techniques that the design review team implement at these different phases, according to their 

suitability. The method proposed here is intended for use when very little detail of the equipment 

is known. In particular, it is intended for use during the conceptual design phase in preparation 

for the follow-up schematic design phase when systems are synthesized using manufactured 

equipment. Many engineered installations are designed in this way. 

 

Design reviews can be quantitative or qualitative. The advantage of quantitative reviews is that 

they present clearly a justification for a decision that a particular design is either satisfactory or 

unsatisfactory. Therefore, if it is possible, there are advantages to a quantitative review as early 

as possible in the engineering design process. A design review should add value to each design. 

Design calculation checks are taken care of by all good, traditional design practices, however, a 

good design review will be repaid by reduced commissioning and start-up problems and better 

ramp-up operations. The design review method proposed here seeks to provide a quantitative 

evaluation that adds value to engineering design by integrating process performance parameters 

such as mass flows, pressures and temperatures with reliability, availability and maintainability.  
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The performance data required is the same as that used to specify the equipment. Therefore there 

is no requirement for extra data in excess of that which would be available for process systems 

that comprise many well-known items. The only additional requirement is a value judgement of 

acceptable and unacceptable MTBF and MTTR. This data is then compiled into a parameter 

profile matrix using data points derived from the proximity of a required operating point to the 

performance limit of the equipment. As indicated previously, the use of the proximity of the 

nominal design performance to a limit of equipment capability, is similar to the concept of a 

safety margin. Similarly, the estimated MTBF and MTTR data points reflect the closeness of 

predicted performance to expectations. Having compiled the matrix, analysis can be performed 

with respect to particular variables for all items of equipment, or for particular items of 

equipment for all variables, yielding the PPI and DPI indices respectively. 

 

On a large design project, data can be generated by different design teams and compiled and 

analysed using the AIB blackboard model for automated design reviews throughout the 

engineering design process. MTBF and MTTR expectations can be varied in a sensitivity 

analysis. The computer-automated methodology can highlight matrix cells with low scores and 

pick out performance variables and equipment that show poor performance. Therefore, the data 

handling and calculation aspects of the design verification do not impose excessive requirements. 

  

The flexibility of the approach and the method of data point derivation are especially useful in 

process enhancement projects. Inevitably there are instances when engineered installations are 

subject to modifications either during construction or even after ramp-up (e.g. there may be 

advantages in processing at different pressures and/or temperatures), necessitating review of the 

equipment performance data after design completion. Implications of changes to temperature and 

pressure requirements can be readily explored since the parameter profile analysis method will 

immediately identify when the performance of an item is in close proximity to a limit. 

Furthermore, engineered installations may be required to process materials that are different to 

those that they were originally designed to process. As the equipment data is already available in 

the AIB blackboard model all that is needed is to input new process data for further analysis. 

The time taken to set up the equipment database during a post-design review will be justified 

since the data can be used throughout the life of the design. 
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Reliability, inherent availability, and maintainability are included in the parameter profile matrix 

evaluation by estimating MTBF and MTTR times, and then calculating the inherent availability. 

In order to expand on these important variables and to explore the various factors that influence 

reliability, inherent availability, and maintainability, checklists are developed, which may be 

used in different ways, either on their own or to complement the parameter profile analysis. In a 

design review, many of the questions may be answered to obtain a view of a system’s integrity, 

or to obtain an overall view of the integrity of the integrated systems design. Another use for the 

checklists would be in a process enhancement study whereby an existing engineered installation 

is audited to identify precisely the improvements required.  

 

f) Reliability and Maintainability Checklists: 

 

The checklists are designed for use by process designers in the case of a design review exercise, 

or by plant engineers in the case of required post-design plant enhancement. Although the 

questions listed in the AIB blackboard models presented in Paragraph 2.3.3. Paragraph 2.4.3. 

and Paragraph 2.5.3. are somewhat different from the example checklists for reliability and 

maintainability listed below, the relevant principles and their intended use remains the same. The 

following questions indicate the general content of the checklists [Thompson G. et al. 1998]. 

 

Reliability Checklist: 

 

Q1. Is the component a single unit, active redundant or stand-by redundant? 

Q2. Are the demands on the equipment, short, medium or long pulses? 

Q3. Does the duty cycle involve any thermal, mechanical or pressure shocks? 

Q4.   Is the pH of the process fluid high or low? 

Q5. Is the component used for high, medium or low flow-rates? 

Q6. Is the component in a physical situation where external corrosive attack can occur from; 

i) open weather  

ii) other machinery  

iii) being submerged? 

Q7.   Are solids present in the process fluid? 

Q8.   Are gases present? 

Q9. Is the fluid of a viscosity that is likely to increase loads on the equipment? 
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Q10. Are sharp bends, causing forceful impingement, present? 

Q11. Are stagnant zones present that may hold some of the process fluid after flushing? 

Q12.  How complex is the equipment? 

QI 3. Are alignment or adjustment procedures needed on installation or replacement? 

Q14. Is any special equipment required to make the adjustments? 

Q15. Does the component have many changes of state (e.g. opening/closing of valves)? 

Q16.  Is the equipment novel in design or application? 

Q17.  Does the component have arduous sealing duties? 

Q18.  Are exotic materials used? 

 

Maintainability Checklist: 

 

Q1. Will catastrophic failure be evident in the control room? 

Q2. Will degraded failure be evident from the control room? 

Q3. Time period of degraded failure detection? 

Q4. Does maintenance on this item require protective clothing due to hazardous substances or 

hot equipment, or does the equipment need time to cool down? 

Q5. How easy is it to isolate equipment? 

Q6. What method of isolation is required? 

Q7. What area of plant needs to be isolated? 

Q8. Is pressure release and drainage (including purging and venting) provided? 

Q9. Is electrical isolation of equipment required? 

Q10.  Is scaffolding required for maintenance? 

Q11. Can scaffolding be erected by maintenance personnel, or are contractors required? 

Q12.  Is there adequate space to build scaffolding? 

Q13. Is there adequate space to manoeuvre while maintenance is taking place? 

Q14.  How is the equipment lifted? 

QI5. Whatever lifting equipment is used, are there any problems foreseen? 

Q16. Does other equipment need to be removed before access can be gained? 

Q17. Is visual access to the fault good enough to carry out maintenance? 

Q18. Is the physical access good enough to carry out maintenance? 
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2.4.2.A.ii. System Performance Analysis and Simulation Modelling 

 

System performance in the context of designing for availability, can be perceived as the 

combination of a system's process capability (with regard to the process characteristics of 

capacity, input, throughput, output and quality) a system's functional effectiveness (with regard 

to the functional characteristics of efficiency and utilization) and a system's operational 

condition (with regard to operational measures such as temperatures, pressures, flows, etc). All 

these characteristics may serve as useful indicators in designing for availability, whereby system 

performance simulation modelling is generally considered the most appropriate methodology 

for predicting their integrated - interactive values. In this case, simulation modelling has been 

found to be an effective tool for analysing a large quantity of interrelated and compound 

variables in predicting a complex system design’s process capability, functional effectiveness, 

and operational condition. Such simulation modelling has been applied in determining the 

performance of complex integrated systems in Paragraph 2.4.3: Application Modelling of 

Availability and Maintainability in Engineering Design. 

 

System performance analysis is concerned with the study of the behaviour of a system in terms 

of its measurable characteristics. System performance analysis techniques can be applied in 

determining the performance characteristics of proposed designs, and to identify those areas of 

the design where performance problems may be experienced. It is focussed on determining how 

systems behave under certain conditions, and can be used to compare different system designs to 

evaluate their relative merits in terms of achieving the required design criteria. However, 

questions relating to assurance of the integrity of a proposed design are not always included in 

the scope of system performance analysis. A design that is acceptable from a performance 

related viewpoint may be unacceptable from an integrity point of view; and similarly, a design 

that meets integrity requirements such as reliability and maintainability, may not be acceptable 

from a system performance standpoint. System performance analysis is a multi-disciplinary field, 

covering many areas. Among these are parameter performance matrices, evolutionary operation, 

experimental design, queuing theory, modelling techniques and simulation. Application of 

system performance analysis in engineering design is concerned with some of these modelling 

techniques, in particular simulation modelling and its application to the study of the performance 

of systems based on process characteristics that affect system availability. 
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In most engineering systems, there are a significant number of performance characteristics and 

technical constraints involved in their design. When the interactions between all of the 

characteristics and constraints are considered, it becomes clear that these interactions are usually 

numerous and complex. The behaviour of the whole system cannot easily be predicted by the 

application of relatively simple algorithms, as might be expected for less complex systems based 

on a few process characteristics. In complex process engineering designs, it is often not totally 

obvious where the bottlenecks may occur, and what the determining factors behind system 

performance might be. Thus the principle underlying the development of system performance 

models is that by capturing the essential real-world behaviour of a system in a mathematical or 

simulation model, valuable insight can be gained into its critical behaviour. Once a model of a 

system has been developed, verified and validated, it is possible to experiment with the model 

and to determine what the limiting factors in system performance are. This would then lead to 

possible modifications of the system’s design to improve the performance measure of concern. 

 

Development of a model would allow performance characteristics such as sizing, capacity, mass 

and energy balances, and functional response issues, to be addressed at an early stage of a 

process system’s lifecycle. In this way, potential performance problems are already identified at 

the conceptual phase of engineering design, and designed out of the system prior to firming up 

design configurations and system specifications in the preliminary or schematic design phase. 

Without this approach there is a real danger that the actual bottlenecks of the installed system 

will not be identified. In the absence of the evidence that a system performance model may 

provide, it is quite likely that significant amounts of resources could be spent later in ‘improving’ 

inherent items of the installed system that have been found to constrain its performance. System 

performance modelling provides a relatively inexpensive way of exploring the performance 

implications of different system design configurations. The effort involved in a major modelling 

project should not be underestimated however, but the potential savings that can be made from 

avoiding redesign and/or rework when a system fails to meet its performance objectives, will 

more than justify the cost. Thus, from an engineering design perspective, it not only becomes 

essential to understand the dynamic behaviour of complex or integrated systems, in addition to 

formulating their expected performance characteristics, but also to ensure that the design meets 

both the performance objectives as well as the necessary integrity constraints. 
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a) Types of System Performance Models: 

System performance models can be broadly classified as either analytic models or simulation 

models. Analytic models rely on formulae to represent the behaviour of system components. If 

such formulae exist, then their solution is likely to be fairly concise. However, in many cases 

formulae do not exist or are only valid under restrictive conditions. Historically, analytic models 

have yielded average behaviour patterns only, and have not given insight into the likely 

distribution of expected values. The use of analytic techniques to find underlying distributions in 

the case of uncertainty in predicting essential process characteristics, has extended the range of 

engineering design problems that may be solved [Law A.M. et al. 1991]. 

 

For design problems that can be solved using these techniques, analytic models are ideal. 

However, the integration of analytic models representing individual systems, each with process 

characteristics and performance constraints, is not trivial. To obtain maximum benefit, these 

models must link together common process characteristics and related system performance 

constraints, such that they provide an accurate representation of the design’s intended integration 

of systems. In many cases it will not be possible to solve the analytic model to find the 

appropriate distribution of expected values. Mean-value predictions will be limited since a much 

larger number of factors affect the behaviour of a complex integration of systems. In such cases, 

system performance simulation modelling is most appropriate [Emshoff J.R. et al. 1970]. 

 

b) System Simulation Modelling: 

There are two main types of simulation modelling. The first of these is a continuous-time 

simulation model. This is appropriate for continuous-process situations such as modelling the 

concentrations of chemicals in a reactor vessel. These concentrations will vary smoothly with 

time (at a fine enough time scale) and at each instant of time the reaction will be proceeding at a 

certain rate. The second type of simulation model is a discrete-event simulation model. In this 

type of model, events can be distinguished as fundamental entities, and from a modelling 

perspective, no points in time other than those at which events happen, need to be considered. 

This type of model is well suited to modelling production systems or industrial processes where 

not only the events are discrete entities, but they can take on discrete probability distributions 

[Shannon R.E. 1975; Bulgren W.G. 1982]. 
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Simulation models either attempt to derive the overall behaviour of a system by representing the 

behaviour of each component of the system separately, and specifying how the components 

interact with each other, or by representing the behaviour of the system as a whole, and 

specifying how the process characteristics interact with each other. Thus the variables of a 

simulation model may change in any of four ways [Emshoff J.R. et al. 1970]:  

 

 In a discrete manner at any point in time. 

 In a continuous manner at any point in time. 

 In a discrete manner only at certain points in time. 

 In a continuous manner only at discrete points in time. 

 

In engineering design, it is common but not correct to use the term ‘discrete’ to describe a system 

with constant periodic time steps, where the term refers to the time interval and not to discrete 

events during the time interval. For discrete system simulations, input is introduced into the 

model as a set of discrete items arriving either randomly or at specified intervals. The individual 

components then react accordingly, and the overall behaviour of the model can be measured 

[Bulgren W.G. 1982]. Conversely, for continuous system simulations, (sometimes referred to 

as process modelling), a smooth flow of homogenous values is described, analogous to a 

constant stream of fluid passing through a pipe. The volume may increase or decrease, but the 

flow is continuous. Changes in process characteristic values (i.e. inputs, throughputs, outputs 

etc.) are based directly on changes in time, and time can change in equal increments. These 

values then reflect the state of the performance of the modelled system at any particular time, 

which advances evenly from one time step to the next [Diamond R. 1997]. 

 

Although simulation models are used to predict the behaviour of the system(s) being modelled, 

their behaviour must be interpreted statistically. This necessitates either many different runs or 

extended run periods of the model of a given system, depending on the type of simulation 

modelling applied, to obtain a valid sample of the behaviour that the system is likely to exhibit. 

Developing and interpreting system performance simulation models is a slow process compared 

to the use of analytic models, but definitely much cheaper than experimenting with real-world 

systems after they have been designed and installed [Law A.M. et al. 1991]. 
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As stated previously, in producing a simulation model of a system design, the intent is to 

determine how that system will behave under various conditions. The structure of the simulation 

model must therefore monitor, and be sensitive to the behaviour of the system arising from the 

interaction of a potentially large number of system items (i.e. subsystems and assemblies), and/or 

the interaction of a wide range of variable performance characteristics (i.e. inputs, throughputs 

and outputs - or in modelling terms, exogenous, status and endogenous variables, respectively). 

It is thus best to adopt a holistic approach, considering all of the components and processes 

involved at a high systems hierarchy level. Thus the preferred application of system performance 

simulation modelling is at the conceptual engineering design phase, with further modelling 

refinements as the design progresses into the schematic or preliminary design phase. 

 

However, under a given set of conditions, a system will most likely be constrained by one 

particular item or a single performance characteristic – although this may vary depending on the 

set conditions. It is therefore essential to represent within the model as many of the items and/or 

performance characteristics in the system as possible so that potential bottleneck effects can be 

determined. System items that are not close to being a bottleneck can be represented simply, 

since the fine detail of their behaviour is not likely to change much. At the conceptual design 

phase, all system items are represented simply so that some information can already be gleaned 

as to where potential bottlenecks might exist. The critical areas can then be refined to gain 

further insight into these bottlenecks. Clearly, if a system item or performance characteristic is 

not represented in the model, it can never be construed to be a constraint on the behaviour of the 

system. This somewhat undermines the benefit of developing a simulation model at the 

conceptual design phase, and also reduces its perceived usefulness. If the system’s item or 

characteristic is represented however, the model can be used to investigate how changes in the 

assumptions made about the item or characteristic affect the overall behaviour of the model, and 

the system. The balance between detail and scope of system performance simulation modelling is 

evident - if the model has wide scope it can only be extended to a shallow depth in a given time; 

conversely, if the same effort is put into a narrow scope, a greater depth of available modelling 

detail can be added. The aim of a system performance simulation modelling study should 

therefore be to initially identify uncertainties surrounding broad characteristics of the system’s 

performance, and then to find those items that could place constraints on system behaviour. 
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2.4.2.A.iii. Uncertainty in System Performance Simulation Modelling 

 

In considering the various uncertainties involved in system performance simulation modelling 

for engineering design, the robust design technique is a preferred application in decision making 

for design integrity. It is generally recognized that there will always be uncertainties in the 

design of any engineering system. This is due to variations in the performance characteristics not 

only of the individual system, but in the complex integration of multiple systems as well. Besides 

possible algorithmic errors related to computer simulation model implementation, two general 

sources contribute to uncertainty in simulation model predictions of performance characteristics 

in engineering system designs [Du X. et al. 1999b]: 

 

 External uncertainty: External uncertainty comes from the variability in model 

prediction arising from alternative model variables (including both design parameters and 

design variables). It is also termed "input parameter uncertainty". Examples include the 

variability associated with process characteristics of capacity, input, throughput, and 

quality, functional characteristics of efficiency and utilization, operational conditions, 

material properties, and physical dimensions of constituent parts. 

 

 Internal uncertainty: This type of uncertainty has two sources. One is due to the limited 

information in estimating the characteristics of model parameters for a given, fixed model 

structure, which is called "model parameter uncertainty", and another type is in the model 

structure itself, including uncertainty in the validity of the assumptions underlying the 

model, referred to as "model structure uncertainty". 

 

A critical issue in simulation modelling of an engineering design that comprises a complex 

integration of systems, is that the effect of the uncertainties of one system’s performance 

characteristics may propagate to another through linking model variables, resulting in the overall 

systems output having an accumulated effect of the individual uncertainties. A practical problem 

in large-scale systems design is that multidisciplinary groups often use predictive tools of 

varying accuracy to determine if the design options meet the design requirements, especially 

when performing impact analyses of proposed changes from other groups [Du X. et al. 1999b].  
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The inevitable use of multidisciplinary groups in large-scale systems design necessitates the 

proper application of collaborative engineering design and a careful study of the effect of 

various uncertainties as a part of requirements tracking and design coordination. Two primary 

issues concerning uncertainty in simulation modelling of an engineering design that comprises a 

complex integration of systems, and thus an integration of multi-disciplinary design teams, are: 

 How should the effect of uncertainties be propagated across the systems? 

 How should the effect of uncertainties be mitigated to make sound decisions? 

 

Techniques for uncertainty analysis include the extreme condition approach (or worst case 

analysis) and the statistical approach [Du X. et al. 1999c]. The common extreme condition 

approach is to derive the range of system performance characteristics, such as process input, 

throughput or output, in terms of a range of uncertainties, by either sub-optimisations, first-order 

Taylor expansion, or by interval analysis [Chen R. et al. 1995]. The statistical approach relies 

heavily on the use of data sampling to generate cumulative distribution functions (c.d.f.) of 

system outputs. Monte Carlo simulation, a commonly used random simulation based approach, 

becomes expensive in simulations of complex integrations of systems [Hoover S.V. et al. 1989]. 

Reduced sampling techniques, like Latin Hypercube Sampling [Box G. E. P. et al. 1978], and 

Taguchi’s orthogonal arrays [Phadke M. S. 1989], are used to improve computational efficiency, 

though they are not commonly applied in commercial simulation programs. 

 

Use of the extreme condition approach, as well as the statistical approach, has been restricted to 

propagating the effect of external uncertainty only, prompting the need to accommodate more 

generic representations of both external and internal uncertainties. Furthermore, there are few 

examples associated with how to mitigate the effect of both the external and internal 

uncertainties in system performance simulation modelling of complex engineering designs. 

Recent developments in design techniques have generated methods that can reduce the impact of 

potential variations by manipulating controllable design variables. Taguchi’s robust design is 

such an approach that emphasizes reduction of performance variation through reducing 

sensitivity to the sources of variation [Phadke M. S. 1989]. Robust design has also been used at 

the system level to reduce the performance variation caused by process characteristic deviations. 

The concept of robust design has been used to mitigate performance variations due to various 

sources of uncertainties in simulation-based design [Suri R. et al. 1999].  
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An integrated methodology for propagating and managing the effect of uncertainties is proposed. 

Two approaches, namely, the extreme condition approach and the statistical approach, are 

simultaneously developed to propagate the effect of both the external uncertainty and the internal 

uncertainty across a design system comprising interrelated subsystem analyses. An uncertainty 

mitigation strategy based on the principles of robust design is proposed. A simplistic simulation 

model is used to explain the proposed methodology. The principles of the proposed methods can 

be easily extended to more complicated, real multidisciplinary design problems. 

 

a) Propagation of the Effect of Uncertainties: 

A simulation-based design model is used to explain the proposed methodology. The principles of 

the methodology are generic and valid for other categories of relationships between the system 

models. The design model consists of a chain of two simulation programs (assuming they are 

from two different disciplines) that are connected to each other through linking variables as 

illustrated in Figure 2.4.2.b. [Du X. et al. 1999c].  

 

Figure 2.4.2.b. Simulation-based Design Model From Two Different Disciplines 

[Du X. et al. 1999c] 

The linking variables are represented by the vector y. The input to the simulation model I is the 

vector of the design variable x1 with uncertainty (external uncertainties describe by a range x1, 

or certain distributions). Due to the external uncertainty and the internal uncertainty, modelled 

as 1 (x1) in simulation model I, the output vector y = F1 (x1) + 1 (x1) will have deviations 

(yor described by distributions). For simulation model II, the inputs are the linking variable 

vector y and the design variable vector x2. Because of the deviations existing in x2, y, and the 

internal uncertainty 2 (x2, y), associated with simulation II, the final output vector, given by 

the expression z = F2 (x2, y) + 2 (x2, y) also deviates (z or described by distributions). 
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For simulation model I, the output expression for y consists of the simulation model F1 (x1) and 

the corresponding error model of the internal uncertainty, 1 (x1). For simulation model II, the 

inputs are the linking variable y and the design variable x2. The output expression for z consists 

of the simulation model F2 (x2, y) and the corresponding error model of the internal uncertainty, 

2 (x2, y). The output vector z often represents system performance parameters that are used to 

model the design objectives and constraints. Because of the deviations existing in x2 and y, and 

the internal uncertainty 2 (x2, y), the final output z will also have deviations. The question is 

how to propagate the effect of various types of uncertainties across a simulation chain with 

interrelated simulation programs. Two approaches, the extreme condition approach and the 

statistical approach, are proposed [Du X. et al. 1999c]. 

 

b) Extreme Condition Approach for Uncertainty Analysis: 

The extreme condition approach is developed to obtain the interval of extremes of the final 

output from a chain of simulation models. The term extreme is defined as the minimum or the 

maximum value of the end performance (final output) corresponding to the given ranges of 

internal and external uncertainties. With this approach, the external uncertainties are 

characterized by the intervals: [x1 - x1, x1 + x1] and [x2 - x2, x2 + x2]. Optimisations are 

used to find the maximum and minimum (extremes) of the outputs from simulation model I, and 

simulation model II. The flow chart of the proposed procedure is illustrated in Figure 2.4.2.c. 

[Du X. et al. 1999c]. The steps to obtain the range of output z, z min, z max, are presented as: 

 

i) Given a set of nominal values x1, and range x1, for simulation model I, minimize 

(maximize) F1 (x1) and 1 (x1) by selecting values from [x1 - x1, x1 + x1] to 

obtain F1 min (x1), F1 max (x1), and 1 min (x1), 1 max (x1).  

ii) The optimisation model is: 

 Given: The nominal value of x1 and the range x1 

 Subject to: x1 - x1  x1  x1 + x1 

 Optimise:  Minimize F1 (x1) to obtain F1 min (x1) 

   Maximize F1 (x1) to obtain F1 max (x1). 
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iii) Obtain the extreme values of internal uncertainty 1 min (x1) and 1 max (x1) over 

the range [x1 - x1, x1 + x1]. 

iv) Obtain the interval [y min, y max] using: 

 y min = F1 min (x1) + 1 min (x1) 

 y max = F1 max (x1) + 1 max (x1) 

v) Given a set of nominal values x2, and range x2, for simulation model II, minimize 

(maximize) F2 (x2) and 2 (x2) by selecting values from [x2 - x2, x2 + x2] to 

obtain F2 min (x2), F2 max (x2), and 2 min (x2), 2 max (x2). 

vi) The optimisation model is: 

 Given: The nominal value of x2 and the range x2 

 Subject to: x2 - x2  x2  x2 + x2 

 Optimise:  Minimize F2 (x2) to obtain F2 min (x2) 

   Maximize F2 (x2) to obtain F2 max (x2). 

vii) Obtain the extreme values of internal uncertainty 2 min (x2) and 2 max (x2) over 

the range [x2 - x2, x2 + x2]. 

viii) Obtain the interval [z min, z max] using: 

 z min = F2 min (x2) + 2 min (x2) 

 z max = F2 max (x2) + 2 max (x2) 

 

Based on the computed interval [z min, z max], the nominal value of z is calculated as: 

 

z’ = [z min + z max] 

      2 
 

The deviation of z can be calculated as: 

 

   z = [z min - z max] 

 

The nominal value and deviation of a system output is based on given system input intervals. 

 

Eq. 2.4.2.6 

Eq. 2.4.2.7 
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The extreme condition approach identifies the interval of a system output based on the given 

intervals of the system inputs. It is applicable to the situation in which both the external 

uncertainties in x1 and x2 are expressed by ranges. Illustrated in Figure 2.4.2.c. is the flow chart 

of the proposed procedure of using optimisations to find the maximum and minimum (extremes) 

of outputs from simulation model I and simulation model II, of the simulation-based design 

model from two different design disciplines given in Figure 2.4.2.b. It depicts the procedure used 

to obtain the range of outputs z, z min, z max, as considered in steps i) to viii) and indicated in 

equations 2.4.2.6. and 2.4.2.7.   

 

 

 

Figure 2.4.2.c. Flow Chart for the Extreme Condition Approach for Uncertainty Analysis 

[Du X. et al. 1999c] 
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c) The Statistical Approach for Uncertainty Analysis: 

The statistical approach is developed to estimate cumulative distribution functions (c.d.f.) and 

probability density functions (p.d.f.), or population parameters (for example mean and variance) 

of the final outputs from a chain of simulation models. It is assumed that x1, x2, and the internal 

uncertainty, 1 (x1) and 2 (x2, y), follow certain probabilistic distributions that may be 

obtained by field or experimental data, or information of similar existing processes, or by 

judgements by engineering experience. 

 

Since the distribution parameters (i.e. mean and variance) of 1 (x1) and 2 (x2, y), are 

functions of x1, x2, and y, the final distributions of 1 (x1) and 2 (x2, y), are the accumulated 

effects of both the uncertainty in the error model and the uncertainty of the external parameters 

such as x1, x2 and y. Monte Carlo simulation methods are used to propagate the effect of 

uncertainties through the simulation chain. A flow chart of the Monte Carlo simulation procedure 

is given in Figure 2.4.2.d. [Law A.M. et al. 1991].  
 

This procedure is as follows: 
 

i) Generate H samples of x1 and x2 as simulation inputs based on distribution functions. 

ii) For the given x1, calculate the distribution parameters of the internal uncertainty 1 

(x1) for simulation model I, and generate N samples of the internal uncertainty 1 for 

simulation model I based on the distribution function. 

iii) Evaluate the corresponding output y = F1 (x1) + 1 for simulation model I. 

iv) For each y, calculate the distribution parameters of the internal uncertainty 2 (x2, y) of 

simulation model II, and generate M samples of the internal uncertainty 2 based on 

the distribution function. 

v) Evaluate the corresponding output z = F2 (x2, y) + 2 for simulation model II. 

vi) Calculate the mean value µ z the standard deviation  z or the c.d.f. and p.d.f. of z 

based on H x M x N samples of z. 
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The Monte Carlo simulation approach generates statistical estimates of the system output based 

on the given distributions of the inputs and error models. This gives more information than the 

extreme condition approach by which only the best and worst performance are estimated.  

Because the statistical approach is based on Monte Carlo simulation, it often requires a large 

number of simulations. More effective sampling techniques such as Latin Hyper Cube and 

fractional factorial design can be used to reduce the amount of simulations [Hicks C.R. 1993]. 

 

 

 

Figure 2.4.2.d. Flow Chart of the Monte Carlo Simulation Procedure 

[Law A.M. et al. 1991] 
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d) Mitigating the Effect of Uncertainty: 

To assist designers to make reliable design decisions under uncertainties, the proposed 

techniques of propagating the effect of uncertainties is integrated with the multidisciplinary 

optimisation approach based on the principles of robust design, i.e. by extending the quality 

engineering concept to the mitigation of the effects of both external and internal uncertainties.  

From the viewpoint of robust design, the goal is to make the system (or product) least sensitive 

to the potential variations without eliminating the sources of uncertainty [Taguchi, G. 1993].  

 

The same concept is used here to reduce the impact of both external and internal uncertainties 

associated with the simulation programs. The robust optimisation objectives are achieved by 

simultaneously optimising mean performance and reducing performance variation, subject to the 

constraints brought about by their deviations. Taguchi's robust design has been used in the past 

for mitigating the effect of parameter uncertainty, which is similar to the external uncertainty 

considered here. The concept is extended to mitigate the effect of model structure uncertainty 

(i.e. internal uncertainty) in a similar manner. 

 

For the extreme condition approach, the robust design model can be formulated as: 

 

Given: Parameter and model uncertainties (ranges) 

Find: Robust design decisions (x) 

Subject to: System Constraints: g worst (x)    0 

Objectives: 

i) Optimise the mean of system attributes: a(x) 

ii) Minimize the deviation of system attributes:  a(x) 

 

In the above model, g worst (x) is the maximum constraint function estimated by the worst case 

of constraint function g(x) and a is the objective vector. Both g(x) and a(x) are the subsets of 

system output vector z. The mean and deviation of the system outputs can be obtained by the 

extreme condition approach as introduced earlier. This constitutes the necessary multiple 

objectives in robust design, (i.e. both the mean and the deviation of the system are expected to be 

minimised with the assumption that optimising the mean of a system attribute can always be 

transformed into a minimisation problem).  

 

Eq. 2.4.2.8 
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The general form of the objective can be expressed as: min [ax,  a(x)]. 

 

Many existing approaches can be used to solve this multi-objective robust optimisation problem. 

In the above model, the worst-case analysis is used to formulate the constraints. The worst-case 

analysis assumes that all fluctuations may occur simultaneously in the worst possible 

combination [Parkinson A. et al. 1993]. The effect of variations on a function is estimated using 

a first order Taylor’s series as follows: 

 

 g (x)  =        g (x)  x 

     f  

             x1 

 

Where g(x) represents the variation transmitted to constraint g(x) for a worst case analysis. 

 

The design feasibility expressed in Equation 2.4.2.8. can be formulated by increasing the value 

of the mean g(x) by the amount of functional variation g(x): 

 

   

g worst (x) =    g (x)   +         g (x)  x 

  f       

                       x1 

 

For the statistical approach to estimate the performance distribution, the robust model can be 

formulated as: 

Given: Parameter and model uncertainties (distributions) 

Find: Robust design decisions x 

Subject to: System Constraints:  P [ g(x)  0 ]  P limit 

Objectives:  

i) Optimise the mean of system attributes a(x): µa (x) 

ii) Minimise the standard deviation of system attributes a(x): a (x) 

 



 Eq. 2.4.2.10 

Eq. 2.4.2.9 



 Eq. 2.4.2.11 

Eq. 2.4.2.12 
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 µa (x) and a (x) are the estimates of the mean and variance of the system outputs respectively. 

The constraints in the above model are expressed by the probabilistic formulation. P [ g(x)  0 ]  

is the probability of constraint satisfaction and it should be greater than or equal to the defined 

probability limit P limit. Because it is computationally expensive to evaluate the probability of 

constraint satisfaction, alternative formulations, for example the moment matching method, are 

used in practice to evaluate the constraints. With the moment matching method, g(x) is assumed 

to follow a normal distribution [Parkinson A. et al. 1993]. The constraint in Equation 2.4.2.12. is: 

 

µa (x) + k. a (x)  0 

 

Where k is the constant for the probability of constraint satisfaction [Parkinson A. et al. 1993]. 

For example, k  = 1 stands for the probability  0.8413 and k = 2 stands for probability  0.9772. 

Based on the previous considerations, the strategy that integrates the propagation and mitigation 

of the effect of uncertainties is summarized in Figure 2.4.2.e. Module A is the uncertainty 

quantification module that represents the first stage in the integrated methodology. Module B is 

the propagation module. In this module, either the extreme condition approach or the statistical 

approach is used to identify the range or to estimate the population parameters of system 

performance under the influence of both internal and external uncertainties. The performance 

ranges or estimated population parameters are then used to mitigate the effect of uncertainties. 

The basis for controlling the effect of uncertainties is the robust design approach formulated in 

equations 2.4.2.8. and 2.4.2.12. The process to manage the effect of uncertainty is iterative and 

involves repeated uncertainty analysis until a robust optimal solution is obtained. 

 

 

Eq. 2.4.2.13 

Figure 2.4.2.e. Propagation and Mitigation Strategy of the Effect of Uncertainties 

[Parkinson A. et al. 1993] 
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2.4.2.B.  ANALYTIC DEVELOPMENT OF AVAILABILITY AND 

 MAINTAINABILITY ASSESSMENT IN PRELIMINARY 

 DESIGN 

 

  Techniques selected for further development of availability and maintainability 

assessment to determine the integrity of engineering design in the preliminary or schematic 

design phase of the engineering design process, include intelligent computer automated 

methodology based on Petri Nets (PN). Analytic assessment of large complex process systems 

has in the past several years increasingly become an integral part of the engineering design 

process, particularly in designing for availability and maintainability; and even more so with the 

inclusion of complex interactions, such as preventive maintenance, on system availability. 

Preventive maintenance is considered as one of the key factors to increasing system reliability, 

availability and productivity, and to reducing production costs. The importance of the inclusion 

of maintenance in engineering design has led to an increased sophistication in mathematical 

models required to analyse its impact on complex system behaviour [Lam C. et al. 1994]. 

 

Designing for Availability with Preventive Maintenance: 

A quantitative example of designing for availability with the inclusion of preventive maintenance 

is developed to illustrate the methodology: The designed system starts in a working state, but 

ages with time and eventually fails if no preventive maintenance action is carried-out. Once the 

system fails, a random amount of time is required to bring the system back up to an operational 

state. Preventive maintenance is performed at fixed intervals from the start-up (or the last restart) 

of the system in the operational state. The preventive maintenance activity takes an exponentially 

distributed amount of time and is in the form of component renewal that is assumed will allow 

for complete renewal the system. Let d be the constant inspection interval where d is a critical 

design parameter. If d approaches zero, the system is always under maintenance and its 

availability drops to zero. Conversely, if d becomes too large the beneficial effect of the 

preventive maintenance action becomes negligible. The goal of the example is to develop an 

analytic expression for the steady-state behaviour of a complex system using Petri Net (PN) 

methodology, and to determine the optimal design maintenance interval that will maximise 

system availability. 
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2.4.2.B.i. Maximising Design Availability Using Petri Net Models 

 

Petri Net models have only recently gained a widespread acceptance since they provide a 

graphical language ideally suited to modern CAD environments that can be concise in their 

specification; provide a natural way to present complex logical interactions among integrated 

systems, or process activities within a system; and are closer to a designer’s intuition about what 

a complex systems model should look like [Peterson J.L. 1981, Murata T. 1989]. Many structural 

and stochastic extensions have been proposed in the application of Petri Nets to increase their 

modelling power and their capability to represent large complex integrated systems. The most 

up-to-date and valuable source of references for the theoretical development and application of 

Petri Net models is the series of international workshops known as Petri Nets and Performance 

Mode1s (PNPM), initiated in Italy in 1985, then moved to the USA, Japan, Australia and France. 

 

a) Petri Net Theory: 

Petri Nets have been used as mathematical, graphical tools for modelling and analysing systems 

whose dynamic behaviours are characterized by synchronous and distributed operation, as well 

as non-determinism [Peterson J.L. 1981]. A basic Petri Net structure consists of places and 

transitions interconnected by directed arcs. Places are denoted by circles and represent 

conditions, while transitions are denoted by bars and represent events. The directed arcs in a Petri 

Net represent flow of control where the occurrence of events is controlled by a set of conditions. 

The translation of a flowchart to a Petri net is illustrated in Figure 2.4.2.f. where the nodes of the 

flowchart are replaced by transitions in the Petri Net, and the arcs are replaced by places. 

 

Figure 2.4.2.f. Translation of a Flowchart to a Petri Net [Peterson J.L. 1981 
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In addition to its graphical structure, a Petri Net is effectively used to simulate the dynamic 

behaviour of a modelled system in terms of states (or markings) and their changes during model 

execution. A marking is an assignment of tokens to the places, where a token denotes that the 

corresponding condition is true. Thus the marking of places describes the current state of the 

Petri Net in terms of the conditions that are true and those that are false. The Petri Net execution 

changes the number and location of tokens according to the rule of transition enabling and firing 

[Murata T. 1989] where;  

 

 a transition t is enabled if each input place p is marked with w ( p, t ) tokens,  

and w ( p, t ) is the weight of the arc from p to t; 

 an enabled transition may or may not fire (depending on whether or not the  

event actually takes place);  

 an enabled transition t is fired by removing w ( p, t ) tokens from each input  

place p and adding w ( t, p ) tokens to each output place p.  

 

Petri Nets represent a powerful paradigm, useful for modelling complex systems in the context 

of systems performance, in designing for availability subject to preventive maintenance 

strategies that include complex interactions such as component renewal. Such interactions are 

time related and dependent upon component age and estimated residual life. However, original 

Petri Nets did not carry any notion of time. Thus, in order to make the technique useful for 

quantitative systems analysis in engineering design, a variety of time extensions have been 

proposed in the literature. The distinguishing features of these time extensions are whether the 

duration of the events should be modelled by deterministic or random variables, and whether the 

time is associated with process functions, or transitional events. Petri Nets in which the timing is 

stochastic are referred to as Stochastic Petri Nets (SPN), and the most common assumption is 

that time is assigned to the duration of transitional events. The time evolution of a SPN is 

expressed as a stochastic process, and referred to as its marking process. SPN can be used to 

automatically generate the underlying marking process, which can then be analysed to yield 

results in terms of the original Petri Net model. This is a case where a user-level representation 

of complex systems, typically in the form of simulation models (such as the process equipment 

models (PEMs) which have been developed in Paragraph 2.4.4.), are translated into an analytic 

representation which is processed and the results referred back to the user-level representation. 
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The most common assumption in the literature is to assign to the PN transitions an exponentially 

distributed firing time (i.e. start to completion time of an activity), so that the resulting marking 

process is a continuous time Markov chain (CTMC) [Molloy M.K. 1982]. Almost all the PN-

based tools are based on this assumption. In principle, simple equations can be derived for both 

transient and steady-state analysis of CTMCs. But practical limitations arise from the fact that 

the state space (i.e. the composition of different states of a system and its transition interaction of 

moving from state i to state j, including the probability of such a transition) grows much faster 

than the number of components in the system being modelled. The use of an exponentially 

distributed firing time has been regarded as a restriction in the application of PN models as there 

are many engineering processes whose times to occurrence are not exponentially distributed. The 

hypothesis of exponential distributions in these cases results in the construction of models that 

only give a qualitative rather than quantitative analysis of real systems. The existence of 

deterministic or other non-exponentially distributed events in engineering processes, such as 

start-up delays and pre-planned down times in real-time systems, give rise to stochastic models 

that are non - Markovian in nature. In recent years, a considerable effort has been devoted to 

improving the PN methodology in order to deal with generally distributed events in real-time 

systems. However, the inclusion of non-exponential distributions affects the associated marking 

process (in that some or other retained memory of past events would then be required), and 

further specification is needed at the PN level in order to uniquely define how the marking 

process is conditioned on past history [Ciardo G. et al. 1994]. 

 

b) Definition of the Basic Petri Net Model: 

 

Formally a marked PN is a tuple PN = (P, T, I, 0, M) [Peterson J.L. 1981], where: 

 

 P = {p1, p2, . . pn) is the set of places (drawn as circles); 

 

 T = {t1, t2,... tn} is the set of transitions (drawn as bars); 

 

 I and 0 are the input and the output functions, respectively; 

  

 M = {m1, m2, ... mn} is the marking of the PN.  
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The generic entry mi is the number of tokens (drawn as black dots) in place pi, in marking M. 

The initial marking is M0. The input function I provides the multiplicities of the input arcs from 

functions to transitions; the output function O provides the multiplicities of the output arcs from 

transitions to functions. Input and output arcs have an arrowhead on their destination. A 

transition is enabled in a marking if each of its input places contain at least as many tokens as the 

multiplicity of the input function I. An enabled transition fires by removing as many tokens as 

the multiplicity of the input function f from each input place, and adding as many tokens as the 

multiplicity of the output function O to each output place. A marking M' is said to be directly 

reachable from M, when it is generated from M, by firing a single enabled transition tk. The 

reachability set R(Mo) is the set of all the markings that can be generated from an initial marking 

M0 by repeated application of the above rule. The enabling of a transition corresponds to the 

starting of an activity, while the firing corresponds to the completion of an activity. Thus the 

firing of a transition causes a previously enabled transition to become disabled. PNs can be used 

to capture the behaviour of many real-world situations, and a typical graphical representation of 

a PN is given in Figure 2.4.2.g. below [Lindemann C. et al. 1999]: 

 

 

 
Figure 2.4.2.g. Typical Graphical Representation of a Petri Net [Lindemann C. et al. 1999] 
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Structural Extensions: 

Various structural extensions have been proposed in the literature to increase either the class of 

problems that can be represented, or the ability and the ease with which real systems can be 

modelled. The modelling power of a PN is the ability of the PN formalism to represent classes of 

problems. Modelling convenience is defined as the practical ability to represent a given 

behaviour in a simpler, more compact or more natural way. Decision power is defined to be the 

set of properties that can be analysed. Increasing the modelling convenience decreases the 

decision power. Thus each possible extension to the basic formalism requires an in-depth 

evaluation of its effect upon modelling convenience and decision power [Peterson J.L. 1981]. 

Some extensions have proven so effective that they are now considered part of the standard PN 

definition. They are: 

 

 Inhibitor arcs 

 Transition priorities 

 Marking- dependent arc multiplicity. 

 

Inhibitor arcs connect a place to a transition and are drawn with a small circle on their 

destination. An inhibitor arc from a place pi to a transition tk disables tk when pi is not empty. It 

is possible to use an arc multiplicity extension together with inhibitor arcs. In this case, a 

transition tk is disabled whenever place pi contains at least as many tokens as the muItiplicity of 

the inhibitor arc. The number of tokens in an inhibitor input is not affected by a firing operation. 

 

Transition priorities are integer numbers assigned to the transitions. A transition is enabled in a 

marking if and only if no higher priority transitions are enabled. If this extension is introduced, 

some markings of the original PN may no longer be reachable. 

 

Marking-dependent arc multiplicity was introduced with the intent to model situations in 

which the number of tokens to be transferred along the arcs (or to enable a transition) depends 

upon the system state. Arcs with marking dependent multiplicity are indicated by a Z on the arc, 

and allow simpler and more compact PNs than would otherwise be possible. In many practical 

problems, their use can reduce the complexity of the PN model  [Ciardo G. et al. 1994]. 
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c) Definition of Stochastic Petri Nets: 

 

The most common way to include time into a PN is to associate the time duration with the 

activities that induce state changes (i.e. transitions). The duration of each activity is represented 

by a non-negative random variable with a known cumulative distribution function (c.d.f.). 

 

Let  = (1, 2, ... nt) be the set of the nt random variables associated with the nt transitions, 

then: 

 

G =  [G1(t), G2(t), ... Gnt(t)] is the set of their c.d.f.  

 

When a waiting time k is associated with a transition tk, the transition becomes enabled 

according to the rules of the untimed PN, but it can fire only after a time equal to k has elapsed. 

This time between the enabling and the firing is referred to as the firing time.  

 

Let {M(t), t  0} be the marking process, i.e. M(t) represents the marking reached by the PN at 

time t. The following analysis is restricted to SPNs in which the random firing times have 

continuous c.d.f. with infinite support (i.e. 0, ). With this assumption, the marking process 

M(t) is a continuous-time, discrete-state stochastic process whose state space is isomorphic to 

the reachability graph of the untimed PN (i.e. the one looks exactly the same as the other).  

 

Given a marking in which more than one transition with the same priority level (if priority is 

used) is enabled, the firing policy determines the transition that will fire next. There are two 

possible alternatives [Ajmone Marsan M. et al. 1995]: 

 

i) Race policy: The transition whose firing time elapses first is assumed to be the one that 

will fire next. 

ii) Pre-selection policy: The next transition to fire is chosen according to an externally 

specified probability mass function independent of their firing times. 

 

By far the most common firing policy for timed transitions is the race policy i). The pre-selection 

policy ii) is commonly used for immediate transitions, introduced for the first time in Markovian 

SPN [Ajmone Marsan M. et al. 1995]. 

 

Eq. 2.4.2.14 



 333 

Once the firing policy is defined, the execution policy must be specified. The execution policy 

consists of a set of specifications for uniquely defining the stochastic process, {M(t)}, 

under1ying an SPN. Two elements characterise the execution policy; a criterion to keep memory 

of the past history of the process (the memory policy); and an indicator of the re-sampling status 

of the firing time. The memory policy defines how the process is conditioned upon the past. An 

age variable ag associated with the timed transition tg keeps track of the time for which the 

transition has been enabled. A timed transition fires as soon as the memory variable ag reaches 

the value of the firing time g. In the activity period of a transition, the age variable is not 0.  

 

The random firing time g of a transition tg can be sampled at a time instant prior to the 

beginning of an activity period. To keep track of the re-sampling condition of the random firing 

time associated with a timed transition, a binary indicator variable rg that is equal to 1 is 

assigned to each timed transition tg when the firing time is to be sampled, and equal to 0 when 

the firing time is not to be sampled. Reference is made to rg as the re-sampling indicator 

variable. Hence, in general, the (continuous) memory of a transition tg is captured by the tuple 

(ag, rg). At any time period t, transition tg has memory (its firing process depends on the past) if 

either ag or rg is different from zero. 

 

At the entrance to a marking, the remaining firing time (rft) has the value; rft =  g - ag and is 

computed for each enabled transition given its currently sampled firing time g and the age 

variable ag. According to the race policy, the next marking is determined by the minimal of the 

rft’s. The following execution policies can now be defined.  

 

Execution Policies: 

A timed transition tg can be: 

 Preemptive repeat different (prd): If both the age variable ag and the re-sampling 

indicator rg are reset each time tg is disabled or it fires. 

 Preemptive resume (prs): If both the age variable ag and the re-sampling indicator rg are 

reset only when tg fires. 

 Preemptive repeat identical (pri): If the age variable ag is reset each time tg is disabled or 

fires but the re-sampling indicator rg is reset only when tg fires. 
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Transition tg is prd - Each time a prd transition is disabled or it fires, its memory variable ag is 

reset and its indicator re-sampling variable rg is set to 0 (the firing time must be re-sampled from 

the same distribution when tg becomes re-enabled). 

 

Transition tg is prs  - When tg is disabled, its associated age variable ag is not reset but 

maintains its constant value until tg is re-enabled and tg = 1. At each successive enabling point 

ag restarts from the previously retained value. When tg fires both ag and rg are reset so that the 

firing time must be re-sampled at the successive enabling point (2). The memory of tg is reset 

only when the transition fires. 

 

Transition tg is pri - Under this policy, each time tg is disabled, its age variable ag is reset, but 

its indicator re-sampling variable rg remains equal to 1, and the firing time value 1 remains 

active, so that in the next enabling period an identical firing will result. The same value is 

maintained over different enabling periods up to the firing of tg. Only when tg fires, both ag and 

rg are reset and the firing time is re-sampled (2). Hence, also in this case, the memory is lost 

only upon firing of tg. 

 

If the firing time is exponentially distributed, both the prd and prs policies behave in the same 

way. However, the pri policy does not have the property of no memory. Thus, the marking 

process of a SPN with only exponentially distributed firing times is not a continuous time 

Markov chain (CTMC), if at least a single non-exclusively enabled transition exists with 

assigned pri policy. 

 

If the firing time is deterministic, both the prd and pri policies behave in the same way (that is, 

re-sampling a deterministic variable always provides an identical value). The memory of the 

global marking process is considered as the superposition of the individual memories of the 

transitions. In general, the marking process {M(t)} underlying a SPN is not analytically tractable 

(i.e. easily manageable) unless some restrictions are imposed [Ciardo G. et al. 1994]. Note that a 

simulation approach for the prd and the prs cases, based on very similar assumptions, has been 

adopted in the application simulation modelling of Paragraph 2.4.3. Application Modelling of 

Availability and Maintainability in Engineering Design. 
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d) Definition of Markovian Stochastic Petri Nets (MSPN): 

 

When all the random variables k associated with the PN transitions are exponentially 

distributed, and the execution policy is not pri, the dynamic behaviour of the PN is mapped into 

a continuous time Markov chain (CTMC) with state space isomorphic to the reachability 

graph of the untimed PN. This restriction is the most popular and is usually referred to simply as 

MSPN or GSPN [Molloy M.K. 1982].  

 

In order to completely specify the model, the set  = (1, 2, ... nt) of the nt firing rates 

assigned to the nt transitions, is included. A usual convention in the graphical representation is to 

indicate transitions with exponentially distributed firing times by means of empty rectangles, and 

transitions with non-exponentially distributed firing times by means of filled rectangles, as 

illustrated in Figure 2.4.2.h. Modelling real systems often involves the presence of activities or 

actions (such as preventive maintenance activities), whose duration is short or even negligible, 

with respect to the time scale of the process (especially continuous engineering processes). 

Hence, it is desirable to associate an exponentially distributed firing time only with those 

transitions which are believed to have the largest impact on the system operation. The starting 

assumption in the MSPN model is that transitions are partitioned into two different classes: 

immediate transitions and timed transitions [Ajmone Marsan M. et al. 1995].  

 

Immediate transitions fire in zero time once they are enabled, and have priority over timed 

transitions. Timed transitions fire after an exponentially distributed firing time (which are called 

EXP transitions). In the graphical representation of MSPN, immediate transitions are drawn as 

thin bars. Markings enabling immediate transitions are passed through in zero time and are called 

vanishing states. Markings enabling no immediate transitions are called tangible states. Since 

the process spends zero time in the vanishing states, they do not contribute to the dynamic 

behaviour of the system, and a procedure can be developed to eliminate them from the final 

Markov chain. With the partition of PN-transitions into a timed and an immediate class, a greater 

flexibility of modelling is achieved without increasing the dimensions of the final tangible state 

space from which the process measures are computed. An illustrative example of a MSPN is 

given in Figure 2.4.2.h. 
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Figure 2.4.2.h. Illustrative Example of a MSPN for a Fault-Tolerant Process System 

[Ajmone Marsan M. et al. 1995] 
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Dealing with large complex systems: 

MSPNs can provide a very compact representation of very large systems. This is reflected in an 

exponential growth of the reachable markings as a function of the primitive elements in the 

MSPN (i.e. places and transitions), and as a function of the number of tokens in the initial 

marking. This exponential growth of the state space has often been recognized as a severe 

limitation in the use of the PN methodology to deal with real life applications, and a significant 

effort has been devoted to overcome, or to alleviate this problem [Molloy M.K. 1982]. Since 

Markovian-SPNs are based on the solution of a CTMC, all the techniques that have been 

explored to handle very large Markov chains can profitably be utilized in connection with 

MSPNs. When dealing with large models, not only does the solution of the system become 

difficult, but the model description and the computer representation also become complex, which 

has resulted in an increasing application of reachability graphs. 

 

e) Generating Reachability Graphs: 

The generation of a PN reachability graph (extended and a reduced), is best explained with the 

aid of an example. Consider a process system based on a queuing client-server paradigm 

(typically in discrete event, single item and batch processing systems), whose PN model is 

shown in Figure 2.4.2.i.  

 

Transitions labelled tek or stk are timed transitions that fire after an exponentially distributed 

firing time EXP (represented by empty rectangles), and transitions labelled tik are immediate 

transitions that fire in zero time once they are enabled (represented by thin single-line bars). The 

system is made up of process units (clients) waiting in a controlled queue, requiring processing 

(transition te1) which can be supplied with probability (1 - c) (transition ti3) by two servers 

(processing assemblies) working in parallel, and with probability c (transition ti1) by accessing a 

resource (place p12) shared by the two servers (in this case the resource can be envisaged as 

some or other utility controlling the client queue and the servers, such as a distributed control 

system DCS). In the case of firing of ti3, a message forwarded by the client is split into two sub-

messages each addressed to a different server (places p5 and P6). The two servers are 

characterised by an exponentially distributed service time modelled by transitions st1 and st2 

respectively. 
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Figure 2.4.2.i. MSPN for a Process System based on a Queuing Client-Server Paradigm 

[Ajmone Marsan M. et al. 1995] 
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It is assumed, in the definition of the process model, that a processing transaction is concluded 

when all the servers have served the sub-messages they have been assigned. When a server has 

processed its sub-message, it accesses the shared resource (DCS) to record its processing results 

(transitions te2 and te3). After both servers have accessed the shared resource, a join operation is 

performed and the processed result is returned to control the client queue (i.e. transition ti6). 

Conversely with probability c, the message of a client in the queue is already available in the 

shared resource so that the service requirement is met by the server accessing the resource, 

retrieving the message and returning it to control the client queue (transitions ti2 and te4). The 

reachability graph as illustrated in Figure 2.4.2.j. can now be generated from the initial token 

distribution depicted in the PN model shown in Figure 2.4.2.i. and the markings of Table 2.4.2.a.  

 

[Ajmone Marsan M. et al. 1995] 

Figure 2.4.2.j. Extended Reachability Graph Generated from the MSPN Model 
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The extended reachability graph of a MSPN comprises both tangible and vanishing states. 

Elimination of the vanishing states results in a reduced reachability graph that is isomorphic to 

the CTMC. Given a vanishing marking denoted by mb (which is directly reachable from a 

tangible marking ma), and the set of tangible markings S, reached from mb passing through a 

sequence of vanishing markings only, it is possible to evaluate the probability of the next 

tangible marking after mb over S. Furthermore, ma may belong to S. The vanishing marking mb 

and the ones reachable from mb by the firing of immediate transitions can only be eliminated by 

introducing arcs directly connecting ma to mc  S, mc  ma, and by modifying the firing rate 

associated with the generic transition tk enabled in ma [Ajmone Marsan M. et al. 1995]. 

 

 

Table 2.4.2.a. Distribution of the Tokens in the Reachable Markings 

 

Table 2.4.2.a. gives the distribution of the tokens in the reachable markings. It is quite evident 

that the markings m2, m3, m6, m7, m11, m13 and m16 are vanishing (shadowed markings in 

Figure 2.4.2.j.) and can be eliminated. The reduced reachability graph defined over the 

tangible markings only, can then be generated as illustrated in Figure 2.4.2.k. 
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Once the reduced reachability graph is obtained, the matrix for the underlying continuous time 

Markov chain (CTMC) can be constructed. Let R0 be the reduced reachability graph of a 

Markovian SPN and N its cardinality. The infinitesimal generator of the underlying CTMC is 

then a N x N matrix Q, where Q = [Qij].  

 

Let  (t) be the N-dimensional state probability vector, whose generic entry i (t) is the 

probability of being in state i, (i = 1 2,... N) at time t in the associated CTMC.  (t) is the 

solution of the standard linear differential equation: 

 

    d   (t) =  (t) . Q 

               dt 

 

With initial condition:       (0) =  [1, 0, 0, ... 0].   

 

 

Figure 2.4.2.k. Reduced Reachability Graph Generated from the MSPN Model 

Eq. 2.4.2.15 
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If the steady- state probability vector:   = lim t    (t) of the CTMC exists, it can be 

calculated that: 

         Q  =  0 

 

    

With:            N 

              i = 1 

          i =1 

 

Since some of the output measures depend on the integrals of the probabilities rather than on the 

probabilities themselves, it is necessary to provide the appropriate computation of the integrals of 

the state probabilities: 

 

        Li (t) = 
   t

  i ( z) dz 

       
0

 
 

Where Li (t) is the expected time that the CTMC stays in state i during the interval (0, t). 

 

Let L(t) denote the N-dimensional row vector consisting of the elements Li (t). Integrating both 

sides of Equation 2.4.2.15, the following relation is obtained: 

 

    d  L (t) = L (t) . Q +  (0) 

               dt 

 

Where:        L (t) = N-dimensional row vector 

            Q  = N x N matrix of the CTMC 

       (0)  = initial condition of the N-dimensional state   

      probability vector 

 

f) Measures of Markovian Stochastic Petri Nets (MSPN):  

 

A fundamental property of the time dependent representation of system behaviour through SPNs, 

is that they allow the user to define in a simple and natural way a large number of different 

measures related to the performance and reliability of the system.  

 

Eq. 2.4.2.16 

Eq. 2.4.2.17 
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The stochastic behaviour of a Markovian-SPN is determined by calculating the (t), (0) and 

L(t) vectors over the reduced reachability set R0. However, the final output measures should be 

defined at the Petri Net level as a function of its primitive elements (i.e. places and transitions). 

The following mathematical models provide a practical outline as how to relate the probabilities 

at the CTMC level with useful measures at the PN level. 

 

The probability of a given condition on the SPN: 

By means of logical or algebraic functions of the number of tokens in the PN places, a particular 

condition C (e.g. no tokens in a given place) can be specified, and the subset of states S  R0 can 

be identified for which the condition is true. The output measure: 

 

        Cs(t) = Prob {condition C is true at time t } 
 

Given by:       Cs(t) =          s (t) 

      s  S 

 

Where:          s (t) is the probability of being in state s at time t.  

Note, if S is the set of operational states, Cs(t) is the  

usual definition of system availability. 

 

A very useful case arises when the measure is the transient probability that the condition is 

satisfied for the first time. By using such an approach in the analysis of stochastic processes, the 

states s  S can be made absorbing (i.e. assimilated), and the quantity evaluated from Equation 

2.4.2.18 as the value of the process when entering S. In this way the above equation can be used 

to calculate system reliability. 

 

Thus: 

System availability =     Cs(t) =          s (t) where S =  set of operational states. 

      s  S 

 

System reliability =     Cs(t) =          s (t) where s  S and process entering S. 

      s  S 

 

Eq. 2.4.2.18 
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The time spent in a marking: 

Let S  R0 be the subset of markings in which a particular condition is fulfilled. The expected 

time, s(t), spent in the markings s  S during the interval (0, t) is given by: 

 

       s(t) =     
     t

   s ( z) dz 

      
s  S

   
0

 
 

     =     Ls (t) 

      s  S 
 

 

Moreover, from the theory of irreducible Markov chains, as t approaches infinity, the proportion 

of the time spent in states s  S equals the asymptotic probability [Choi H. et al. 1994]: 

 

       s(t) =         s 

      s  S 
 

     =   lim       s(t) 

      t          t 

 

s(t) / t represents the utilisation factor in the interval (0, 1), and s the expected steady-state 

utilisation factor. For example, if S is the set of states in which a process is idle, s(t) / t is the 

fraction of idle time in (0, 1) and s is the expected idle time. 

 

The mean first passage time: 

Given that Cs(t), as calculated in Equation 2.4.2.18. is the probability of having entered subset S 

before t for the first time, the mean first passage time s, can be calculated as: 

 

           s = 
  

  [ 1 – Cs ( z) ] dz 

       
0

 
 

This formula requires the transient analysis to be extended over long intervals. There are other 

direct techniques for calculating mean first passage times in a CTMC that are however, not 

relevant to this research [Ciardo G. et al. 1994]. 

 

Eq. 2.4.2.19 

Eq. 2.4.2.20 

Eq. 2.4.2.21 
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The distribution of tokens in a place: 

The cumulative distribution function (c.d.f.) of the number of tokens in place pi of the SPN at 

time t is a step function in which the amplitude of the k-th step is obtained by summing up the 

probabilities of all the states in the set R0 containing k tokens (k = 0, l, 2 ... K) in pi at time t. 

The probability function fi (k, t) is the amplitude of the k-th step. The expected value of the 

number of tokens in place pi at time t is: 

          

   ET [ mi(t) ] =       k fi (k, t) 

      k = 0 

 

As an example, if place pi represents identical units in a queue for a common resource, the above 

quantity gives the expected value of the number of units in the queue at time t. In reliability 

analysis, the tokens in place pi represent the number of failed components. 

 

The expected number of firings of a PN-transition: 

Given an interval (0, t), the expected number of firings indicates how many times, on the 

average, an event modelled by a PN transition has occurred in that interval. Let tk be a generic 

PN transition, and let S be the subset of R0 that includes all the markings s  S enabling tk. The 

expected number of firings of tk in (0, t) is given by: 

 

     k (t) =        k(s)  
   t

   s ( z) dz 

      
s  S 

  
0

 
 

     =        k(s) . Ls (t) 

      s  S 
 

Where k(s) is the firing rate of tk in marking s. In steady state, the expected number of firings 

per unit of time becomes: 

     k (t) =         s k(s) 

      s  S 
 

This quantity represents the throughput associated with the given transition. If transition tk 

represents the completion of a service in a queuing system, k (t) is the expected number of 

services completed in time (0, t) and k is the expected steady-state throughput. 

 

Eq. 2.4.2.22 

Eq. 2.4.2.23 

Eq. 2.4.2.24 
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g) Definition of Stochastic Reward Nets: 

 

Stochastic Reward Nets (SRN) introduce a new extension into Markovian-SPNs allowing for 

the possibility of associating reward rates to the markings. The reward rates are specified at the 

PN level as a function of its primitives (i.e. the number of tokens in a place, or the rate of a 

transition). The underlying CTMC is then transformed into a Markov reward model, thus 

permitting the eva1uation of performance measures. Implementation of this extension allows the 

reward structure superimposed on the reachability graph to be generated automatically, and 

easily provides performance measures [Ciardo G. et al. 1991]. 

 

The reward definition is called rate-based, to indicate that the system produces reward at rate 

r(i) for all the time it remains in state i  R0. Furthermore, impulse-based reward models can 

also be implemented where a reward function rij is associated with each transition from the state 

i  R0 to j  R0. Each time a transition from i to j occurs, the cumulative reward of the system 

instantaneously increases by rij. In general, several combinations of the different reward 

functions can be specified in the same model. 

 

h) Definition of Non-Markovian Stochastic Petri Nets: 

 

As indicated previously, in order to define a PN with generally distributed transitions, the 

following entities must be specified for each transition; tg  T: the c.d.f. Gg(t) of the random 

firing times g, and the execution policy for determining (ag, rg). 

 

Several classes of SPN models have been developed which incorporate some non-exponential 

characteristics in their definition, and which adhere to the individual memory requirements 

indicated previously. With the aim of specifying non-Markovian SPN models that are 

analytically tractable, three approaches can be considered [Bobbio A. et al. 1997]: 

 

 An approach based on Markovian regenerative theory 

 An approach based on the use of supp1ementary variables 

 An approach based on state space expansion. 

 

 



 347 

The first approach originates from a particular definition of a non-Markovian SPN, where, in 

each marking, a single transition is allowed to have associated with it a deterministic firing time 

with prd execution policy (i.e. a deterministic SPN, or DSPN). The marking process underlying 

a DSPN is a Markov regenerative process (MRGP) for which equations can be derived for the 

transition probability matrix in transient and in steady-state conditions [Choi H. et al. 1994]. 

Generalization of the previous formulation is proposed by including the possibility of modelling 

prs transitions and also by including pri transitions. The most general framework under which 

the Markov regenerative theory has been applied is where any regeneration time period is 

dominated by a single transition (non-overlapping dominant transitions). 

 

The second approach resorts to the use of supplementary variables. This method has been 

applied to prd execution policies only, and with mutually exclusive general transitions. A 

steady-state solution has been proposed, while the possibility of applying the methodology to 

transient analysis has also been explored [German R. et al. 1994]. 

 

The third approach is based on the expansion of the reachability graph of the basic PN. In this 

approach, the original non-Markovian marking process is approximated by means of a 

continuous time Markov chain (CTMC), defined over an augmented state space. According to 

the definitions given previously, the reachability graph expansion technique can be realized by 

assigning to each transition a continuous distributed random variable [Neuts M.F. 1981]. 

Basically, the merit of this approach is the flexibility in modelling any combination of prd and 

prs memory policies and any number of concurrent or conflicting transitions with generally 

distributed firing times. Furthermore, the reachability graph expansion technique can be 

implemented using a computer program. Starting from the basic specification at the PN level, all 

the solution steps can be hidden from the modeller in an OOP environment. The drawback of this 

approach is, of course, the explosion of the state space. 
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2.4.2.B.ii. Designing for Availability Using Petri Net Modelling 

 

Returning to the initial quantitative example of designing for availability with the inclusion of 

preventive maintenance, Figure 2.4.2.l. shows the MRSPN representation of the system 

described [Bobbio A. et al. 1997]. The working state is modelled by place P up. The generally 

distributed transition tf models the failure distribution whose firing results in the system moving 

to place P down. Upon system failure, the preventive maintenance activity is suspended; the 

inhibitor arc from place P down to transition t clock is used to model this fact.  

 

The deterministic transition t clock models the constant inspection interval. It is competitively 

enabled with tf so that the one that fires first disables the other. Once t clock fires, a token 

moves in place P mai, as well as the activity related with the preventive maintenance (transition 

t mai starts). During the preventive maintenance phase, the system is down and cannot fail by 

using the inhibitor arc from place P mai to transition tf. The completion of the maintenance 

(firing of t mai) re-initialises the system in an as good as new condition; hence tf is assigned a 

prd policy. Since upon failure (and repair) a completed interval must elapse before the 

successive preventive maintenance takes place, t clock also must be assigned a prd policy. As 

can be observed from Figure 2.4.2.l. tf and t clock are conflicting prd transitions. 

 

Figure 2.4.2.l. MRSPN Model for Availability with Preventive Maintenance 

[Bobbio A. et al. 1997] 
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a) Numerical Computations for the Availability Petri Net Model: 

Since there are no immediate transitions in the PN, all the markings are tangible. Starting from 

an initial marking m1, the token distribution of the reachable markings represented in Figure 

2.4.2.l. (assuming the following order for the places: Pup, Pclock, Pdown, Pmai) is given by: 

 

  m1 = (1, 1, 0, 0), m2 = (0, 1, 1, 0), m3 = (1, 0, 0, 1) 

 

From marking m1 both tf and t clock may fire, leading to m2 and m3 respectively. From m2 

only t down can fire leading to m1 and finally, from m3 only t mai can fire leading to m1. As a 

consequence, the matrices E(t) and K(t) have the following structure: 

 

      E11(t)  0  0 

   E(t)   = 0  E22(t)  0 

      0  0  E33(t) 

 

      0  K12(t)  K13(t) 

   K(t)  = K21(t)  0  0 

      K31(t)  0  0 

 

Since E(t) is a diagonal matrix, the marking process is an SMP. Let Gf(t) be the c.d.f. of the 

firing time associated with transition tf, and d be the deterministic maintenance interval 

associated with t clock. Furthermore, let 1 and 2 be the firing rates associated with transitions 

t down and t mai respectively. The non-zero matrix entries are: 

      

   K12(t)  = Gf(t)    0  t < d 

      Gf(d)   t  d 

 

   K13(t)  = 0  0  t < d 

      1- Gf(d) t  d 

  

 

Eq. 2.4.2.25 
 













Eq. 2.4.2.26 
 

Eq. 2.4.2.27 
 

Eq. 2.4.2.28 
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   K21(t)   =  1 - e - 
1 t 

 

   K31(t)   =  1 - e - 
2 t 

  

   E11(t)  = 1- Gf(I)  0  t < d 

      0  t  d 

  

   E22(t)  = e - 
1 t  

 

   E33(t)   = e - 
2 t 

 

b) Steady-state Solution to the Availability Petri Net Model: 

To obtain the steady-state solution, the following procedure is described: 

Step 1: 

    11 =  [1 - Gf (t)] dt  0  0 

   =    0 22 = 1/1  0 

       0  0 33 = 1/2 

 

 

 

       0   G f (d) 1 - G f (d) 

   =    1  0  0 

       1  0  0 

 
 

Step 2:  D = [ 1/2,  1/2[G f (d)],  1/2 [1 - G f (d)] ] 
 

Step 3:   = [ 1/A2. 11,  1/A2. 22 G f (d),  1/A2. 33 [1 - G f (d)] ] 
 

Where:  A = 1/2 11  +  1/2 22 G f (d)  +  1/2 33 [1 - G f (d)] 

 

The steady state availability is given by the probability of being in state m1 (entry v1 in Step 3). 

The effect of the length of the preventive maintenance interval d on system availability can 

now be determined.  

 

Eq. 2.4.2.29 
 

Eq. 2.4.2.30 
 

Eq. 2.4.2.31 
 

Eq. 2.4.2.32 
 

Eq. 2.4.2.33 
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The numerical computations are made assuming the following values: 

i) Transition tf is distributed according to a Weibull c.d.f. Gf (t) = 1 - e –ct  where  is 

the shape parameter and c is the scale parameter, respectively. Assume  = 2.0 for an 

increasing failure rate (i.e. wear-out). 

ii) Let 1 = 0.1.h-1 and 2 = 1.0.h-1 for the firing rates of transitions t down and t mai 

respectively. 

iii) The preventive maintenance interval d varies from 0 to 5000 hours. 

 

Figure 2.4.2.m. is a representative plot of system availability t1 versus the maintenance interval 

d. If d = 0, the system is always under maintenance, and is completely unavailable. As d 

increases, the steady-state availability increases as well. However, for large d the effect of the 

preventive maintenance is nullified by the downtime due to failure, and in the limit d  , the 

availability approaches the value when there is no preventive maintenance. The optimal 

maintenance interval d can now be computed at which the availability achieves its maximum 

value vt  maximum. 

 

 

 

 

 

Availability 

Optimal Maintenance Interval 

Optimum 

Figure 2.4.2.m. MRSPN Model Results for Availability with Preventive Maintenance 
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2.4.2.C.  ANALYTIC DEVELOPMENT OF AVAILABILITY AND 

MAINTAINABILITY EVALUATION IN DETAIL DESIGN 

 

  Appropriate methods for further development as tools for availability and 

maintainability evaluation in determining the integrity of engineering design during the 

detail design phase, are; the application of systems engineering in engineering design, 

particularly Systems Engineering Analysis (SEA) for determining the overall integrity 

of complex integrated systems; and the evaluation of complexity in integrated systems 

through Complex Systems Theory (CST). 

 

2.4.2.C.i. Systems Engineering and Complex Systems Theory 

Systems engineering is a discipline that establishes a structured analysis approach to 

evaluate complex engineering design problems. Because systems engineering focuses on 

the methodology of analysis and synthesis for engineering design, rather than its 

execution, describing it precisely is more difficult than for other engineering disciplines. 

Furthermore, its description varies considerably, particularly between industrial and 

research applications. Industrial demand for systems engineering is so pervasive that the 

approach is highly focused on methods for problem-solving in the operation of 

engineered installations as well as in their engineering design, while systems engineering 

in research concentrates mainly on mathematical methods and algorithms needed for 

evaluating the complexity of these designs. In this section, the key characteristics of 

systems engineering in both industrial and research applications, are considered.  

 

Because the initial engineering approach must be quantitative, systems engineering relies 

on mathematics, both for the representation of the real world as models and simulations, 

and for analysis and synthesis in mathematical methods or algorithms. This focus on 

mathematical methods and modelling, translates the discipline of systems engineering 

into Systems Engineering Analysis (SEA) which is largely embodied in computer-based 

analysis of complexity in engineering design, and in software programming. With a 

growing emphasis on CAD, systems engineering is acquiring an increasingly central and 

complementary role as an integrating factor in collaborative engineering design. 
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Complex Systems Theory (CST) cuts across the boundaries between conventional scientific 

disciplines. It makes use of methods and examples from many disparate fields, and its results are 

widely applicable to a great variety of scientific and engineering problems [Wolfram S. 1988]. 

Process engineering systems are often described as being complex [Boullart L. et al. 1988; 

Pritsker, A. B. 1990]. The dynamic nature of process systems as well as the complex integration 

of these systems makes it difficult to predict the effect of design decisions on future system 

performance. Many integrated systems, which are designed to be flexible, are constrained by 

their complexity in being inflexible. An understanding of the effects of systems integration on 

system complexity is essential for realizing the full potential of process systems, their successful 

deployment in the process industry, and the economic justification of new process technologies. 

However, research literature on system complexity, specifically in the process and 

manufacturing context is sparse [Ayres, R. U. 1988; Deshmukh, A. V. 1993].  

 

The notion of complex systems has been considered in Systems Engineering Analysis 

literature. Thus, extrapolating from various different contexts in which the idea of complexity is 

used, a complex system may be defined as one whose static structure or dynamic behaviour is 

counterintuitive or unpredictable [Casti, J. 1979]. It also refers to a system which has patterns of 

connections among subsystem such that any prediction of system behaviour is difficult without 

substantial analysis or computation; or one in which alternative decision-making in engineering 

design makes the effects of individual choices difficult to evaluate [Simon H.A. 1981]. 

Computational or algorithmic complexity is often used for classifying process control problems 

[Garey, M. R. et al. 1979]. However, computational complexity does not capture all the aspects 

of complexity in engineering systems. Also, computational complexity does not always relate to 

the performance of the system, since computational complexity is an algorithm-related measure. 

 

The complexity of a physical system can be characterized in terms of its static structure or time 

dependent behaviour. Static complexity can be viewed as a function of the structure of the 

system, connective patterns, variety of components, and the strengths of interactions, whereas 

dynamic complexity is concerned with unpredictability in the behaviour of the system over a 

time period [Deshmukh, A. V. 1993].  
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The process environment consists of physical systems in which concurrent and sequential 

processes take place in order to produce an output. The nature of these processes is not only 

dependent upon system capabilities, but also on the process characteristics (inputs, throughputs 

and outputs) being produced in the system. Hence, any measure of system complexity should be 

dependent on both the system and process characteristics, particularly where integrated systems 

result in a multiplicity of characteristic-related event criteria. However, the complexity principle 

states that as the complexity and uncertainty of an engineering system increases, our ability to 

predict its behaviour diminishes, until a threshold is reached beyond which accuracy and 

significance become almost mutually exclusive" [Zadeh L.A. 1979]. This is often termed the 

threshold of chaos. Phenomena that are chaotic, are unpredictable (non-repeatable), and hence 

cannot be optimised. The main reason for this is an extreme sensitivity to initial conditions. Most 

complex systems contain some chaos. All that can be done with chaotic phenomena is to increase 

the analysis of their properties, patterns, structure, and occurrence. 

 

The difficulty in making design decisions with complex systems arises from the number of 

choices available at each decision point relating to each event in the range of the event-criteria 

possibilities, and the unpredictability of the effects of these events on system performance. 

Computational complexity can be considered to be the algorithmic effort required to evaluate 

these choices. In addition to these facets of complexity, there is another aspect that relates to the 

control of process systems: Static and dynamic complexities are usually considered assuming 

constant control schemes. However, different process systems require varying levels of control, 

further complicating the difficulty of regulating complex processes [Deshmukh, A. V. 1993]. 

 

The notion of complexity needs to be qualified and quantified in order to compare different 

system alternatives. The general lack of understanding in this area has also hindered designers in 

deciding how much systems integration is beneficial, and beyond which point integration is 

actually detrimental to system performance, since correct decisions are difficult to make due to 

high system complexity. Another important consequence of developing an analytical framework 

for complexity would be to assist designers in managing desired levels of complexity in the 

system, since realistically it cannot be eliminated due to the unavoidability of systems integration 

in large engineered installations, resulting in unpredictable changes in operating conditions. 
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The fundamental problem of defining the notion of complexity beyond simply a term for 

phenomena that appears to be counterintuitive or unpredictable, into a more formalized language 

(i.e. mathematically) whereby the differences between the complex and commonplace can be 

better understood, is that it involves making that which is fuzzy, precise [Casti, J. 1994].    

 

In an effort to understand what is involved with complex systems, it would be intuitive to first 

consider some of the properties associated with simple systems, before attempting to express 

complexity in mathematical terms: 

 

 Predictable behaviour: Simple systems give rise to behaviour that is easy to deduce if the 

system’s process characteristics (i.e. inputs, throughputs and outputs) can be defined. 

Such predictable behaviour is one of the principal characteristics of simple systems. 

 

 Interaction and feedback loops: Simple systems generally involve a small number of 

components whereby interactions dominate the linkages among the process characteristic 

variables. In addition to having only a few variables, simple systems generally consist of 

very few feedback / feed-forward loops that enable regulation or modification of the 

interactions among the process characteristic variables. 

 

 Centralised control: In simple systems, control is centred with very little, if any, 

independent interactive control between lower-tiered components. Such systems tend to 

be more robust as they are more able to absorb process fluctuations. 

 

 Decomposable and reducible: A simple system involves relatively weak interactions 

among its various components, which, if disconnected or degraded, would not result in a 

total loss of process control or unstable behaviour.  

 

Thus, by establishing a workable Complex Systems Theory (CST) a framework can be structured 

within which complex systems can be better understood from a perspective of engineering 

design, process control, and operational stability. More importantly, CST can provide a means of 

determining the limits of reduction of complex systems for Systems Engineering Analysis. 
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2.4.2.C.ii. Systems Engineering in Engineering Design 

 

Like other engineering disciplines, systems engineering involves central concepts; uses specific 

methodologies; includes both analysis and synthesis for evaluating engineering design; relies on 

mathematics to express knowledge; bears an interdependent relationship to other engineering 

disciplines (since many design problems are cross-disciplinary); provides profound benefit to 

engineering and industry in particular; and stimulates research for further engineering benefit. 

Many of the key thrusts of systems engineering are also found within the other engineering 

disciplines. However, systems engineering is qualitatively different.  

 

Systems engineering differs from the basic engineering disciplines in that these disciplines 

concentrate on using knowledge of the real world for systems construction, e.g. materials, 

structures, electrical circuits, robotics, whereas systems engineering finds its focus in constructs 

of analysis and synthesis for problems involving multiple aspects of complex real world systems. 

The effectiveness of systems engineering in analysing complex systems is determined by the 

methodologies, algorithms, and tools available for advanced systems engineering analysis, such 

as performance metrics, optimisation methods in the presence of various kinds of constraints, 

marginal and sensitivity analysis, linear and non-linear programming, dynamic programming, 

utility theory, decision analysis, mathematical modelling and computer simulation modelling 

[INCOSE 2002]. 

 

Systems engineering in engineering design involve several distinguishing characteristics, such as 

the following: 

 

 Design problems are highly inter-disciplinary: Systems engineering in engineering design 

typically involves a spectrum of conventional engineering and science disciplines. 

 

 Design problems require high-level metrics: Systems engineering problems place a high 

priority on measuring and optimising values at higher levels of systems integration.  

 

 Design problems are hierarchical: As a result of integrating various factors into high-level 

metrics, systems engineering structures large-scale systems into a vertical hierarchy. 
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 Multiple metrics and optimisation are crucial: Integrating a plurality of system performance 

metrics leads to difficult challenges in multivariate optimisation of design input variables to 

achieve reasonable optimisations of the various output metrics.  

 

 There is additional heterogeneity: The behaviour of systems brings additional heterogeneity 

into systems engineering problems that add more diversity to complexity considerations. 

 

 The problems are dynamic: Systems engineering places emphasis on dynamic variations in 

time, necessitating design-for-integrity through a concurrent engineering approach. 

 

 Methodologies for process life cycle are central: Because systems engineering emphasizes a 

structured approach to the analysis of design, analytic methodologies are central. 

 

 Systems definition and development: Systems engineering methods such as analysis of 

systems complexity, hierarchical modelling and concurrent engineering design, provide for a 

more comprehensive approach to process engineering design. 

 

 Integrity of design: Uncertainties in the development process underscore the importance of 

systems engineering approaches to the integrity of process engineering design, together with 

system performance and life cycle costs. 

 

 Non-technical components and metrics: While cost and human resource factors are normally 

considered intrinsic factors in conventional engineering disciplines, systems engineering 

places an explicit, high priority on these factors. 

 

 Other non-technical disciplines: Human factors play a crucial role in systems engineering, 

such as the disciplinary requirements in computer systems.  

 

 Government regulatory policy and decision-making. Systems engineering application in many 

large-scale process projects involve not only technical components but political, economic, 

and sociological factors as well. 

 



 358 

2.4.2.C.iii. Complexity in Engineering Design and Systems Engineering 

 

Systems Engineering Analysis (SEA) brings out clearly into a systematic reasoning process, all 

the uncertainties associated with complex integrations of multiple systems that may have 

impeded decision-making during the early phases of engineering design. Systems Engineering 

Analysis examines uncertainties and assumptions made in the conceptual and preliminary design 

phases, to determine the end-result integrity of the engineered installation as a whole. It is a 

study of total systems performance rather than a study of its elements. It stems from the 

recognition that even if each element of a system is optimised from a design point of view, the 

total systems performance may be less than optimal owing to complex interactions between the 

elements. All complex systems have certain characteristics encountered not only in their design 

but also in their application that cause many of the critical malfunctions in industrial plant and 

equipment. Among these characteristics are the following: 

 

 Change: The present state or condition of a system is the result of past performances or 

its engineering design. No real world system remains static over a long period of time. 

The flow of the process enters and leaves the system either through a birth-and-death 

occurrence or by passing through system boundaries. 

 Environment: Each system has its own environment and is in fact a subsystem of some 

broader system. The environment of a system is a set of elements and their relevant 

properties, which, although not a part of the system, if modified can produce a change in 

the state of the system as a whole. 

 Counter-action results: Examination of some systems might indicate the need for 

corrective action. This action can often be ineffective or even adverse in its results. 

Corrective action in complex systems may intensify a problem rather than solve it. 

 Drift to Low Performance: Complex systems generally tend toward a condition of 

reduced performance with time. Components deteriorate and inefficiencies creep in, their 

counter-action nature causing detrimental design changes. 

 Interdependency: No activity in a complex system takes place in total isolation. Each 

event is influenced by its predecessor and affects its successors. In addition, real world 

activities are generally parallel and ultimately influence each other. 
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 Organization: All complex systems consist of highly organised elements or components. 

These elements are combined into hierarchies of subsystems, assemblies, components 

and parts that interact to carry out the function of the system. 

 Variance: Outputs from complex systems tend to have greater variances about a mean 

result, because of the individual variances in performance of the constituent elements. 

 

Open and Closed Systems: 

A closed system is considered to be one in which only the components within the system are 

assumed to exist. All other influences or variables from outside the system are considered to be 

non-existent or to be insignificant. It is a hypothetical assumptive system, as there probably 

never is a completely closed system. Components within a system are always subject to outside 

influences. Closed systems are usually adopted for initial analysis as they are normally simple 

and each component in the system is more easily analysed with regard to its effect on the other 

components in the system.  

 

An open system is described by the basic properties of: 

 

 Inputs: Inputs (exogenous variables) are the independent variables of the system model, and 

are pre-determined. Input variables can be classified as either controllable or non-controllable. 

Controllable input variables can be manipulated. Non-controllable input variables are 

generated by the environment in which the system exists, and not by the system. 

 Throughputs: Throughputs (status variables) are indicative of the capability of the 

system to achieve the desired output. 

 Outputs: Outputs (endogenous variables) are the dependent or output variables of the system, 

and are generated from the interaction of the system’s output and status variables, according to 

the system’s operating characteristics. 

 

Added to this are other attributes such as cyclic events, continuity, and differentiation of 

functions. An open system recognises and permits all interactions of its components to take place 

across the boundaries of the system. It is more realistic, though more complex, than closed 

systems, and therefore more difficult to analyse or control.  
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Diagrams of a model of a closed system and a model of an open system are given below, 

together with the typical symbols used in such system models: 
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Figure 2.4.2.n. Models of Closed and Open Systems 
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a) Functions of Systems Engineering Analysis: 

 

Systems Engineering Analysis consists of the following functions: 

 

 Problem definition 

 System objectives 

 System boundaries 

 System components 

 Requirements analysis 

 Functional analysis 

 Effectiveness measures 

 Constraints evaluation 

 Choosing alternatives 

 Evaluating alternatives 

 

Problem Definition: 

The first step in Systems Engineering Analysis is to define the problem. It is extremely important 

to examine critically whether the statement of the problem expresses the reality of the problem.  

In most process engineering designs, the design problem considers the criteria of system 

configuration, process description, and problem definition. 

 

For example, consider the following process engineering design: 

 

 Systems configuration: Two coal slurry preparation, gasifier and gas cleaner (scrubber) 

lines in parallel, each with separate oxygen inputs into the gasifier. 

 Process description:  

(1) A coal plant feeds coal to two coal slurry preparation mills. 

(2) The slurry mills feed two coal gasifiers, each with separate oxygen inputs from two 

oxygen compressors. 

(3) The gas from the two gasifiers are fed into two gas cleaners or scrubbers, from which 

raw fuel gas is obtained. 
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 Problem Definition: Determine the reduction in plant flow capacity as the number of 

unavailable subsystems increases due to system deterioration, and consider the most 

appropriate alternatives to maintaining optimum availability. 

 

System Objectives: 

It is also important to examine statements of objectives carefully for possible inconsistancies. An 

example of an inconsistent objective is the frequently expressed one of "maximising 

effectiveness at the least cost". It is however, highly unlikely that effectiveness can be 

maximised and costs minimised simultaneously. The objective should be stated as; 

"maximisation of effectiveness for a given cost" or "minimisation of cost for a given 

effectiveness". For the example coal slurry preparation plant, the system objective may be stated 

as maximising plant flow capacity by optimising systems availability. 

 

System Boundaries: 

A problem always encountered in Systems Engineering Analysis with systems optimisation is 

the difficulty or impracticality of analysing the entire system or engineered installation (plant). 

When analysis of the total system is not possible, optimisation of each sub-system may be 

feasible, but the total system may be sub-optimal. If the scope of the total system limits the 

extent of system optimisation, definition of the system boundaries within which the analysis will 

take place must be made. These boundaries are usually identified by the following criteria: 

 

 Material or process flow. 

 Mechanical action. 

 State changes. 

 Changes in process characteristics,  

(i.e. changes in inputs, throughputs, or outputs). 

 

For the example coal slurry preparation plant, the system boundaries to be taken into 

consideration will be defined during the functional analysis of the various systems in which, for 

the sake of simplicity, a closed system approach will be taken. 
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System Components: 

This step requires the specification of systems elements within the specified systems boundary. 

In order to establish uniform terminology for later use, system hierarchy definitions are 

necessary. These system hierarchy definitions are considered, firstly from the overall plant down 

to its systems, then to its sub-systems or assemblies, and to its sub-assemblies or components. A 

schematic process flow block diagram of the coal slurry preparation plant is illustrated below: 

 

 

 

 

 

  
 

 

 

Figure 2.4.2.o. Coal Gas Production and Clarifying Plant Schematic Block Diagram 
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The design objective is concerned with plant capacity and the availabilities of each of the plant's 

systems. At this stage it would suffice to regard a three level systems hierarchy of a single plant 

with several system groups, and several sub-systems within each group. Finalisation of the 

hierarchical grouping will coincide with a requirements analysis as well as a functional analysis.  

 

Requirements Analysis: 

Requirements analysis consists of the identification and evaluation of use. This analysis is 

possible once a systems hierarchy is identified, and usually takes into consideration the 

component or sub-assembly level, but can in some instances go right down to parts level. 

Typically, the systems analysis questions are: 

WHAT is the component or part? 

FOR WHAT PURPOSE does the component or part exist? 

WHY does the component or part exist? 

WHERE does the component or part feature? 

WHEN does the component or part feature? 

 

Additional information concerning the requirement for the item would include the following: 

 

 The type of component or part. 

 The structure and content of the component or part. 

 The relationships of the item to others in the same level of hierarchy. 

 The degree to which the item is incompatible with other items. 

 

From the coal slurry preparation plant point of view, the plant can be divided into independent 

sub-systems to simplify accounting for partial outages. Each of the sub-systems must meet the 

following requirements: 

 

 It must be binary, i.e. it must be either available or unavailable with no partial outages. 

 Its failures and repairs must occur independently of what happens in the rest of the plant. 

 It must interconnect with other sub-systems only at its end-points as represented on an 

availability block diagram (ABD). 
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Functional Analysis: 

Before quantitative values can be assigned to measure the effectiveness of systems operation, an 

analysis must be made of the functions that the system performs in the application of its 

components or parts. This analysis starts with a statement of boundary conditions and desired 

inputs and outputs, then proceeds to a list of functions or operations that must be performed. 

Each function in a system possesses inputs and outputs. Inputs and outputs of functions are 

matched to determine the required sequence of operations or flow. The problems that exist at the 

interface between functions are the most important to be resolved in Systems Engineering 

Analysis. The analysis of system function inputs, outputs, and their relationships, is essential to 

be able to resolve any interface boundary problems. 

 

Block diagramming is an important and useful technique in functional analysis. It shows inputs, 

outputs, relationships, flow, and the functions to be performed at each stage of the system. Block 

diagrams show specific relationships of one stage of a system to another. Different block 

diagrams can be developed, such as: 

 

 Process flow block diagram (PFD): These diagrams indicate how inputs are 

transformed at each stage into outputs, which in turn become the inputs to the next stage. 

The major characteristic of a PFD is that it depicts flow. 

 Availability block diagram (ABD): An availability block diagram is somewhat related 

to a process flow diagram, but it is intended to show how systems are interconnected in 

an availability sense. The interconnections of systems in an ABD can possibly indicate 

that the process flow can follow several paths. The level of detail of an availability block 

diagram should be as simple as possible, and subject to the following: 

 (1) Availability data can be estimated for each system defined at that level. 

(2) Each system defined at that level can be considered binary, i.e. the system is either 

available or unavailable. 

 Reliability block diagrams (RBD): In establishing reliability analysis of a complex 

plant or systems group, it is almost impossible to analyse the plant or systems group in its 

entirety. The logical approach in reliability analysis is to apply a systems approach. 
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A systems approach in block diagramming is where the plant or systems group is broken 

down into its systems hierarchy to that level where it would be correct to assume that the 

individual elements of the system's hierarchy are binary, in other words, that they can be 

regarded as either being functionally operational, or of having functionally failed. This 

binary state is found at the component level of the system's hierarchy. Sub-division of the 

two possible different states of components, i.e. working or not working, on or off, etc, 

can be represented in a block diagram. 

 

b) Reliability Block Diagrams: 

There are two types of reliability block diagrams, depending on the complexity of the 

interconnectivity of the system's components: 

 

Series configuration reliability block diagram: 

The simplest and perhaps most common systems structure in reliability analysis is the series 

configuration in which the functional operation of the system depends on the proper operation of 

all its components. Failure of any component in a series configuration causes the entire system to 

fail. A series configuration reliability block diagram and its related series reliability graph is 

illustrated below. 
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Figure 2.4.2.p (a). Series Reliability Block Diagram 

 

 

 

 

                     UNIT 1                   UNIT 2                                                     UNIT n 

Cause                                                                         Effect 
 

 

Figure 2.4.2.p (b). Series Reliability Graph 
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Parallel configuration reliability block diagram: 

In many systems several functional flow paths perform the same operation. In other words the 

system has inherent redundancy or parallel functional paths. If the system's configuration of 

components is such that failure of one or maybe more components in a specific parallel path still 

allows the system to function properly, then the system can be represented by a parallel 

configuration block diagram, indicating the various parallel functional paths. This is sometimes 

called a redundant configuration. In a parallel configuration the system is operational if any one 

of the parallel functional paths are operational. Failure of any component in a parallel 

configuration does not cause the entire system to fail but can result in degradation of system 

performance. A parallel configuration reliability block diagram, together with its related parallel 

reliability graph is illustrated below. 
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c) Availability Block Diagrams: 

 

On the basis of the definition of a system and on the basis of the interconnectivity of the various 

systems, an Availability Block Diagram (ABD) for the example coal slurry preparation plant can 

now be developed. As indicated previously, an ABD is somewhat related to a process flow 

diagram, but it is intended to show how components are interconnected in an availability sense. 

The coal slurry preparation plant is divided into the smallest possible number of sub-systems 

such that each one meets the requirements criteria. Every set of identical sub-systems forms a 

sub-system group. Figure 2.4.2.r. is a block diagram version of the process flow of the coal 

slurry preparation plant: 
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Figure 2.4.2.r. Part A: Process Flow Block Diagram 
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The first step in dividing the plant into sub-systems groups is to develop an ABD of the plant. 

Although the oxygen feed is not directly connected to the slurry preparation in the process flow 

diagram, the two can be connected in the ABD because, if the oxygen feed fails, the 

corresponding slurry preparation, gasifier, and gas cleaning sub-systems will all be inoperable. 

Thus the ABD shows these four sub-systems connected in series.  
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Figure 2.4.2.s. Part B: Availability Block Diagram (ABD) 

 

 

The level of detail chosen for drawing an ABD should be as simple as possible, subject to the 

following: 

 

 Data is obtainable or can be estimated for each sub-system defined at that level. 

 Each sub-system defined at that level may be considered either available or unavailable. 

 

Each sub-system's process capacity, in terms of the percentage of the plant's process flow that the 

sub-system should support, is also shown because this information will be used to divide the 

plant into sub-systems and to define their states. Two further examples are given for the 

development of availability block diagrams from process flow diagrams. In the first example, 

Figure 2.4.2.t. Part A shows a simple process flow block diagram for a simple power plant, and 

Figure 2.4.2.t. Part B and Part C, show the development of the ABD. 

 

 



 370 

Example of a Simple Power Plant Process Flow and Availability Block Diagrams: 

Consider the development of an ABD and further Systems Engineering Analysis for the simple 

configuration of a power plant consisting of the following systems: 

- Two coal handling bins. 

- Two coal grinding mills. 

- A gasifier and gas scrubbing system. 

- Three gas turbines. 

- Three generators. 

 

  

 

 

Figure 2.4.2.t. Part A: Simple Power Plant Schematic Process Flow Diagram 

 

Figure 2.4.2.t. Part B shows that there are cross connections before (X1) and after (X2) the coal 

handling bins, after the coal grinding/slurry mills (X3), before the gas turbines (X4), and after the 

generators (X5). Every point on the process flow diagram, where all systems or sub-systems are 

cross connected, are marked. Each cross connection in the process flow diagram is numbered and 

marked with an X. 
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Figure 2.4.2.t. Part B: Power Plant Process Flow Diagram - Systems Cross Connections 

 

The significance of a cross connection is that any system on one side of a cross connection can 

feed, or complement any equipment on the other side. In the example, either coal-handling bin 

can feed either coal grinding/slurry mill. Either coal grinding/slurry mill can then ultimately 

feed, via the gasifier, any of the three gas turbines. All of the systems that have a process flow 

link along each path between the cross connections are then bound by a hatched boundary line, 

as indicated in Figure 2.4.2.t. Part C. The diagram shows that one coal grinding/slurry mill is a 

path between cross connections 1 and 2. Similarly, one gas turbine and generator is a path 

between cross connections 4 and 5. Each set of systems bounded in this way forms a separate 

group or sub-group of systems. 

 

Thus the two coal handling bins are grouped with the gasifier and gas cleaning systems to form 

one system group (A). Each group is then marked with a one-letter designator, (A, B or C). 

Identical groups are given the same designator to form a common system group, such as the 

three identical "C" sub-groups. The groups thus developed will be binary in operation, (i.e. either 

available or unavailable), and will not contain cross connections to other groups. Furthermore, all 

100% capacity systems are grouped together, regardless of their configuration. 
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In the example, there are three system groups, (A, B and C) and six sub-groups, (1 of A, 2 of B, 

and 3 of C) out of a total of twelve systems, as indicated in Figure 2.4.2.t. Part C: 
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Figure 2.4.2.t. Part C: Power Plant Process Flow Diagram - Systems Grouping 

 

The A system group contains one sub-group, (1 x A), which consists of four systems i.e. the two 

coal handling bins, the gasifier and gas cleaning systems. The B system group contains two sub-

groups, (2 x B), the two coal grinding and slurry mills. The C systems group contains three sub-

groups, (3 x C), each with two systems, namely a gas turbine and generator. 

  

      System Group Name            Number of sub-groups:    Sub-group descriptions: 

                   

          A                     1   2 x Coal Bins,  1 x Gasifier,  

         and 1 x Gas Scrubber  
                     

          B                     2   2 x Coal Grinding   

         Slurry Mills   
                     

          C          3   3 x Gas Turbines and   

         3 x Generators   

 

Table 2.4.2.b. Power Plant Partitioning into Systems Grouping 
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d) Effectiveness Measures: 

Before considering any systems constraints for defining the various plant states, it is necessary to 

establish a set of measures, or criteria, by which the effectiveness of the complex integration of 

systems can be evaluated. Process effectiveness can be defined as the design’s manufactured 

and/or installed accomplishment against the design’s intended capability, where effectiveness is 

a measure of installed output against designed output. The following system variables are thus 

applicable in formulating process (and therefore design) effectiveness: 

 

 Utilization 

 Capacities 

 Volumes 

 Rates    

 

For the example, system capacities are considered as the measure by which a complex 

integration of systems can be evaluated. All the possible states that the plant can be in are 

defined in terms of the resultant capacity measures from the plant's systems that are available, 

and those that are unavailable, in each state.  

 

The grouping of systems in the simple power plant example allows for the process of defining 

the states of plant operation in terms of which system groups are available or unavailable (i.e. 

binary). One plant state would occur if every sub-group in every system group were available for 

operation. Another would occur if one of the two B sub-groups were unavailable. Furthermore, 

another plant state would occur if the A group and two C sub-groups were unavailable. These are 

only three of the possible states for the example plant. There are in total, six possible states that 

the plant can be in. 

 

A state is defined as; “one or more specific combinations of unavailable and available systems 

that would result in a specific plant effectiveness capability”.  

 

The system dividing process is designed to allow each state to be defined in terms of the number 

of sub-groups in each system group that are unavailable due to a failure in that sub-group.  

 



 374 

e) Constraints Evaluation: 

A major part of the Systems Engineering Analysis task is the definition of the boundary between 

a system and its environment. As indicated previously, this task involves the clarification and 

establishment of the parameters of the problem, and definition of the specific areas within the 

general system to be studied. In addition to the boundary conditions, there are some added limits 

called constraints. These include all other aspects that limit or fix many of the external and 

internal properties of the system. The identification of constraints together with their impact on 

system effectiveness is an extremely important yet often overlooked aspect of analysing 

engineering design problems. Constraints evaluation provides a realistic perspective of what can 

be practically achieved. Constraints may be classified according to their areas of impact, i.e.: 

 

 Utilization limitations 

 Capacity limitations 

 Volume limitations 

 Process limitations 

 Quality limitations, etc. 

 

        C group 

    

                              B group      50 % 

                                                           (C) 

    A group         75 % 

                                  (B) 

      100 %        50 %     100 % 

       (A)                                               (C)    Output 

                                 75 % 

                                  (B) 

                                                          50 % 

                                                           (C) 
 

 

 

Figure 2.4.2.u. Simple Power Plant Group Capacities 
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Each state in the simple power plant example has one and only one sub-group that is the limiting 

factor, or bottleneck, for the plant's power output capability in that state. This constraint is 

illustrated in Figure 2.4.2.u. where the example plant is represented as a set of pipes and valves 

of varying capacities. Each section of pipe and valve corresponds to a sub-group, in which each 

sub-group's unavailability is analogous to a valve being closed: 

 

 The A sub-system group is wide enough to handle 100% of the flow: 

 Each B sub-system group is wide enough to handle 75% of the flow: 

 Each C sub-system group is wide enough to handle 50% of the flow. 

 

For example, if two C sub-groups are unavailable, and one B sub-group is unavailable, the C 

sub-group is the limiting factor because its remaining capacity is only 50%, whereas the 

remaining capacity in any one of the B sub-groups is 75%. When two C sub-groups are 

unavailable, there could be either no unavailable B sub-groups, or one unavailable B sub-group 

without further reducing the process flow. 

 

f) Defining Different States: 

(1) Table 2.4.2.c. shows the percentage of the plant's process flow capability that each type of 

sub-group could support. 

 

System Groups  Number of Sub-groups    Capacity per Sub-group                          

        A            1         100%   

        B            2           75%   

        C            3           50%   

 

Table 2.4.2.c. Process Capacities per Sub-group 

 

(2) Table 2.4.2.d. shows the reduction in plant flow capacity as the number of unavailable 

systems in each sub-group increases, given that all other sub-groups in the plant are available. 

Where excess capacity beyond 100% exists in a sub-group, 100% is given as the capacity. 
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       System  Number of  Capacity per        Remaining Capacity                             

Groups   Sub-groups  Sub-group         Groups Unavailable 

                n=0        n=1        n=2    n=3

 A         1          100%       100%         0%   

 B         2            75%       100%       75%    0%  

 C         3            50%       100%     100%   50%      0%  

 

Table 2.4.2.d. Remaining Capacity versus Unavailable Sub-Groups 

 

(3) Table 2.4.2.e. shows the flow capacities and state definitions. The flow capacities are taken 

from the previous table. Note that, although the 100% entry appears four times, it is only entered 

once in the table below. All flow capacities other than 100% are entered as many times as they 

appear in the previous table. Thus the 0% flow capacity is entered three times. The capacities 

should be entered in decreasing order to simplify the state-definition process. 

 

     State Number        Flow Capacity     Unavailable Sub-groups  

           A          B             C 

    1   100%          0          0          0 or 1  

    2     75%                    1   

    3     50%                   2 

    4       0%          1       

    5       0%                 2     

    6       0%                      3  

 

Table 2.4.2.e. Flow Capacities and State Definitions of Unavailable Sub-Groups 

 

The entries under columns A, B, and C, in Table 2.4.2.e. must be the same in number as the 

entries under columns n=0, n=1, n=2, and n=3 in Table 2.4.2.d.  
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The process of entering the different state definitions: 

(i) Enter for each group the number of unavailable systems that would still allow 100% process 

flow. In the example, no unavailable systems in system group A would allow for 100% process 

flow. Similarly no systems in system group B would allow for 100% process flow. In system 

group C however, either zero or one unavailable sub-system allows for 100% process flow. 

 

(ii) Enter for each state the number of unavailable systems in the appropriate group that are 

responsible for that state’s capacity. For example, the 75% capacity of state 2 is the result of one 

of group B’s systems being unavailable; the 50% capacity of state 3 is the result of two of group 

C’s systems being unavailable; the 0% capacity of states 4, 5 and 6 each, is the respective result 

that one of group A’s systems, or two of group B’s systems, or three of group C’s systems, are 

unavailable. This is indicated in Table 2.4.2.f. 

 

(iii) Enter for each state that has a non-zero flow capacity, the systems in each remaining group 

that could be unavailable without further decreasing the flow capacity of that state. For example, 

state 3 has a 50% flow capacity because of the unavailability of two of C’s systems. Zero 

systems of group A can be unavailable without decreasing the flow capacity of 50% for state 3. 

Similarly, either zero or one of group B’s systems can be unavailable without decreasing the 

flow capacity of 50% for state 3. 

 

    State Number         Flow Capacity      Unavailable systems   

             A         B            C 

    1    100%      0          0      0 or 1  

    2     75%      0          1      0 or 1  

    3     50%      0   0 or 1                  2 

    4       0%       1       

    5       0%             2     

    6       0%                 3 

 

Table 2.4.2.f. Flow Capacities of Unavailable Sub-systems per Sub-system Group 
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(iv) The remaining entries to be made are in the 0% capacity states. These remaining entries 

indicate the number of systems that can be unavailable in each sub-group in conjunction with 

other sub-groups, where a 0% capacity state can be defined. This is indicated in Table 2.4.2.g. 

The final summary is indicated in Table 2.4.2.h. 

 

     State Number        Flow Capacity     Unavailable Sub-groups  

           A          B            C 

    1    100%       0          0      0 or 1  

    2     75%       0          1      0 or 1  

    3     50%       0   0 or 1                   2 

    4       0%       1         0 or 1 or 2    0, 1, 2 or 3  

    5       0%       0          2     0, 1, 2 or 3  

    6       0%       0   0 or 1                  3 

 

Table 2.4.2.g. Unavailable Systems and Flow Capacities per Sub-group 

 

 

      State Number        Flow Capacity    Unavailable Sub-groups  

          A        B           C 

    1    100%       0        0         <2  

    2     75%       0        1         <2  

    3     50%       0      <2                 2  

    4       0%      1      <3        <4  

    5       0%      0        2        <4  

    6       0%      0      <2          3  

 

Table 2.4.2.h. Unavailable Systems and Flow Capacities per Sub-group 
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g) Evaluating complexity of the different state definitions: 

One of the more significant challenges of engineering design is to provide a rational account of 

the perceived uncertainty surrounding the state events of unavailable systems that could be 

responsible for diminishing a design’s capacity and/or performance. Classical probability theory 

offers a feasible approach, but it is burdened with well known epistemological flaws, considered 

in Chapter 2.3.2.B. [Laviolette M. et al. 1995; Zadeh L.A. 1995]. The theories of fuzzy sets and 

possibility represent relatively recent attempts to rectify some of the deficiencies in classical 

probability theory [Dubois D. et al. 1993]. However, all of these theories fundamentally accept 

the basic fact that random variables form a significant part of uncertainty. Consider the state 

events of unavailable systems that diminish the overall capacity of the example power plant: 

 

Let x i represent the system states listed in Table 2.4.2.h. where i = states 1, 2, 3, … 6. 

Furthermore, let y  j represent the possible state events of unavailable system sub-groups that 

could affect the overall capacity of the example power plant, where the first subscript  = system 

group A, B, or C, and the second subscript j = sub-group 1, 2, 3. The individual elements of x i, 

can be combined into a primary set of system states, denoted by X, and the elements y  j can be 

combined into a secondary set of state events denoted by Y. A graphical representation of these 

elements is called a complex, whereby each x i element is taken as the vertex of a surface formed 

by connected points representing the possible state events of each related sub-group y  j, the 

state event elements of Y, which are called simplices [Casti, J. 1994].  

 

Thus, the system states represented by x i are: 

 

X  =  {x1, x2, x3, x4, x5, x6} 

 

And, the possible state events represented by y  j are: 

 

Y  =  {y A 0, y A 1, y B 0, y B 1, y B 2, y C 0, y C 1, y C 2, y C 3} 

 

 

Eq. 2.4.2.34 

Eq. 2.4.2.35 
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The outcomes of the compound events resulting from the integration of systems forming each 

sub-group (as depicted in the availability block diagram of Figure 2.4.2.o.) are given by the 

values (expressed as percentages of the overall capacity of the example power plant) of the 

system states represented by x i, and are called random variables.  

 

Thus, according to Table 2.4.2.h. the outcomes of the compound events are: 

 

x1 = (y A 0 + y B 0 + y C 0, y C 1, y C 2, y C 3) 

     = 100% 

x2 = (y B 1, y B 2, y B 1 + y C 1, y B 1 + y C 2, y B 1 + y C 3, 

 y B 2 + y C 1, y B 2 + y C 2, y B 2 + y C 3) 

     = 75% 

x3 = (y B 1 + y C 1 + y C 2, y B 1 + y C 1 + y C 3, 

 y B 1 + y C 2 + y C 3, y C 1 + y C 2, y C 1 + y C 3,  

 y C 2 + y C 3) 

     = 50% 

x4 = (y A 1) 

 = 0% 

x5 = (y B 1 + y  B 2) 

     = 0% 

x6 = (y C 1 + y C 2 + y C 3) 

     = 0% 

 

Taking the elements of X to be the vertices of the unavailability complex of the power plant, and 

denoting the elements of Y to be simplices formed from these vertices, the relation RY linking 

the two sets can be established, such that the pairs of elements (y  j, x i) are in the relation RY if, 

and only if, the possible state events of unavailable system sub-groups, y  j, form part of the 

elementary system states x i. Thus, (y C 1 , x 1) is in RY, but (y A 1 , x 1) and (y B 1 , x 1) are not. 
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Computing all the chains of connections in this complex enables the formation of an incidence 

matrix for RY. This matrix is the kind of incidence structure for which classical probability 

theory works well to express the concept of uncertainty in evaluating the integrity of the design. 

The complex whose simplices are the state event elements of Y, represents the sample space of 

the various unavailability states, expressed as percentages of the overall capacities, as indicated 

in Table 2.4.2.i. The probability of system unavailability incidence is given in Table 2.4.2.j. 

 

 State Number    Flow Capacity    Unavailable Sub-groups    

 1  100%  y A 0 + y B 0 + y C 0, y C 1, y C 2, y C 3 

 2    75%  y B 1, y B 2, y B 1 + y C 1, y B 1 + y C 2, y B 1 + y C 3,  

     y B 2 + y C 1, y B 2 + y C 2, y B 2 + y C 3 

 3    50%  y B 1 + y C 1 + y C 2, y B 1 + y C 1 + y C 3, y B 1 + y C 2 + y C 3, 

     y C 1 + y C 2, y C 1 + y C 3, y C 2 + y C 3      

 4      0%  y A 1 

 5      0%  y B 1 + y  B 2  

 6      0%  y C 1 + y C 2 + y C 3  

 

Table 2.4.2.i. Unavailable Sub-groups and Flow Capacities Incidence Matrix 

 

 State Number    Flow Capacity  Unavailable Sub-groups   Probability 

          A         B        C  of Incidence 

 1  100%   0   0  0 or 1       0.100 

 2    75%   0   1  0 or 1       0.200 

 3    50%   0   0 or 1                2       0.533 

 4      0%   1   0 or 1 or 2 0, 1, 2 or 3      0.017 

 5      0%   0   2  0, 1, 2 or 3      0.017 

 6      0%   0   0 or 1                      3      0.133 

 

Table 2.4.2.j. Probability of Incidence of Unavailable Systems and Flow Capacities 
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h) Evaluation of Alternatives: 

At this point in Systems Engineering Analysis, alternative design solutions that satisfy system 

constraints are developed. Effectiveness measures are initially quantified for each solution 

without serious consideration of cost. Later, both effectiveness and costs are evaluated. After 

alternative system configurations have been synthesized and the effectiveness requirements have 

been established for each alternative, they can then be compared. A typical trade-off matrix 

technique is appropriate. In most studies, the analysis is restricted to an evaluation of cost and to 

some physical attributes of the system such as reliability, availability, or maintainability. It is 

however necessary to analyse cost and effectiveness in money terms. An adequate analysis 

cannot be performed unless both parts of the relationship are evaluated in commensurate terms: 

i.e. when evaluating on the basis of costs, all comparisons must be kept in terms of costs. Prior to 

such a cost versus effectiveness comparison, however, it is necessary to determine the physical 

attributes of the system (i.e. system integrity). The following example indicates how overall 

system integrity can be determined through Systems Engineering Analysis to obtain the system’s 

subsystem and/or assembly attributes of mean times between failures and the failure repair times. 

 

 

           Unit 1                               Super                               Unit 1                              Unit 1               

           Boiler                               Heater                             Turbine                           Generator 

 

 

                                                                                              Hot 

                                                                                              Well 

                                                                                             Pump 

       Feed Water 

           Heater 

                                                                                        Condenser 

 

 

 

            Boiler                                                                       Cond. 

            Feed                             De-aerator                           Pump 

            Pump 

 

 

 

Figure 2.4.2.v. Process Flow Diagram of a Turbine / Generator System 
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After the development of an Availability Block Diagram (ABD), the overall integrity of the 

system can be determined based on the ABD configuration and attributes of the system’s 

subsystems and/or assemblies. An ABD of the super-heated steam turbine/generator system 

illustrated in the process flow diagram of Figure 2.4.2.v. is given in Figure 2.4.2.v. 

 

 
                                                      Power Generating System  

 

                                                                    A = 96.2    

                                                            MTBF = 2.699 

                                                            MTTR = 105.9 

 

 

 

                                                                    Generator                                         Turbine 

 

                                                             MTBF = 8.965                              MTBF = 20.653 

                                                                     R = 124.5                                       R = 142.5 

 

 

 

 

       Condenser Pumps                Steam Condenser                   Hot Well Pump 

 

         MTBF = 62.344                          MTBF = 51.046                             MTBF = 36.063 

                 R = 39.5                                       R = 148.6                                       R = 48.3 

 

 

 

              De-aerator                       Boiler Feed Pump                        Feed Water Heater 

 

        MTBF = 91.408                           MTBF = 85.616                             MTBF = 112.306 

                R = 96.3                                        R = 42.5                                         R = 98.5 

 

 

 

                                                                                            Boiler 

 

MTBF = 8.652 

         R = 96.3 

 
 

 

Figure 2.4.2.w. Availability Block Diagram of a Turbine / Generator System 
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  Power System Failure Rate  MTBF          Repair Time        x R                                            

Subsyst/Assembly  Fail/106 hrs      106/ hrs           (R) hrs     

1.Generator            111.55      8.965   124.5         13.888  

2.Turbine          48.42    20.653   142.5               6.900 

3.Hot Pump               27.73    36.062     48.3              1.339 

4.Condenser                19.59    51.046   148.6              2.911 

5.Cond.Pump               16.04    62.344     39.5              0.634 

6.Deaerator               10.94    91.408     96.3              1.053 

7.Feed Pump               11.68    85.616     42.5              0.496 

8.Feed Heater                  8.90  112.306     98.5             0.876 

9.Boiler        115.58      8.652     96.3          11.130 

            = 370.43       R = 39.227 

 

Where:   A           =  Availability  

   MTBF   =  Mean Time Between Failure (hrs) 

   MTTR  =  Mean Time To Repair (hrs) 

 

Table 2.4.2.k. Subsystem / Assembly Integrity Values of a Turbine / Generator System 

 

Determining Overall Mean Time to Repair (MTTR system): 

From the integrity values of the Turbine / Generator System given in Table 2.4.2.k: 

 

 

  MTTR system =  (  x R) 

                                

               (  ) 

 

Where:              =  Failure rate 

           R  =  Repair time (hrs) 

  MTTR system  = 39,227 / 370.43 

  MTTR system  =  105.9 

 

Eq. 2.4.3.36 
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Determining Overall Mean Time Between Failures (MTBF system): 

From the integrity values of the Turbine / Generator System given in Table 2.4.2.k: 

 

  MTBF system =   106 

                                

       ( ) 

 

  MTBF system  = 2.699 

 

Determining Overall Availability (A system): 

From the integrity values of the Turbine / Generator System given in Table 2.4.2.k. and from the 

formula for steady state availability: 

 

 

   A  =        MTBF 

       

      MTBF + MTTR 

 

     =         2.699 

       
       2.699 x 105.9 

 

   A  = 96.2% 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Eq. 2.4.3.37 

Eq. 2.4.3.38 
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2.4.2.C.iv. Evaluating Complexity in Engineering Design 

 

With the phenomenal advancement in process technology, there has been an almost similar 

increase in the complexity of engineered installations, particularly large integrated systems. 

Much engineering effort has gone into analysing and understanding systems complexity in an 

attempt to try and manage or reduce it at the design stage. Relatively recent research has shown 

however, that the real issue is not so much reducing systems complexity, but rather reducing 

complicatedness. This is an important distinction as complexity can in fact be a desirable 

property of integrated systems, provided it is specifically engineered complexity that reduces 

complicatedness [Tang V. et al. 2001]. 

 

Complexity and complicatedness are not synonymous. Complexity is an inherent property of 

systems and the integration of systems; complicatedness is a derived function of complexity, 

introduced in the notion of complicatedness of complex systems. Equations for each can be 

developed showing that they are separate and distinct properties that not only reflect the 

fundamental behaviour of complex systems, but that also provide a design methodology whereby 

complicatedness can be evaluated. The implications for systems design engineers are enormous, 

especially concerning complex systems analysis in engineering design. The difference between 

complexity and complicatedness can be illustrated by the following example: Relative to a 

manual transmission, a motor vehicle’s automatic transmission has more parts and more intricate 

linkages, making it more complex. To the vehicle driver (operator), it is unquestionably less 

complicated, but to the mechanic (maintainer) who has to repair it, it is more complicated. This 

illustrates a fundamental fact about systems; operational control has an important role on 

systems to manage their behaviour. Complexity is an inherent property of systems. 

Complicatedness is a derived property that characterizes the ability to control a complex system.  

 

A system of complexity level, Ca, may present different degrees of complicatedness, K, to 

distinct control units E and F; where: 

 

KE = KE (Ca)  

KF  = KF (Ca) 

Where:       KE , KF   = Complicatedness of systems E and F 

 

Eq. 2.4.2.39 
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a) Complexity in Systems: 

There is hardly any research on complicatedness and complexity as distinct properties of 

systems. The focus is on modularisation and integrated interactions with a bias to linear systems 

and qualitative metrics. Overwhelmingly, the literature considers systems with a large number of 

elements as complex [Suh N.P. 1999]. Very few address the integrated linkages among the 

elements [Warfield J.N. 2000], and only one considers their bandwidth [Tang V. et al. 2001]. All 

these factors are inherent characteristics of systems; the number of elements, the number of 

interactions among them and the bandwidth of these interactions, determine complexity of the 

system. As any of these increases, system complexity is expected to increase.  

 

For example, consider the system N = {ni} i = 1, 2, …p with binary interactions among the 

elements. Complexity, CN, of this system does not exceed p2, which is denoted by: 

CN  =  O ( p2 ) 

Thus the  system M = {mj}j = 1, 2, …p can have complexity: 

CM  =  O ( pk )   where k > 2 

 

Thus, when M has { mj x mr }jr and { mj x mr x ms }jrs interactions, then CM = O ( p3 ).  

Furthermore, when M has { mj x mr x ms x mt }jrst interactions, then CM = O ( p4 ). 

 

This characterisation of complex systems considers systems with feedback loops of arbitrary 

nesting (i.e. loops within loops), and high bandwidth (i.e. volume) of interactions among system 

elements. Complexity is a monotonically increasing function as the size of the system and the 

number of interactions, as well as the bandwidth of interactions, increase [Tang V. et al. 2001]. 

In the limit, complexity  . Complexity is thus defined by: 

 

C = X n b B b 

 

Where:   X  =  an integer denoting the number of elements  

{ x e } e = 1, 2, … p 

n  =  the integer indicated in the relation O ( p n ) 

 

Eq. 2.4.2.40 

Eq. 2.4.2.41 
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And:    B1 = ij  ij  ij 

 

Where:    ij  = the number of linkages between x i and x j 

ij  = the bandwidth of linkages between x i and x j 

 

B2 = k  kij  kij 

 

Where:    kij  = the number of linkages between xk and (x i, x j) 

kij  = the bandwidth of linkages between xk and (x i, x j)  

 

And in general:  Bn = n  pijk … n-1  n ijk … n-1 

 

Where:   pijk … n-1  = the number of linkages among xk and 

(x i, x j), (x i,x j,x k), … (x i, x j, x k, … x n-1) 

n ijk … n-1  = the bandwidth of linkages among xk and 

(x i, x j), (x i,x j,x k), … (x i, x j, x k, … x n-1) 

 

Bn is a measure of the capacity among the n elements of the system. An indicative example of 

defined computer automated complexity is given in Figure 2.4.2.x. [Tang V. et al. 2001]. 

 

Figure 2.4.2.x. Indicative Example of Defined Computer Automated Complexity 

[Tang V. et al. 2001] 

Eq. 2.4.2.42 

Eq. 2.4.2.44 

Eq. 2.4.2.43 
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b) Complicatedness as a Function of Complexity: 

Complicatedness is the degree to which any control over the system is able to manage the level 

of complexity presented by the system. The means of control can be another system or a person. 

Complicatedness is a function of complexity, K=K(C). Clearly at C=0, K=0, the properties of a 

complicatedness function are the same as that of complexity, but they are definitely not identical. 

For example, consider K when C  . Inevitably, there is a level of complexity at which any 

means of system control just cannot cope with the system as a whole. The system then becomes 

unmanageable through diminished or lack of control.  

 

It is relatively easy to visualise a graph for g = g (x, y) with Cg = O ( p2) (i.e. two-dimensional), 

and less easy to visualise a graph for h = h (x, y, z) with Ch = O ( p3) (i.e. three-dimensional). 

However, a surface with four variables is difficult to visualise, although complexity has only 

reached O ( p4 ). Consider the equally incomprehensible systems A and B where Ca=O ( p100 ) 

and Cb = O ( p1000 ) respectively; the complicatedness functions are virtually the same, Ka  Kb 

although O ( p1000 ) >> O ( p100 ). Therefore, when C=0, K=0, and C  , then K  Kmax. 

 

Systems are designed to operate and be controllable at an optimal point of complexity, i.e. C*. 

Where C < C*, although complexity increases, it is well within the interval of controllability. 

Where C = C* the system complexity is optimal with respect to its ability to be controlled. 

Where C > C*, complexity is increasing, and the system can only be controlled with decelerating 

(i.e. exponentially diminishing) effectiveness. This can be expressed mathematically as: 

 

For:    dK = { 0,   } (i.e. in the open interval between 0,   ) 

dC 
 

And:     d2K > 0 at C < C* where complexity is increasing 

d2C   faster than complicatedness. 
 

And:    d2K = 0 at C = C* where complicatedness 

d2C   has reached an inflection point. 
 

And:     d2K < 0 at C > C* where complicatedness 

d2C   has reached saturation. 
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For C < C*, d2K / d2C > 0, complexity is increasing faster than complicatedness.  

For C > C*, d2K / d2C < 0, the ability to manage complexity has reached diminishing returns.  

 

Because the logistic function is one of the simplest mathematical expressions that has all the 

properties considered previously, it is adopted to express complicatedness as indicated in the 

following expression, and illustrated in Figure 2.4.2.y. [Tang V. et al. 2001]: 

 

K(C)  =    Kmax   

 

( 1 + e -  C ) 
 

Where:   e is the transcendental number e = 3.2718 2818 284… 

 is a constant specific to the measure of control 

C is the complexity of the system 

And:   Kmax =1 indicates absolute complicatedness. 

 

 

Figure 2.4.2.y. Logistic Function of Complexity versus Complicatedness 

[Tang V. et al. 2001] 

 

There are other means of expressing complicatedness, such as use of the Weibull distribution. 

The major differences though, are the location of the inflection point, the growth pattern before 

and after the inflection point, and the symmetry around the inflection point. 

 

Eq. 2.4.2.45 
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c) Designing for Complex but Uncomplicated Systems: 

The complexity of engineering designs increases relative to the integration of their input vectors. 

The integration of system elements resulting in new interactions and changes in bandwidth (due 

to volume or capacity constraints), increase the initial design’s complexity. But engineered 

complexity can reduce intractably complicated input vectors to a minimum number of output 

vectors that renders the system controllable - and system complexity manageable. The 

application of neural networks in situations where there are intractable numbers of data points 

to analyze is increasingly being considered for process control of complex integrated systems. 

This approach has proven effective for engineering designs in which the process is controlled in 

real-time by adaptive and distributed neural networks embedded in distributed control systems. 

The application of neural networks is considered in greater detail in Paragraph 2.5.2.C: Analytic 

Development of Safety and Risk Evaluation in Detail Design. 

 

Earlier, the motor vehicle transmission was presented as a complex system that is uncomplicated. 

The automatic transmission presents the system image of: A = { P, R, N, D1, D2, D3 }, ij = 24, 

the number of linkages between the transmission interactions (4 per ratio) and the bandwidth of 

linkages (i.e. the capacity) between the interactions  ij = 1; thus Ca = (6 2 )(24)(1) = 864. 

(Where P = Park, R = Reverse, N = Neutral and D1 - D3 the Drive transmission ratios). 

However, the manual transmission presents the system image of: M = { P, R, N, D1, D2, D3, C } 

where C = Clutch. This needs to be engaged and disengaged, so C’s interaction bandwidth is 2. 

ij = 10 (2 per ratio) with ij = 1, and mn = 14 with mn = 2. The complexity of the manual 

transmission is thus Cm = (7 2) [ 10 + (14).2 ]2 = 38416.  

 

Suppose for the novice driver, C*  Ca = 864, and at C  40000, Kmax = 1 indicating absolute 

complicatedness. The analytic form of the complicatedness function for engineering design can 

now be determined for a system with complexity C, and complicatedness K: 

 Determine the optimal complexity, C*, that can be optimally controlled. 

 At the optimal complexity, C*, set K* = 1/2 

 Solve for α from Equation 2.4.2.45: K* = 1/ ( 1 +  e - 
α C* ) where Kmax = 1. 

 Determine K(C) = 1/ ( 1 + e - 
α C ). 
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2.4.3. APPLICATION MODELLING OF AVAILABILITY AND 

MAINTAINABILITY IN ENGINEERING DESIGN 

 

Returning to Paragraph 1.1.4. Research Objectives, the five main 

objectives that need to be accomplished in pursuit of the goal of this research are; 

 

 the development of appropriate theory on the integrity of engineering design for use 

in mathematical and computer models;  

 determination of the validity of the developed theory by conducting several field 

studies of engineering designs that have been recently constructed, that are in the 

process of being constructed, and that have yet to be constructed;  

 application of mathematical and computer modelling in engineering design 

verification; 

 determination of the feasibility of a practical application of intelligent computer 

automated methodology in engineering design reviews through the development of 

the appropriate industrial, simulation and mathematical models. 

 

The following models have been developed, each for a specific purpose and with specific 

expected results, in partly achieving the objectives of this research: 

 

 RAM Analysis model to validate the developed theory on the determination of the 

integrity of engineering design.  

 

 Process Equipment Models (PEMs), for application in dynamic systems simulation 

modelling to initially determine mass - flow balances for preliminary engineering 

designs of large integrated process systems, and to evaluate and verify process design 

integrity of complex integrations of systems.  

 

 Artificial Intelligence Based (AIB) model in which new Artificial Intelligence (AI) 

modelling techniques, such as the inclusion of knowledge-based expert systems 

within a blackboard model, have been applied in the development of intelligent 

computer automated methodology for determining the integrity of engineering design.  
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2.4.3.A.  PROCESS EQUIPMENT MODELS (PEMs) 

 

As indicated previously, Process Equipment Models (PEMs) have been 

developed for application in dynamic systems simulation modelling to initially 

determine mass - flow balances for preliminary engineering designs of large integrated 

process systems. The dynamic systems simulation modelling was developed using the 

proprietary OOP simulation shell, Extend [Diamond R. 1997]. Extend is a flexible 

simulation modelling system with a customisable interface where system blocks can be 

modified or created using a built-in compiled language. It combines the most powerful 

features of object oriented programming (OOP) for advanced dynamic simulation with 

discrete event / continuous system / combined simulation capability, top down / bottom 

up systems hierarchic reachability, animated graphics, advanced statistical and sensitivity 

analysis, and computer interface with drag-and-drop and point-and-click capabilities.  

 

The PEMs incorporate all the essential preliminaries of process analysis to determine 

mass - flow balances for preliminary engineering designs of large integrated process 

systems. The simulation models also incorporate algorithms of process design integrity 

for assessing reliability, availability, maintainability, and safety requirements of process 

systems. These are incorporated in specific probability distribution modifiers within each 

PEM. The application of dynamic systems simulation modelling incorporating the PEMs, 

is primarily intended to determine the applicability and capability of simulation 

modelling during the engineering design stage, in accurately assessing the effect of 

complex integrations of systems in large engineered installations. The dynamic systems 

simulation modelling is based on classic methodology of systems simulation, which is 

described in detail in the following presentation of the application of computer modelling 

in engineering design verification. The PEMs are developed within the dynamic systems 

simulation modelling which has been integrated in an Artificial Intelligence based 

(AIB) blackboard model for practical application in concurrent engineering design in 

an integrated collaborative design environment in which automated continual design 

reviews may be conducted throughout the engineering design process by remotely 

located design groups communicating via the Internet.  
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Artificial Intelligence Based Design Methodology and Dynamic Systems Simulation: 

The integration of dynamic systems simulation with Artificial Intelligence based (AIB) 

design methodology allows for the development and integration of the basic building 

blocks of engineering design that can be represented in a design knowledge base. 

Support systems in the form of general-purpose design knowledge sources are similarly 

developed to support the design knowledge base. The design knowledge base and design 

knowledge sources form the core of an integrated design support system. An Artificial 

Intelligence based (AIB) blackboard model is used to control the design knowledge 

sources and integrate the knowledge-based design applications such as the Extend 

Process Simulation Model with PEM blocks. The design knowledge base contains design 

objects, relations, constraints in terms of intended function and interfaces, as well as 

detailed information in terms of geometry and sizing. The design objects in the design 

knowledge base can be selected and synthesised to generate conceptual design solutions, 

as graphically indicated in following illustrations. 
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The Blackboard Model: 

The blackboard model is a paradigm that allows for the flexible integration of analytic 

methodology into a single problem-solving environment. In terms of the type of problems 

that it can solve there is only one major assumption; that the problem-solving activity 

generates a set of intermediate results. This is evident throughout the dynamic systems 

simulation modelling which is integrated into the blackboard model. 

 

The blackboard model consists of a data structure (the blackboard) containing 

information (the context) that permits a set of modules (knowledge sources) to interact. 

The blackboard can be seen as a global database or working memory in which distinct 

representations of knowledge and intermediate results are integrated uniformly. It is also 

a means of communication among design teams, mediating all of their interactions, and 

can be used as a common display for review and performance evaluation.  

 

Figure 2.4.3.a. Blackboard Model Containing the Process Simulation Model 
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Figures 2.4.3.b and 2.4.3.c. Systems Hierarchy in the Blackboard Model 
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Blackboard architecture in engineering design is an approach that allows knowledge 

sources, to cooperate in solving a problem. This is analogous to a group of designers 

standing around a blackboard. The blackboard is a database that is used to hold shared 

information among the participants. It may be structured so as to represent different 

levels of abstraction as well as distinct and possibly overlapping concepts in the design 

solution. The division of the blackboard into systems hierarchy levels parallels the 

process of abstraction of the knowledge, allowing elements at each level to be described 

approximately as abstractions of elements at the next lower level. This partition of the 

knowledge is useful, in that a partial solution (i.e. group of hypotheses relating to design 

optimisation) at one level can be used to constrain the design at lower system levels. 

 

Knowledge Sources: 

Each knowledge source is data-directed in that the blackboard is monitored for data 

matching specific design preconditions. Knowledge sources may be classified in a 

number of different ways depending on the characteristic that is used to discriminate 

them. For example, a generic knowledge source may be useful in a whole set of 

knowledge based systems (e.g. the basic development of PEMs for application in 

dynamic systems simulation modelling of a design solution), or specific to one 

application (e.g. specific probability distribution modifiers within each PEM for assessing 

reliability, availability, maintainability, and safety requirements of process systems). 

 

The Context: 

The context is a set of entries or context elements contained in the blackboard that 

contain the information representing the state of the solution process. Those entries may 

include perceptions, observations, hypotheses, decisions, goals, interpretations, 

judgements, or expectations. Also, they may have relationships to one another. In 

particular, one such organization may combine a set of entries as the representation of a 

single object viewed from different levels of abstraction. There can be objects that 

represent goals, questions and information, knowledge sources, and other general 

concepts in the blackboard as well as domain-specific objects. 
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User Interface: 

The user interface permits the interaction of the user (designer) with events inside the 

blackboard and indirectly with the rest of the knowledge sources comprising the system. 

This interaction may occur in both directions - by the users modifying the flow of control 

of the system by means of commands and answers to questions, or by the system 

informing the user of important events, prompting for answers, or explaining decisions. 

 

The user interface manages the question and answer protocols and informs the user of 

important events during the program’s execution. Among its most important capabilities 

are the following - checks if an answer is valid, (based on pre-specified or dynamic 

menus or constraints), advises the user on valid or desirable answers, manages default 

values, and automatically completes queried answers.  

 

Figure 2.4.3.d Pre-Commissioning User Interface in the Blackboard Model 
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Figures 2.4.3.e and 2.4.3.f. Design Equipment List Data in the Blackboard Model 
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Dynamic System Simulation in Engineering Design: 

Dynamic system simulation in engineering design provides for virtual prototyping of 

engineering processes rather than experiments on the physical prototype. Not only does 

virtual prototyping make design verification faster and less expensive, it also provides 

various design teams in a collaborative design environment with immediate feedback on 

design decisions. This in turn promises a more comprehensive exploration of design 

alternatives and a better performing final design. To fully exploit the advantages of 

virtual prototyping, dynamic system simulation is the most efficient and effective. 

However, these simulation models have to be easy to create. Creating dynamic simulation 

models is a complex activity that can be quite time-consuming. To take full advantage of 

virtual prototyping, it is necessary to develop a modelling paradigm that supports model 

reuse, that is integrated with the design environment, and that provides a simple and 

intuitive user interface that requires a minimum of analysis expertise. 

 

Figure 2.4.3.g. Dynamic Systems Simulation Option in the Blackboard Model 
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Figures 2.4.3.h and 2.4.3.i. General Configuration of Process Simulation Model 
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General Configuration of Process Simulation Model: 

Many engineered installations have a modular architecture that is based on the optimum 

selection and composition of systems, assemblies and components from older designs. 

When the new design is created, these system compositions are selected and then 

connected together in a configuration. In addition to the dynamics of the systems 

themselves, physical phenomena occur at the interfaces between the system’s 

components. These interactions must also be modelled in an integrated framework that 

supports the following aspects of interaction modelling: 

 

 Model organization: Several models can represent a particular physical 

phenomenon. These models are classified and organized so that the designer is 

not inundated with choices. An interaction model taxonomy is developed with 

each process equipment model (PEM), based on a theoretical formalism to 

represent and organize the interactions. 

 Reuse through standardized representation: All interactions between the system 

composition and its environment occur through the component’s interface. 

Therefore, a library of interaction models can be indexed by their interfaces. 

Candidate interaction models can be selected by searching the library for models 

with interfaces compatible with the interfaces of the connected components.  

 Capturing component interaction dynamics. When two components are connected 

via their interfaces, the connection implies that there is an intended physical 

interaction between the two components. This interaction is captured in the 

behavioural model and the results represented by graphic display.  

 

Figures 2.4.3.h to 2.4.3.k. illustrate the overall configuration of an Extend Process 

Simulation Model with PEM blocks. There are two types of logical flows between the 

PEM blocks. The first type of flow represents the items that move through the system. 

Items can have attributes and priorities associated with them. The second type of logical 

flow changes over time during the simulation run and is represented by values. Examples 

of values include the number of items in a queue, the result of a random sample, or in this 

case, the level of fluid in a tank. 
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Figures 2.4.3.j. and 2.4.3.k. General Configuration of Process Simulation Model 
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Model Configuration: 

In many design processes, the target systems are designed using predefined, model 

components. In such processes, these model components, are selected, configured and 

assembled in such a way that the design specifications are met. A model component is a 

modular design entity with a complete specification describing how it may be connected 

to other model components in a configuration. For example, a modelled pump assembly 

has intake and outlet ports to connect it to other model components on each side. The 

pump’s intake and outlet collectively form the ports or interface to this component. As 

will be shown later, a model component is instantiated in the design by specifying 

instantiation parameters that describe its specification. Once instantiated, the model 

component is connected to other instantiated components via its ports or interface.  

 

A configuration is created when two or more model components are connected to each 

other via their interfaces. A model component can itself encapsulate a configuration of 

numerous model components, thus allowing for a hierarchical structure of systems. 

Multiple configurations can represent a particular system composition, and are bound to 

the system’s configuration interface. For example, a process system can be represented as 

a single component, or as a configuration of several model components. The candidate 

configurations are all equivalent specifications of the same model components, and the 

choice of configuration is independent of the behavioural models. 

 

In the Extend Process Simulation Model, each block (model component) has connectors 

that are the interface points of the block. Connections are lines used to specify the logical 

flow from one block to another. Double lines represent item connections and single lines 

represent value connections. The concept of value connections in addition to item 

connections is unique to Extend. Other contemporary simulation applications require that 

a function be written whenever a simulation input is based on a value from another point 

in the model. In Extend, this type of logic is performed without programming of any type. 

More importantly, the logic of the model is visible to anyone examining the model 

structure. To simplify the appearance of the model, the connections can be hidden. 
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Optimisation using Evolutionary Algorithms: 

The focus is on characterizing, modelling, and organizing the interactions between model 

components. The configuration also contains analysis models, with rules imposed by a set 

theoretic formalism. The model configuration is based on the context of design 

specification. This framework also incorporates optimisation capabilities. 

 

The Extend Process Simulation Model includes an Evolutionary Optimiser that employs 

powerful enhanced evolutionary algorithms (EA) to determine the best possible model 

configuration. Using a drag and drop interface, performance metrics and parameters that 

can be varied are entered into the Optimiser block. These parameters are used in an 

equation that defines the objective function. When the model is run, the Optimiser block 

generates alternatives and locates the statistically best configuration. Unlike external 

optimisers, the Extend simulation model’s optimisation is well integrated into the 

program. For example, when the optimisation process is complete, model parameters are 

automatically set to the optimal configuration. In addition, because the optimiser has been 

implemented in a block, the source code is available for examination and modification. 

 

Model Component Library: 

The PEM models have been constructed with library-based iconic blocks. These iconic 

blocks have been developed using a powerful programming language namely Extend’s 

ModL language. Each block describes a calculation or a step in a process. Block dialogs 

are the mechanism for entering model data and reporting block results. Blocks reside in 

libraries and each library represents a grouping of blocks with similar characteristics. 

Blocks are placed on the model worksheet by dragging them from the library window 

onto the worksheet. The flow is then established between the blocks. Interfaces, 

components, and graphics can be created which tailor the model to a specific application 

area. The most visible aspect of is the user interface. By modifying an existing interface 

or creating a new one, the simulation modeller or designer is able to create a model that 

can be exercised by someone more familiar with the system than with the simulation tool. 

This means that models can be built that fit naturally into the conceptual framework of a 

collaborative design environment.  
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Figures 2.4.3.l. and 2.4.3.m. PEM Library and Selection for Simulation Modelling 
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Model Development Programming: 

There are several advantages in a dynamic systems simulation development environment 

concurrently in a collaborative design environment. Design model builders are able to 

easily and reliably create new or modified modelling constructs for demanding design 

modelling situations or new applications. The significance of a powerful programming 

language such as ModL further enhances the simulation modelling capability. Traditional 

simulation languages or scripting environments typically lack full sets of language 

features such as flexible condition statements (many are limited to a single condition at a 

time), user defined data structures, and user interface development tools. These features 

are especially suited to the inclusion of dynamic systems simulation as an imbedded 

knowledge source in an AIB blackboard system. With ModL, only one language and 

interface needs to be learned and since ModL is based on the C language, its learning 

curve is typically short. With less time learning and switching between languages, design 

model developers are able to develop more sophisticated models in less time. This level 

of extensibility further prompts designers to develop libraries of custom blocks for 

specific engineered installations.  

 

Scripting: 

Scripting is a feature that allows models to be created and/or modified through a suite of 

ModL functions. With this functionality, designers can create objects that automatically 

build and modify models. With scripting, designers can develop their own model building 

wizards or self-modifying models. This is especially attractive in an AIB blackboard 

application. Coupled with the ability to communicate with other knowledge source 

applications in the blackboard, and with the expert systems within the blackboard using 

inter-process communication (IPC), scripting provides an easy method of allowing 

applications such as the multi-disciplinary collaborative expert systems to control every 

aspect of the dynamic systems simulation model, including building the model, importing 

or exporting data, and running the simulation. Running the simulation is initiated by 

accessing the simulation set-up dialog, which then provides the facility of setting various 

simulation time properties. 
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Simulation Model Output: 

Input and output parameters associated with a model can be found in the dialogs of the 

appropriate blocks or in the output document. While this provides an intuitive association 

between system metrics and the constructs used to model them, it can make searching for 

specific data cumbersome. This is especially true when working with large models 

containing many layers of hierarchy, typical of engineering designs. An effective way of 

dealing with this is to use the notebook and cloning feature. With the notebook, a single 

custom interface is created that consolidates critical parameters, results, and model 

control to a central location. The notebook is a separate window associated with each 

simulation model. Initially, the notebook is a blank worksheet to which text, pictures, and 

clones can be added. Clones are direct links to dialog parameters. Once a clone is created, 

any changes to the clone are immediately reflected in the block (or PEM) and vice-versa. 

 

Figure 2.4.3.n. Running the Simulation Model 
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Creative use of the notebook can result in an effective modelling interface for a large, 

complex engineering design as illustrated in Figure 2.4.3.o. As stated previously, the 

ability of the Extend Dynamic Systems Simulation Model to communicate with other 

knowledge source applications in an AIB blackboard, allows for the use of the notebook 

to exchange information with the knowledge base and with the expert systems within the 

blackboard, using inter-process communication (IPC) and dynamic data exchange (DDE) 

capability. Through IPC, the Simulation Model can act as a server application, allowing 

the AIB blackboard and other knowledge source programs, such as expert system shells, 

or an Artificial Neural Network (ANN) application, to request that a specific simulation 

model perform any task that the ModL language allows. The Extend Dynamic Systems 

Simulation Model can also act as a client application, requesting data and services from 

other programs. For example, an expert system application can start and run a specific 

simulation model, or the simulation model can instruct a spreadsheet to execute a macro 

and report the results back through the AIB blackboard. 

 

  

 Figure 2.4.3.o. Simulation Model Output Results 
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2.4.3.B.  EVALUATION OF MODELLING RESULTS 

 

The process of dynamic systems simulation evaluation can be divided into 

three categories; first, verification, to ensure that the model’s functional behaviour is 

similar to the real system being modelled; second, validation, to test the agreement 

between the results of the behaviour of the model and that of the real system, i.e. 

determining a correlation between the model’s results and the real system’s output 

variables; third, problem analysis, which deals with the interpretation of the data 

generated by the model. In other words, evaluation of dynamic systems simulation is 

concerned with determining the consistency of functional behaviour of the model, its 

resulting correspondence with the real system, and the correct analytic interpretation of 

the model’s resulting data.  

 

Model Verification: 

Model verification implies proving that the model is functionally true according to a set 

of functional criteria that is applicable for comparison between the model and the real 

system (i.e. similar types of exogenous, status and endogenous variables). The problem of 

model verification can thus be reduced to the problem of searching for a set of basic 

assumptions underlying the functional behaviour of the real system. Such a procedure 

requires the formulation of a set of postulates or hypotheses describing the behaviour of 

the real system. This includes the specification of model components and the selection of 

variables, as well as the formulation of functional relationships, all of which are inherent 

in the AIB blackboard model that is used to control the design knowledge sources and 

integrate the knowledge-based design applications such as the Extend Process Simulation 

Model with the PEM blocks. The design knowledge base and design knowledge sources 

form the core of an integrated design support system that enables model verification. The 

following figures illustrate the design details of these PEM blocks for the various 

simulation model sectors. In contrast to model verification, the validity of a model 

depends not on the formulation of a set of postulates or hypotheses describing the 

behaviour of the real system, but rather on the ability of the model to predict the results 

of the behaviour of the model. 
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Model Validation: 

Model validation is the process of developing an acceptable level of confidence that an 

inference about the results of a simulated process is a valid inference for the outputs of 

the real system. The problem of model validation can thus be reduced to two 

characteristic problems; to validate the results of a specific model’s function and not the 

mechanism that generated the results, and; to compare the input-output transformations 

generated by the model to those generated by, or specified for, the real system. In the use 

of dynamic simulation models to represent real systems, different types or classes of error 

can result, any one of which can lead to erroneous conclusions such as; errors in model 

design through the exclusion of significant variables; errors in modelling approach 

whereby relevant variables may be represented incorrectly; or errors in programming, 

input data, or interpretation of the results. The validity of the model is made probable, 

though not certain, by analysis of the assumptions underlying the model, whereby the 

inductive inferences are analysed through statistical methods. 

 

Problem Analysis: 

The data generated by computer simulation models represent, in effect, the inductive 

reasoning of the modelling process as the conclusion of a set of inductive inferences, i.e. 

assumptions of behavioural results or the outcome of operating characteristics about the 

behaviour of the real system. The rules for analysing the data generated by computer 

simulation models are predominantly statistical sampling rules based on the theory of 

probability. Statistical tests used for analysing these assumptions, and also conclusions of 

the inductive inferences drawn from simulation runs of the model are, in general, 

hypothesis testing and estimation. Hypothesis testing normally includes the following; 

tests on estimates of parameters assuming an underlying probability distribution (i.e. 

parametric tests); tests on estimates of parameters that are not dependent on the 

assumption of an underlying probability distribution (i.e. non-parametric tests); tests to 

establish the probability distribution from which sample data is generated (i.e. goodness 

of fit tests such as the Chi-square and Kolmogorov-Smirnov tests); and tests on the 

degree of relationship among two or more variables (i.e. correlation analysis). 
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Estimation includes the calculation of point and interval estimations of parameters, as 

well as a determination of quantitative equations relating two or more variables (i.e. 

regression analysis). Statistical methods used for hypothesis testing and estimating are, 

therefore, mainly; tests of means, analysis of variance and covariance, goodness of fit 

tests, regression and correlation analysis. The results of dynamic simulation models are 

often used to determine estimates of the parameters of the response variable, or in this 

case, the flow volume and/or mass flow consisting of liquor and solids. Because these 

values are estimates, it is essential to assess their accuracy, which is usually done by 

placing confidence bands or intervals about the estimates. For example, if the simulation 

model estimate of the mean flow volume of a particular PEM is a value designated by Ē, 

and the design flow volume is , an upper limit UL and lower limit LL could be 

established such that the probability of the design flow volume being the mean of these 

two limits is equal to a specified exact probability (using the t-distribution as inference). 

 

In the following extracts of specific sectors of the dynamic systems simulation model 

(Simulation Model Sectors 1, 2 and 3) of the Extend Process Simulation Model with the 

PEM blocks, Tables 2.4.3.a, d and g, represent the preliminary design data of the real 

system process parameters of flow volume, mass flow, solids content and liquor content.  

The model estimates of the maximum, minimum and mean flow volumes of each PEM in 

the specific sectors are given in the simulation model’s output notebook illustrated in 

Figures 2.4.3.w, 2.4.3.af and 2.4.3.al. Validation of the Extend Process Simulation Model 

would include a comparative analysis of the preliminary design data of the real system 

process parameters, as listed in the tables, with the model parameter estimates of each 

PEM, as illustrated in the figures. Analysis of the flow volume data generated by the 

computer simulation model runs would constitute a determination of the confidence 

intervals about the estimates, such that the probability of correspondence with the design 

flow volume is equal to a specified exact probability. Model evaluation is illustrated by 

Figures 2.4.3.p. through to 2.4.3.w. for Simulation Model Sector 1, figures 2.4.3.x. 

through to 2.4.3.af. for Simulation Model Sector 2, and figures 2.4.3.ag. through to 

2.4.3.al. for Simulation Model Sector 3. 
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a) Evaluation of Simulation Model Sector 1: 

Figure 2.4.3.p. shows a specific Sector’s process flow diagram (PFD) consisting of ten 

assemblies; (a feeder, three storage bins, three chute conveyors, and three transfer 

conveyors). The major characteristic of this PFD is that it depicts material flow and 

indicates how inputs are transformed by each system, (or assembly), into outputs that in 

turn become the inputs to the next system, (or assembly), as depicted in the preliminary 

design data given in Table 2.4.3.a. These are flow volume and mass flow consisting of 

liquor and solids. The PFD is systematically examined to analyse deviations in process 

flow and system performance, and in this case, to determine mass flow balance through 

the integrated assemblies. Each assembly is graphically represented in the simulation 

model by a virtual prototype process equipment model (PEM). Thus the assemblies of 

the PFD depicted in Figure 2.4.3.p. (i.e. the feeder, three storage bins, three chute 

conveyors, and three transfer conveyors) are each one a process equipment model.  

 

Figure 2.4.3.p. Process Flow Diagram for Simulation Model Sector 1 
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Each PEM contains selected model components that are linked together with logical 

flows. A model component is a modular design entity with a complete specification 

describing how it is connected to other model components in a model configuration.  

Model configurations are created when two or more model components are connected to 

each other via their interfaces. Each model component has connectors that are the 

interface points of the component (or block). Connections are lines used to specify the 

logical flow between the connectors from one block’s output to another’s input. Thus a 

process system or assembly can be represented as a single model component, or as a 

configuration of several model components. These model components are selected, 

configured and assembled in such a way that the design specifications of each system are 

met through the component’s attributes, and the linked logical flows. Thus the feeder 

assembly PEM, for example, has its own specific model configuration, in contrast to that 

of the storage bins, as depicted in the design details of Figures 2.4.3.q. and 2.4.3.t. The 

model component’s attributes depicted in Figure 2.4.3.q. converts the outputs of a 

conversion function by modifying the component’s inputs through a selection of 

statistical functions. The model component’s attributes depicted in Figure 2.4.3.r. 

generates random numbers according to a statistical probability distribution, and the 

model component’s attributes depicted in Figure 2.4.3.s. calculates the mean, variance 

and standard deviation of the component’s inputs. 

ASSEMBLY CODE FLOW VOL. MASS FLOW LIQUOR SOLIDS 

Transfer Conveyor 1 C015141 575 1508 106 1403 

Transfer Conveyor 2 C015241 575 1508 106 1403 

Rev.Shuttle Conveyor 1 C024111M 575 1508 106 1403 

Rev.Shuttle Conveyor 2 C024211M 575 1508 106 1403 

Storage Bin 1 U024111 192 503 35 468 

Storage Bin 2 U024211 192 503 35 468 

Storage Bin 3 U024311 192 503 35 468 

Belt Feeder 1 Y024121 192 503 35 468 

Belt Feeder 2 Y024221 192 503 35 468 

Belt Feeder 3 Y024321 192 503 35 468 

Mill Feed Conveyor 1 C024121 192 503 35 468 

Mill Feed Conveyor 2 C024221 192 503 35 468 

Mill Feed Conveyor 3 C024321 192 503 35 468 

Table 2.4.3.a. Preliminary Design Data for Simulation Model Sector 1 
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Figures 2.4.3.q. and 2.4.3.r. Design Details for Simulation Model Sector 1 
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Figures 2.4.3.s. and 2.4.3.t. Design Details for Simulation Model Sector 1 
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Figures 2.4.3.u. and 2.4.3.v. Design Details for Simulation Model Sector 1 
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Figures 2.4.3.u. illustrates a typical output document showing performance results of the 

storage bin assembly. These performance variables relate to system or assembly contents, 

input and output flow quantities, as well as flow surges. The flow surge gives an 

indication of material flow balancing in the process, subject to upstream material feed. 

This upstream material feed is the initiation of the simulation model, in which a model 

configuration incorporates a model component attribute of an output conversion function 

by modifying the component’s inputs through a selection of statistical functions, plus a 

model component attribute that generates random numbers according to a statistical 

probability distribution. The Extend Dynamic Systems Model provides a powerfully 

flexible graphical output presentation through dynamic plotters. These plotters can be 

placed anywhere in the modelled system configuration, and connected between any of the 

PEM input / output interface connectors, or within each PEM between model component 

connectors. The storage bin PEM illustrated in Figures 2.4.3.v. has a plotter connected to 

the model components of the PEM’s model configuration. The plotted graph in the figure 

shows the trend of material flow through the storage bin from start-up to steady state.  

 

b) Conclusion of Simulation Model Sector 1 Evaluation: 

Table 2.4.3.b. below indicates the values of a comparative analysis of preliminary design 

data and simulation output data for Simulation Model Sector 1. Column 3 of the table 

gives the specified preliminary design flow volumes, and column 4 gives the mean of the 

simulation model’s output data. On first scrutiny, these two values are identical with an 

expectation of a 100% correlation, resulting in the conclusion that the model’s output is a 

perfect match to the specified preliminary design flow volumes of the listed assemblies in 

Simulation Model Sector 1. However, the evaluation of simulation model output data is 

not that simple, as other factors must be included such as requirements for meeting the 

full design specification inclusive of allowable tolerances, and determining whether the 

minimum and maximum values, i.e. the range of output variances for each simulation run 

of the model’s output data, fall within the expected confidence intervals of the design 

specification. The test of whether the simulation model’s output variances fall within the 

allowable design tolerances is set at a 99% level of confidence. The standard allowable 

design tolerance for throughput flow volumes is set at  2.5% of the mean. 
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Table 2.4.3.b. Comparative Analysis of Preliminary Design Data and Simulation 

Output Data for Simulation Model Sector 1 

 

 

Figure 2.4.3.w. Simulation Output for Simulation Model Sector 1 

         ASSEMBLY CODE 
DESIGN 

FLOW VOL. 
MODEL AVE. 
FLOW VOL. 

MODEL MIN. 
FLOW VOL. 

MODEL MAX. 
FLOW VOL. 

Transfer Conveyor 1 C015141 575 575 565 585 

Transfer Conveyor 2 C015241 575 575 565 585 

Rev.Shuttle Conveyor 1 C024111M 575 575 565 585 

Rev.Shuttle Conveyor 2 C024211M 575 575 565 585 

Storage Bin 1 U024111 192 195 180 210 

Storage Bin 2 U024211 192 195 180 210 

Storage Bin 3 U024311 192 195 180 210 

Belt Feeder 1 Y024121 192 195 180 210 

Belt Feeder 2 Y024221 192 195 180 210 

Belt Feeder 3 Y024321 192 195 180 210 

Mill Feed Conveyor 1 C024121 192 195 180 210 

Mill Feed Conveyor 2 C024221 192 195 180 210 

Mill Feed Conveyor 3 C024321 192 195 180 210 
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Figure 2.4.3.w. indicates the simulation model’s output for Simulation Model Sector 1. 

An acceptable lower tolerance limit (LL) and an upper tolerance limit (UL), against 

which the minimum and maximum values of the simulation model’s output data can be 

compared, needs to be established to determine whether the range of variance of the 

model’s output data falls within these tolerance limits. Validation of the simulation 

model’s output data is thus not confined to a mere correlation of the mean values, 

whereby problems of autocorrelation can be significant and the simulation model runs are 

not large enough to justify statistical spectral analysis of the output data (especially with 

very large, complex dynamic simulation models), but the range or variance of the 

model’s output data is compared to acceptable lower and upper confidence limits within a 

specified exact probability. The design specification is thus used as the mean and the 

allowable design tolerance of  2.5% of the mean is used as the standard deviation in the 

statistical t-distribution to determine a confidence range or interval with lower tolerance 

limit (LL) and an upper tolerance limit (UL) at a 99% level of confidence for ten 

simulation runs. The minimum and maximum values of the simulation model’s output 

data are then compared against this confidence range or interval. The last column of 

Table 2.4.3.c indicates whether the model’s output is acceptable in meeting the design 

criteria within a 99% level of confidence. 

         ASSEMBLY 
DESIGN 
FLOW 
VOL. 

DESIGN 
MIN. VOL. 
2.5% TOL.  

DESIGN 
MAX. VOL. 
2.5% TOL.  

MODEL 
MEAN 
VOL. 

MODEL 
MIN. 
VOL. 

MODEL 
MAX. 
VOL. 

YES / 
NO AT 
99% 

Transfer Conveyor 1 575 565 585 575 565 585 YES 

Transfer Conveyor 2 575 565 585 575 565 585 YES 

Rev.Shuttle Conveyor 1 575 565 585 575 565 585 YES 

Rev.Shuttle Conveyor 2 575 565 585 575 565 585 YES 

Storage Bin 1 192 187 197 195 180 210 NO 

Storage Bin 2 192 187 197 195 180 210 NO 

Storage Bin 3 192 187 197 195 180 210 NO 

Belt Feeder 1 192 187 197 195 180 210 NO 

Belt Feeder 2 192 187 197 195 180 210 NO 

Belt Feeder 3 192 187 197 195 180 210 NO 

Mill Feed Conveyor 1 192 187 197 195 180 210 NO 

Mill Feed Conveyor 2 192 187 197 195 180 210 NO 

Mill Feed Conveyor 3 192 187 197 195 180 210 NO 

Table 2.4.3.c. Acceptance Criteria of Simulation Output Data  

with Preliminary Design Data for Simulation Model Sector 1 
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c) Evaluation of Simulation Model Sector 2: 

Figure 2.4.3.x. shows a specific Sector’s process flow diagram (PFD) consisting of four 

milling systems containing twenty-eight assemblies; (four mill feeder chutes, eight mills, 

eight pumps, four mixer chutes and four multi-bin feeders). The major characteristic of 

this PFD is that it depicts solids / fluid slurry flow and indicates how inputs are 

transformed by each assembly into outputs that in turn become the inputs to the next 

assembly, as depicted in the preliminary design data given in Table 2.4.3.d. The PFD is 

systematically examined to analyse deviations in process flow and system performance, 

and in this case, to determine mass flow balance through the integrated assemblies. Each 

assembly is graphically represented in the simulation model by a virtual prototype 

process equipment model (PEM). Thus the assemblies of the PFD depicted in Figure 

2.4.3.x. (i.e. the four mill feeder chutes, eight mills, eight pumps, four mixer chutes and 

four multi-bin feeders) are each one a process equipment model.  

 

Figure 2.4.3.x. Process Flow Diagram for Simulation Model Sector 2 
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             ASSEMBLY CODE FLOW VOL. MASS FLOW LIQUOR SOLIDS 

Rod Mill 1 X024131 307 654 186 468 

Rod Mill 2 X024231 307 654 186 468 

Rod Mill 3 X024331 307 654 186 468 

Rod Mill 4 X024431 307 654 186 468 

Mill Discharge Tank 1 T024141 1119 2102 943 1159 

Mill Discharge Tank 2 T024241 1119 2102 943 1159 

Mill Discharge Tank 3 T024341 1119 2102 943 1159 

Mill Discharge Tank 4 (Spare) T024441     

Classifier Feed Pump 1/1 P024151 560 1051 472 580 

Classifier Feed Pump 1/2 P024152 560 1051 472 580 

Classifier Feed Pump 2/1 P024251 560 1051 472 580 

Classifier Feed Pump 2/2 P024252 560 1051 472 580 

Classifier Feed Pump 3/1 P024351 560 1051 472 580 

Classifier Feed Pump 3/2 P024352 560 1051 472 580 

Classifier Feed Pump (Spare) P024451     

Classifier Feed Pump (Spare) P024452     

Screen Feed Pot 1 V024161 1152 2142 982 1159 

Screen Feed Pot 2 V024261 1152 2142 982 1159 

Screen Feed Pot 3 V024361 1152 2142 982 1159 

Screen Feed Pot 4 (Spare) V024461     

Ball Mill 1 X024141 515 1056 365 690 

Ball Mill 2 X024241 515 1056 365 690 

Ball Mill 3 X024341 515 1056 365 690 

Ball Mill 4 X024441 515 1056 365 690 

 

 

Each PEM contains selected model components that are configured in such a way that 

the design specifications of each assembly are met through the component’s attributes. 

The model component’s attributes depicted in Figures 2.4.3.y. and 2.4.3.z. for the mill 

input feeder chute and the mill output mixer chute, connects three input values to a single 

output and two input values to a single output respectively. The model component’s 

attributes for the multi-bin feeder depicted in Figure 2.4.3.aa. converts the output by 

modifying the component’s multiple inputs through a selection of statistical functions. 

The model component’s attributes for the mill pump depicted in Figure 2.4.3.ab. also 

converts the pump’s output by modifying the component’s inputs through a selection of 

statistical functions representing the appropriate pump delivery characteristics. 

 

 

Table 2.4.3.d. Preliminary Design Data for Simulation Model Sector 2 
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Figures 2.4.3.y. and 2.4.3.z. Design Details for Simulation Model Sector 2 
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Figures 2.4.3.aa. and 2.4.3.ab. Design Details for Simulation Model Sector 2 
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Figures 2.4.3.ac. and 2.4.3.ad. Design Details for Simulation Model Sector 2 
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Figure 2.4.3.ac. illustrates a typical output document showing performance results of the 

mill assembly. These performance variables relate to system or assembly contents, input 

and output flow quantities, as well as flow surges. The flow surge gives an indication of 

mass-flow balancing in the process. The output document is particular to each PEM and 

can be opened at any time, anywhere, in the dynamic systems simulation to determine the 

status of the process flow. The Extend Dynamic Systems Model provides plotters that can 

be placed anywhere in the modelled system configuration, and connected between any of 

the PEM input / output interface connectors, or within each PEM between model 

component connectors. The different PEMs illustrated in Figures 2.4.3.ad. and 2.4.3.ae. 

have plotters connected to the model components of each PEM’s model configuration. 

The plotted graph in both Figures 2.4.3.ad. and 2.4.3.ae. show the trend of flow through 

the mills from start-up to steady state.  

 

 

Figure 2.4.3.ae. Design Details for Simulation Model Sector 2 



 427 

d) Conclusion of Simulation Model Sector 2 Evaluation: 

Table 2.4.3.e. below indicates the values of a comparative analysis of preliminary design 

data and simulation output data for Simulation Model Sector 2. Column 3 of the table 

gives the specified preliminary design flow volumes, and column 4 gives the mean of the 

simulation model’s output data. These two sets of values have a high correlation, 

resulting in the conclusion that the model’s output closely matches the specified 

preliminary design flow volumes of the listed assemblies in Simulation Model Sector 2. 

However, as with Simulation Model Sector 1, it is essential to determine whether the 

minimum and maximum values for each simulation run of the model’s output data fall 

within the expected confidence intervals of the design specification.  

 

             ASSEMBLY CODE 
DESIGN 

FLOW VOL. 
MODEL AVE. 
FLOW VOL. 

MODEL MIN. 
FLOW VOL. 

MODEL MAX. 
FLOW VOL. 

Rod Mill 1 X024131 307 315 285 345 

Rod Mill 2 X024231 307 315 285 345 

Rod Mill 3 X024331 307 315 285 345 

Rod Mill 4 X024431 307 315 285 345 

Mill Discharge Tank 1 T024141 1119 1120 1110 1130 

Mill Discharge Tank 2 T024241 1119 1120 1110 1130 

Mill Discharge Tank 3 T024341 1119 1120 1110 1130 

Mill Discharge Tank 4 (Spare) T024441     

Classifier Feed Pump 1/1 P024151 560 560 540 580 

Classifier Feed Pump 1/2 P024152 560 560 540 580 

Classifier Feed Pump 2/1 P024251 560 560 540 580 

Classifier Feed Pump 2/2 P024252 560 560 540 580 

Classifier Feed Pump 3/1 P024351 560 560 540 580 

Classifier Feed Pump 3/2 P024352 560 560 540 580 

Classifier Feed Pump (Spare) P024451     

Classifier Feed Pump (Spare) P024452     

Screen Feed Pot 1 V024161 1152 1154 1148 1160 

Screen Feed Pot 2 V024261 1152 1154 1148 1160 

Screen Feed Pot 3 V024361 1152 1154 1148 1160 

Screen Feed Pot 4 (Spare) V024461     

Ball Mill 1 X024141 515 520 580 540 

Ball Mill 2 X024241 515 520 580 540 

Ball Mill 3 X024341 515 520 580 540 

Ball Mill 4 X024441 515 520 580 540 
 

Table 2.4.3.e. Comparative Analysis of Preliminary Design Data and Simulation 

Output Data for Simulation Model Sector 2 
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Figure 2.4.3.af. Simulation Output for Simulation Model Sector 2 

 

Figure 2.4.3.af. indicates the simulation model’s output for Simulation Model Sector 2. 

As with Simulation Model Sector 1, the range or variance of the model’s output data is 

compared to acceptable lower and upper confidence limits within a specified exact 

probability. The design specification is again used as the mean and the allowable design 

tolerance of  2.5% of the mean is used as the standard deviation in the t-distribution, to 

determine a confidence range or interval with lower tolerance limit (LL) and an upper 

tolerance limit (UL) at a 99% level of confidence for ten simulation runs. The minimum 

and maximum values of the simulation model’s output data are similarly compared 

against this confidence range or interval. The last column of Table 2.4.3.f. indicates 

whether the model’s output is acceptable in meeting the design criteria within a 99% 

level of confidence. As can be seen, the rod mills and classifier feed pumps have a flow 

volume variance that is not acceptable within the 99% confidence interval as set by the 

design criteria, whereas the ball mills partially comply with the design criteria in that 

their simulated minimum flow is within the acceptable lower limit (LL). 



 429 

         ASSEMBLY 
DESIGN 
FLOW 
VOL. 

DESIGN 
MIN. VOL. 
2.5% TOL. 

DESIGN 
MAX. VOL. 
2.5% TOL. 

MODEL 
FLOW 
VOL. 

MODEL 
MIN. 
VOL. 

MODEL 
MAX. 
VOL. 

YES / 
NO AT 
99% 

Rod Mill 1 307 300 315 315 285 345 NO 

Rod Mill 2 307 300 315 315 285 345 NO 

Rod Mill 3 307 300 315 315 285 345 NO 

Rod Mill 4 307 300 315 315 285 345 NO 

Mill Discharge Tank 1 1119 1080 1148 1120 1110 1130 YES 

Mill Discharge Tank 2 1119 1080 1148 1120 1110 1130 YES 

Mill Discharge Tank 3 1119 1080 1148 1120 1110 1130 YES 

Mill Discharge Tank 4 (S)        

Classifier Feed Pump 1/1 560 545 575 560 540 580 NO 

Classifier Feed Pump 1/2 560 545 575 560 540 580 NO 

Classifier Feed Pump 2/1 560 545 575 560 540 580 NO 

Classifier Feed Pump 2/2 560 545 575 560 540 580 NO 

Classifier Feed Pump 3/1 560 545 575 560 540 580 NO 

Classifier Feed Pump 3/2 560 545 575 560 540 580 NO 

Classifier Feed Pump (S)        

Classifier Feed Pump (S)        

Screen Feed Pot 1 1152 1122 1182 1154 1148 1160 YES 

Screen Feed Pot 2 1152 1122 1182 1154 1148 1160 YES 

Screen Feed Pot 3 1152 1122 1182 1154 1148 1160 YES 

Screen Feed Pot 4 (S)        

Ball Mill 1 515 502 528 520 510 530 PART 

Ball Mill 2 515 502 528 520 510 530 PART 

Ball Mill 3 515 502 528 520 510 530 PART 

Ball Mill 4 515 502 528 520 510 530 PART 

 

Table 2.4.3.f. Acceptance Criteria of Simulation Output Data  

with Preliminary Design Data for Simulation Model Sector 2 
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e) Evaluation of Simulation Model Sector 3: 

Figure 2.4.3.ag. shows a specific Sector’s process flow diagram (PFD) consisting of 

four processing tank systems containing twenty three assemblies; (four double tank 

feeder chutes, four processing tanks plus one standby, four sets of three-up parallel 

pumps, and one pump / condensate assembly). The major characteristic of this PFD is 

that it depicts continuous fluid flow and indicates how inputs are transformed by each 

assembly into outputs that in turn become the inputs to the next assembly, as depicted in 

the preliminary design data given in Table 2.4.3.g. The PFD is systematically examined 

to analyse deviations in process flow and system performance, and in this case, to 

determine mass flow balance through the integrated assemblies. Each assembly is 

graphically represented in the simulation model by a virtual prototype process 

equipment model (PEM). Thus the assemblies of the PFD depicted in Figure 2.4.3.ag. 

(i.e. the feeder chutes, processing tanks, pumps, and pump / condensate assembly) are 

each one a process equipment model. 

Figure 2.4.3.ag. Process Flow Diagram for Simulation Model Sector 3 
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Figure 2.4.3.ah. illustrates a typical output document showing performance results of the 

processing tank PEM. These performance variables relate to system or assembly 

contents, input and output flow quantities, as well as flow surges. The flow surge gives an 

indication of mass-flow balancing in the process. The plotted graph in Figure 2.4.3.ai. 

shows the trend of flow through a processing tank from start-up to steady state. Each 

PEM contains selected model components that are configured in such a way that the 

design specifications of each assembly are met through the component’s attributes. The 

model component’s attributes for each of the tanks pumps depicted in Figure 2.4.3.aj. 

convert a pump’s output by modifying the component’s inputs through a selection of 

statistical functions representing the appropriate pump delivery characteristics. Figure 

2.4.3.ak. indicates the application of Petri Net (PN) based optimisation algorithms in 

dynamic systems simulation. The optimisation algorithm is a model component inherent 

to the processing tank PEM and determines continuous process flow pressure surge 

through the tank, using Young’s Modulus. 

             ASSEMBLY CODE FLOW VOL. MASS FLOW LIQUOR SOLIDS 

Desilicator 1 T026021 1250 2136 1213 937 

Desilicator 2 T026031 968 1642 928 721 

Desilicator 3 T026041 968 1642 928 721 

Desilicator 4 T026051 1250 2136 1213 937 

Desilicator 5 T026061 968 1642 928 721 

Slurry Splitter Box 1 L026031 1250 2136 1197 938 

Slurry Splitter Box 2 L026041 968 1642 928 721 

Slurry Splitter Box 3 L026051 968 1642 928 721 

Slurry Splitter Box 4 L026061 1250 2136 1197 938 

Slurry Forwarding Pump 1 P026011 1250 2136 1197 938 

Slurry Forwarding Pump 2 P026021 968 1642 928 721 

Slurry Forwarding Pump 3 P026031 968 1642 928 721 

Slurry Forwarding Pump 4 P026041 968 1642 928 721 

Slurry Forwarding Pump 5 P026051 968 1642 928 721 

Slurry Forwarding Pump 6 P026061 1250 2136 1197 938 

Desilicator Discharge Pump 1 P026071 323 547 312 235 

Desilicator Discharge Pump 2 P026171 323 547 312 235 

Desilicator Discharge Pump 3 P026271 323 547 312 235 

Desilicator Discharge Pump 4 P026301 323 547 312 235 

Desilicator Discharge Pump 5 P026302 323 547 312 235 

Desilicator Discharge Pump 6 P026303 323 547 312 235 

Table 2.4.3.g. Preliminary Design Data for Simulation Model Sector 3 
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Figures 2.4.3.ah. and 2.4.3.ai. Design Details for Simulation Model Sector 3 
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Figures 2.4.3.aj. and 2.4.3.ak. Design Details for Simulation Model Sector 3 
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f) Conclusion of Simulation Model Sector 3 Evaluation: 

Table 2.4.3.h. below indicates the values of a comparative analysis of preliminary design 

data and simulation output data for Simulation Model Sector 3. Column 3 of the table 

gives the specified preliminary design flow volumes, and column 4 gives the mean of the 

simulation model’s output data. These two sets of values have a high correlation, 

resulting in the conclusion that the model’s output closely matches the specified 

preliminary design flow volumes of the listed assemblies in Simulation Model Sector 3. 

However, as with Simulation Model Sectors 1 and 2, it is essential to determine whether 

the minimum and maximum values for each simulation run of the model’s output data 

fall within the expected confidence intervals of the design specification.  

 

 

Table 2.4.3.h. Comparative Analysis of Preliminary Design Data and Simulation 

Output Data for Simulation Model Sector 3 

 

 

           ASSEMBLY CODE 
DESIGN 

FLOW VOL. 
MODEL AVE. 
FLOW VOL. 

MODEL MIN. 
FLOW VOL. 

MODEL MAX. 
FLOW VOL. 

Desilicator 1 T026021 1250 1255 1245 1265 

Desilicator 2 T026031 968 967.5 960 975 

Desilicator 3 T026041 968 967.5 960 975 

Desilicator 4 T026051 1250 1255 1245 1265 

Desilicator 5 T026061 968 967.5 960 975 

Slurry Splitter Box 1 L026031 1250 1250 1245 1255 

Slurry Splitter Box 2 L026041 968 967.5 960 975 

Slurry Splitter Box 3 L026051 968 967.5 960 975 

Slurry Splitter Box 4 L026061 1250 1250 1245 1255 

Slurry Forwarding Pump 1 P026011 1250 1250 1240 1260 

Slurry Forwarding Pump 2 P026021 968 967.5 955 980 

Slurry Forwarding Pump 3 P026031 968 967.5 955 980 

Slurry Forwarding Pump 4 P026041 968 967.5 955 980 

Slurry Forwarding Pump 5 P026051 968 967.5 955 980 

Slurry Forwarding Pump 6 P026061 1250 1250 1240 1260 

Desilicator Disch. Pump 1 P026071 323 325 320 330 

Desilicator Disch. Pump 2 P026171 323 325 320 330 

Desilicator Disch. Pump 3 P026271 323 325 320 330 

Desilicator Disch. Pump 4 P026301 323 325 320 330 

Desilicator Disch. Pump 5 P026302 323 325 320 330 

Desilicator Disch. Pump 6 P026303 323 325 320 330 



 435 

 

 

Figure 2.4.3.al. Simulation Output for Simulation Model Sector 3 

 

Figure 2.4.3.al. indicates the simulation model’s output for Simulation Model Sector 3. 

As with Simulation Model Sectors 1 and 2, the range or variance of the model’s output 

data is compared to acceptable lower and upper confidence limits within a specified exact 

probability. The design specification is again used as the mean and the allowable design 

tolerance of  2.5% of the mean is used as the standard deviation in the t-distribution, to 

determine a confidence range or interval with lower tolerance limit (LL) and an upper 

tolerance limit (UL) at a 99% level of confidence for ten simulation runs. The minimum 

and maximum values of the simulation model’s output data are similarly compared 

against this confidence range or interval. The last column of Table 2.4.3.i. indicates 

whether the model’s output is acceptable in meeting the design criteria within a 99% 

level of confidence. As can be seen, all the assemblies have a flow volume variance that 

is acceptable within the 99% confidence interval as set by the design criteria. 
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Table 2.4.3.i. Acceptance Criteria of Simulation Output Data  

with Preliminary Design Data for Simulation Model Sector 3 

 

g) Comment on the Evaluation of the Simulation Model Sectors: 

The three Simulation Model Sectors featured above include in total sixty-one assemblies 

or PEMS; each PEM including a detailed specification of model components and 

selection of variables, as well as the formulation of functional relationships, all of which 

are inherent in the AIB blackboard model that is used to integrate the design criteria of 

each of the PEM blocks of the Extend Process Simulation Model. As an indication of the 

sheer size of this Process Simulation Model, the three sectors featured above can be seen, 

on closer scrutiny, ranging along the top half of Figure 2.4.3.h. The general configuration 

of the entire Process Simulation Model is given in Figures 2.4.3.h through to 2.4.3.k. 

Dynamic systems simulation models of this size and complexity are not trivial in their 

construction, nor in their evaluation, especially when it becomes essential to evaluate 

each PEM for the correct flow volumes to meet the required preliminary design criteria. 

         ASSEMBLY 
DESIGN 
FLOW 
VOL. 

DESIGN 
MIN. VOL. 
2.5% TOL. 

DESIGN 
MAX. VOL. 
2.5% TOL. 

MODEL 
FLOW 
VOL. 

MODEL 
MIN. 
VOL. 

MODEL 
MAX. 
VOL. 

YES / 
NO AT 
99% 

Desilicator 1 1250 1220 1280 1255 1245 1265 YES 

Desilicator 2 968 943 993 967.5 960 975 YES 

Desilicator 3 968 943 993 967.5 960 975 YES 

Desilicator 4 1250 1220 1280 1255 1245 1265 YES 

Desilicator 5 968 943 993 967.5 960 975 YES 

Slurry Splitter Box 1 1250 1220 1280 1250 1245 1255 YES 

Slurry Splitter Box 2 968 943 993 967.5 960 975 YES 

Slurry Splitter Box 3 968 943 993 967.5 960 975 YES 

Slurry Splitter Box 4 1250 1220 1280 1250 1245 1255 YES 

Slurry Forwarding Pump 1 1250 1220 1280 1250 1240 1260 YES 

Slurry Forwarding Pump 2 968 943 993 967.5 955 980 YES 

Slurry Forwarding Pump 3 968 943 993 967.5 955 980 YES 

Slurry Forwarding Pump 4 968 943 993 967.5 955 980 YES 

Slurry Forwarding Pump 5 968 943 993 967.5 955 980 YES 

Slurry Forwarding Pump 6 1250 1220 1280 1250 1240 1260 YES 

Desilicator Disch. Pump 1 323 315 330 325 320 330 YES 

Desilicator Disch. Pump 2 323 315 330 325 320 330 YES 

Desilicator Disch. Pump 3 323 315 330 325 320 330 YES 

Desilicator Disch. Pump 4 323 315 330 325 320 330 YES 

Desilicator Disch. Pump 5 323 315 330 325 320 330 YES 

Desilicator Disch. Pump 6 323 315 330 325 320 330 YES 
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2.4.3.C.  APPLICATION MODELLING OUTCOME 

 

Verification of the Extend Process Simulation Model with the PEM blocks included the 

specification of model components as well as the formulation of functional relationships, 

all of which are inherent in the AIB blackboard model that is used to control the design 

knowledge sources and integrate the knowledge-based design applications. In contrast to 

model verification however, the validity of the simulation model depended on the ability 

of the model to predict the results of the model’s behaviour. However, validation of the 

simulation model was not based on a correlation of the mean values of the model’s output 

data and the specified design flow volumes for each PEM, due to possible problems of 

autocorrelation and the limited number of simulation model runs not being large enough 

to justify statistical spectral analysis of the output data. Rather, statistical inference was 

applied to determine whether the range of the model’s output data fell between 

acceptable lower and upper confidence limits within a specified exact probability. In 

order to determine such a confidence range or interval with a lower tolerance limit (LL) 

and an upper tolerance limit (UL), the specified design flow volume was used as the 

mean and the allowable design tolerance of  2.5% of the mean was used as the standard 

deviation in the statistical t-distribution at a 99% level of confidence for ten simulation 

runs. The minimum and maximum values of the simulation model’s output data were 

then compared against this confidence range or interval to determine whether the model’s 

output was acceptable in meeting the design criteria. As indicated in Tables 2.4.3.c. 

2.4.3.f. and 2.4.3.i. not all of the assemblies listed met the required design criteria, 

indicating that the simulation model failed at a 99% level of confidence. The statistical 

approach of determining confidence intervals using the t-distribution was repeated for 

95% and 90% levels of confidence. All of the simulation model’s output data was found 

to meet the required design criteria at a 90% level of confidence. This implied that the 

Extend Process Simulation Model with the PEM blocks was capable of predicting 

process output within a 10% margin of error for each PEM. Due to the fact that the model 

simulated a complex integrated continuous process flow, the 90% level of confidence 

was acceptable for the preliminary design phase of the engineered installation. 
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CHAPTER 5. SAFETY AND RISK IN ENGINEERING DESIGN 

 

2.5.1.  INTRODUCTION 

 

  The previous two chapters dealt with an analysis of engineering design that 

considered the prediction, assessment and evaluation of systems reliability and functional 

performance, and of systems availability and maintainability during process ramp-up and 

production. In this chapter, the introduction of new or altered systems into a complex process 

environment is investigated, whereby safety with respect to risk and loss through accidents or 

incidents resulting from the complex integration of systems is predicted, assessed and evaluated, 

to ensure that the design will be as free from risk as is reasonably practicable. Risk relates to the 

combination of the likelihood of hazards occurring and to the severity of their outcome or 

consequence. An accident or incident may be defined as an unintended event that results in either 

a critical or non-critical loss. In this case, loss may include events such as death or personal 

injury and environmental or financial losses, according to a relative scale of safety criticality. 

 

Safety in engineering design starts by identifying the possible hazards of the new system, which 

are system states that can lead to an accident or incident. This is typically conducted through a 

series of collaborative hazards analysis sessions, during which keyword prompts and checklists 

are used to aid identification of hazardous system states. Suitably qualified experts representing 

all the areas that are relevant to the system being designed must participate in these sessions. 

Normally a causal analysis is then conducted, which involves identifying various cause-effect 

sequences of hazardous events that may combine to cause the hazards already identified. 

Thereafter, a consequence analysis is conducted which identifies the next sequences of events 

that could lead from a hazard to an accident or incident. Working through these phases of 

analysis, and iterating where appropriate, a safety case is prepared which relates to an assurance 

that the system is relatively safe.  

 

This assurance is not a statement that the system is risk free - almost no system of any 

complexity can demonstrate this property. Instead risks are typically divided into three 

categories, and each category is treated slightly differently: 
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 Intolerable risks: These are risks that are not acceptable under any circumstances - for 

example the hazardous exposure to process products of a system that have a high likelihood 

of affecting workers occupational safety and health. The engineering design will need to 

include ways of removing such risks, or of drastically reducing their severity. The safety case 

must show that no such risks remain in the system. 

 

 Tolerable risks: These are risks that are considered acceptable provided they confer some 

benefit and the risk has been reduced as much as was reasonably practicable. The “benefit” 

may be hard to measure objectively, especially in placing a cost value on accidents such as 

personal injury or death in respect to the cost of preventive measures. A typical example is 

the consideration of tolerable risks in the case of large construction projects of engineered 

installations during which accidents and incidents are inevitable. The safety case would argue 

that there is a trade-off benefit of allowing certain risks at a given criticality level. 

 

 Negligible risks: These are risks that are so small as to be insignificant, and no further 

precautions are considered necessary. The safety case would only include negligible risks 

that merit attention, such as those previously considered to be relatively significant risks. 

 

Designing for safety entails definitive risk reduction measures and involves conducting or 

specifying mitigation strategies to first reduce the likelihood that a hazard will result in an 

accident or incident, and second to aim at reducing the severity of the likely event. Because 

designing for safety strives for confidence in the results of these strategies, and the need for an 

objective systems scrutiny from a safety viewpoint, it typically involves systematic safety 

analysis, with independent safety prediction, safety assessment, and safety evaluation audits 

dovetailing with the respective schematic, preliminary and detail design phases of the overall 

engineering design process. Designing for safety tends to be both costly and time consuming 

because of the number of domain and other experts needed to determine those areas of high 

safety risk in the total integrated engineering design, the wide range of factors that need to be 

considered, and the implementation of additional safety control systems. Techniques that are to 

be added into this work must therefore be cost and time effective, whilst fitting within existing as 

well as new methodologies in determining the integrity of engineering design. 

 



 451 

Safety and hazards analysis provide a comprehensive methodology for designing for safety. 

The initial hazards analysis should begin at the earliest concept formation stages of systems 

design, and the information should be used to guide the emerging design with respect to safety 

requirements throughout the engineering design process. Later equipment hazards analysis 

information is used to evaluate the integrity of the design and to make trade-off decisions. The 

development of a safety intent specification supports both the evolution of systems design as 

well as system safety analysis. The design rationale for safety issues that are normally lost during 

the design’s development stages, are preserved in a single, logically structured document (or 

electronic database) that is based upon fundamental principles of human problem solving. 

Safety-related requirements and design constraints are traced from the highest systems levels, 

down through system design to component design and into hardware schematics and detail 

design specifications. An important feature of the safety intent specification is that it integrates 

formal and informal design specifications. 

 

It is thus during the design stage of an engineering project when major improvements in safety 

and occupational health relating to construction, ramp-up and operation of an engineered 

installation can be achieved. However, there are real challenges involved in designing for safety 

in order to achieve the required step change in a safe and healthy environment in the construction 

and operation of industrial process plant and facilities. To date there have been many factors that 

have limited improvements in this area, such as a lack of time and funding – besides the lack of 

communication, understanding and commitment.  

 

The culture of a segmented engineering construction industry with its fragmented processes, 

along with the fact that many project clients are reticent in fully appreciating the significant 

added costs of designing for safety, must be critically addressed in order to break through into a 

new arena of safe working practices and performance. In appreciation of the challenges involved 

in designing for safety with the construction and operation of engineered installations, an agenda 

for change was developed at a major international conference on Designing for Safe and Healthy 

Construction, organised by the European Construction Institute (ECI) and the Conseil 

Internationale de Batiment (CIB W99) in London in June 2000 - in particular with respect to 

those changes required of process engineering designs [ECI 2001]. 
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The required changes included: 

 

 Recognising the fact that engineering designs will dictate, to a considerable degree, the 

nature and extent of hazards that will pose a threat to worker safety and health, not only 

during construction but throughout the life cycle of the project. 

 Concentrating on significant complex risks which competent contractors would not be 

expected to be aware of, rather than on easily identified residual risks. 

 Achieving better risk identification methods. 

 Utilising different levels of risk assessment at different stages in the project. 

 Concentrating on interfaces between systems where high risks occur. 

 Developing a better awareness of safe working practices and ergonomics. 

 Making occupational safety and health (OSH) a top priority in the design process. 

 Considering OSH implications in the earlier part of the engineering design process, such 

as safety predictions during the conceptual design phase. 

 Recognising duty of care in considering OSH requirements in engineering designs, and 

the design’s impact on construction activities. 

 Maximising the use of innovative techniques and methodology that reduces OSH risk, 

such as pre-assembly and/or off-site manufacturing, and standardisation of equipment. 

 Using the appropriate CAD systems to schematically examine the project during the 

preliminary design phase, to determine engineering design integrity. 

 Using intelligent computer automated methodology for determining the integrity of 

engineering design through the application of automated continual design reviews 

throughout the engineering design process. 

 Applying safety constructability reviews that contribute considerably to addressing 

construction worker safety in the design. 

 Maintaining communication feedback and risk data to reduce unplanned construction 

work over and above that required in the design. 

 Designing for safe access for maintenance personnel to restricted areas, including access 

for routine and preventive maintenance and for installation of replacement equipment. 

 Including risk analysis not only for construction, commissioning, ramp-up and operation, 

but also for decommissioning or deconstructing of plant and facilities. 
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Safety Engineering has also received much attention from the defence industry for several 

decades, particularly the U.S. Department of Defence. The first military safety document titled: 

“System Safety Engineering for the Development of United States Air Force (USAF) Ballistic 

Missiles”, was published in 1962. In 1963, the USAF published a document titled: “Safety 

Engineering of Systems and Associated Sub-Systems and Equipment”, [MIL-STD-38130 1963]. 

This document was superseded in 1969 by a document titled: “Requirements for Safety 

Engineering of Systems and Associated Sub-Systems and Equipment”, [MIL-STD-882], which 

has subsequently been updated in 1977, [MIL-STD-882A], in 1984, [MIL-STD-882B], in 1993, 

[MIL-STD-882C], and in 2000, [MIL-STD-882D]. Additional military safety documentation 

covering system safety include the U.S. Army handbook titled: “System Safety Design Guide 

for Army Materiel”, [MIL-HDBK-764 1994], and the U.S. Air Force Systems Command 

handbook titled: “System Safety Design Handbook”, [AFSC DH 1-6 1967]. The U.S. National 

Aeronautics and Space Administration (NASA) have also published a safety handbook titled: 

“System Safety Handbook”, [NASA DHB-S-00, 1999]. 

 

In any engineered installation, human factors are an important part of process control. 

Therefore, an effective safety programme cannot just consider the automated systems hierarchy, 

but must also consider the impact of human error on the system and the effect of systems design 

on errors in human judgement and control. Increased automation in complex systems has led to 

changes in the human controller’s role, and to new types of technology-induced human error. 

Such errors abound in records of major process catastrophes. In a detailed survey of incidents in 

the U.S. nuclear power industry [INPO, 84-027. 1984, 1985] it was revealed that of the roughly 

1000 identified root causes of incidents that were investigated, 51% were classified as “human 

performance problems”, and 74% of these (i.e. 38% of all root causes) were “maintenance 

related”, this being broadly defined to include preventive and corrective maintenance, 

surveillance testing and modification work. The Three Mile Island nuclear power generator 

accident in 1979 demonstrated the significance of human error. The accident was attributed to 

mechanical failure and operator error. Despite the fact that about half of the reactor core melted, 

the containment building that housed the reactor prevented any release of radioactivity, and the 

reactor's other protection systems also functioned as designed. The emergency core cooling 

system would have prevented the accident but for the intervention of the operators. 
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Investigations following the accident led to a new focus on the human factors in nuclear safety. 

No major design changes were called for in nuclear reactors, but controls and instrumentation 

were improved and operator training was overhauled. By way of contrast, the Chernobyl reactor 

in the Ukraine did not have a containment structure like those used in the West or in post-1980 

Soviet designs. The April 1986 disaster at the Chernobyl nuclear power plant was the result of 

major design deficiencies in the type of reactor, the violation of operating procedures and the 

absence of a safety culture. The accident destroyed the reactor, killed 31 people, 28 of whom 

died within weeks from radiation exposure. It also caused radiation sickness in a further 200-300 

staff and fire fighters, and contaminated large areas of Belarus, Ukraine, Russia and beyond. It is 

estimated that at least 5% of the total radioactive material in the Chernobyl-4 reactor core was 

released from the plant, due to the lack of any containment structure. Most of this was deposited 

as dust close by. Some was carried by wind over a wide area. About 130,000 people received 

significant radiation doses (i.e. above internationally accepted ICRP limits) and have been 

closely monitored. About 800 cases of thyroid cancer in children have been linked to the 

accident. Most of these were curable, though about ten have been fatal. No increase in leukaemia 

or other cancers have yet shown up, but some are expected. The World Health Organisation is 

closely monitoring most of those affected. An OECD expert report concluded that; "the 

Chernobyl accident has not brought to light any new, previously unknown phenomena or safety 

issues that are not resolved or otherwise covered by current reactor safety programs for 

commercial power reactors in OECD member countries" [OECD NEA 1995]. 

 

The IAEA has given a high priority to addressing the safety of nuclear power plants in Eastern 

Europe, where deficiencies remain. However, energy demand in these countries is such that there 

is little flexibility for closing even those plants that are of most concern, though the European 

Union is bringing pressure to bear, particularly in countries that aspire to EU membership. A 

major international program of assistance has been carried out by the OECD, IAEA and 

Commission of the European Communities to bring early Soviet-designed reactors up to near 

western safety standards, or at least to effect significant improvements to the plants and their 

operation. Modifications have been made to overcome deficiencies in the 13 reactors still 

operating in Russia and Lithuania. Automated inspection equipment has also been installed in 

these reactors as added safety precaution.  
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Another class of reactors that has been the focus of international attention for safety upgrades, is 

the first-generation of pressurised water reactors. These were designed before formal safety 

standards were issued in the Soviet Union and they lack many basic safety features. Eleven are 

operating to date in Bulgaria, Russia, Slovakia and Armenia [ANSTO, 1994]. In 1996 the 

Nuclear Safety Convention came into force. It is the first international legal instrument on the 

safety of nuclear power plants worldwide. It commits participating countries to maintain a high 

level of safety by setting international benchmarks to which they subscribe and against which 

they report. It has 65 signatories and has been ratified by 41 states. 

 

For the past two decades, the University of Washington, Seattle WA, USA, has been developing 

a theoretical foundation and methodology for analysing safety in complex systems, under grants 

from the U.S. National Aeronautics and Space Administration (NASA Langley, NASA Ames). 

The methodology includes safety analysis, system hazard analysis, control software design, and 

special techniques for the design of human-machine interaction [Leveson N.G. 1995]. What is 

especially appealing in this methodology is that it not only formulates system safety using 

control software in system automation for enhanced control of complex integrations of systems, 

but also considers human error analysis. Identification, classification, and evaluation of hazards 

are done through modelling and analysis in which the hardware, software, as well as human 

components in the system are considered.  

 

The problem of technology-induced human error on process systems control has been 

approached in two ways in designing for safety. The first is the detection of error-prone 

automation features early in the conceptual design phase of the engineering design process while 

significant changes can still be made. The information produced from this approach can be used 

to redesign process automation to eliminate any error-inducing features, or to design better 

human-machine interfaces, process operator procedures, and training programs. The second 

approach to safety analysis of human error is a more traditional form of human factors analysis. 

The method first looks at the types of human errors that could arise in the system, and then 

performs a comparative analysis of the controller’s job before and after system automation 

control. Potential safety issues are identified that involve decreased awareness, increased 

vigilance requirements, and skills degradation. 
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Risk in engineering design may simply be described as the process of risk analysis of hazardous 

systems at the conceptual, preliminary and detail design phases, with respect to risk prediction, 

risk assessment and risk evaluation respectively. The risk analysis process in engineering design 

is both iterative and progressive in that it is composed of five basic steps that are repeated for 

each progressive design phase as the design becomes increasingly complex and detailed. These 

five steps include the following: 

 

 Design definition 

 Hazards definition 

 Risk estimation 

 Risk verification 

 Results application 

 

Design definition entails defining the system under consideration according to the level of detail 

achieved at each particular design phase. Thus, at the conceptual design phase, the process and 

major systems are defined together with environmental conditions and general system physical 

and functional boundaries. At the schematic or preliminary design phase, the systems are 

reviewed inclusive of their major items of equipment (predominantly sub-systems and assembly 

sets), together with integrated systems conditions and specific equipment physical and functional 

boundaries. At the detail design phase the systems are reviewed in greater depth to include all 

items of equipment (e.g. assemblies and components) as well as major parts of components, 

together with intrinsic system conditions and component physical and functional boundaries. 

 

Hazards definition is basically concerned with the identification of hazards that are evident at 

each progressive level of design detail in the systems hierarchical structure. This step includes 

estimates of the significance of the identified hazards, whereby each phase of the risk analysis 

process not only results in an accumulation of potential hazards, but also results in the 

elimination of hazards that are found to be non-significant through progressive clarity of the 

level of detail achieved at each particular design phase. Analysis of hazards is done either 

through causal analysis, or through consequence analysis, or both, depending on the need to 

identify causes or consequences of the hazards respectively. 
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Risk estimation may be perceived as the application of a variety of methods and techniques for 

risk prediction, risk assessment, and risk evaluation. The prediction of risk is usually at a higher 

process and systems level with minimal clarity on detail, and is fundamentally useful in 

determining the configuration (inclusion of parallel redundancy) and initial sizing (maximum 

strength-stress safety margins) of the engineering design. Risk assessment is usually conducted 

at equipment level, and includes investigation of potential sources of hazards to determine the 

probability/likelihood of occurrence of the originating hazard and its associated consequences on 

the system’s operation as a whole. Risk assessment may also be targeted at the component level 

whereby functional failures are identified based on the severity of their intrinsic effects and the 

likelihood of their occurrence. 

 

Risk verification is basically concerned with verifying the suitability of the risk estimation 

techniques and their end results. It is fundamentally a design review process used to determine 

the integrity of engineering design through verification of the risk estimates. This is 

accomplished by considering the relevance and suitability of the various risk estimation and 

analysis methods with respect to their appropriateness in analysing the type of system and hazard 

being studied, as well as the format of the results with respect to a correct understanding of the 

priority, occurrence, and severity of the risk. 

 

Results application effectively incorporates the contents and results of the previous four risk 

analysis steps with the application of automated continual design reviews in concurrent 

engineering design throughout the engineering design process. In this research, these design 

reviews are modelled in an Artificial Intelligence Based (AIB) blackboard system that is 

targeted for use by multi-disciplinary groups of design engineers, whereby each designed system 

is evaluated for integrity by locally or remotely located design groups communicating via an 

Intranet or via the Internet, within an integrated collaborative engineering design environment. 

The reviews should contain information such as systems definition, analysis methodology and 

associated assumptions and limitations, modelling descriptions, quantitative data and methods of 

accumulation, the specific techniques of risk estimation and the results obtained, together with a 

discussion of the results, associated assumptions, and sensitivity analysis - all within intelligent 

computer automated methodology for determining the integrity of engineering design. 
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2.5.2. ANALYTIC DEVELOPMENT OF SAFETY AND RISK IN 

ENGINEERING DESIGN 

 

A significant factor in considering analytic development of safety and risk in engineering design 

is the extent to which probabilistic analysis and deterministic analysis can complement each 

other in safety and risk prediction, assessment, and evaluation of engineered installations at each 

respective phase of the engineering design process. This requires an understanding of the 

advantages of each specific approach taken in the analysis of safety, and the basic concepts of 

potential risk and residual risk. [de Gelder P. 1997]. 

 

Concepts of Risk: 

The prediction, assessment and evaluation of risk in the design of engineered installations have 

to distinguish between; 

 

 potential risk, which can lead to accidents or incidents if no protection measures are 

considered or taken, 

 residual risk, which remains after having considered all measures taken to prevent 

accidents or incidents, and to mitigate their consequences. 

 

The main contributions to residual risk stem from events that are not considered in the design, 

such as vessel rupture; an accident/incident progression worse then the assumptions considered 

in the design basis such as multiple failures, common mode failures (resulting in complete failure 

of a safety system), and operator errors; cumulative occurrence of initiating events that are 

considered in the design but not accounted for since cumulative occurrence is not considered to 

be a design basis event. As considered previously, the assessment of risk requires two measures, 

specifically the frequency of occurrence of potential accidents and the severity of their 

consequences. During the analysis of safety, both these measures are considered with the 

objective that accidents with the most significant consequences should have the lowest 

frequencies of occurrence. The main objective of safety analysis is to verify that measures taken 

at the design stage, as well as during construction and operation of the engineered installation, 

are adequate in achieving the prescribed safety requirements. 
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The Probabilistic Safety Analysis Approach: 

The probabilistic approach allows for the prediction or assessment of the major contributors to 

potential risk, and evaluation of the most significant contributors for further reduction of residual 

risk. The major steps in a probabilistic safety analysis are as follows: 

 

 Identification of the initiating events and the plant operational states to be considered. 

 Analysis of the possible accident scenarios, by means of event trees. 

 Reliability analysis, by means of fault trees, of the systems considered in the event trees. 

 Collection of probabilistic data (failure probabilities, unavailabilities for test and 

maintenance, initiating event frequencies). 

 Use of analytic techniques such as sneak analysis, genetic algorithms and neural nets. 

 Event sequence quantification, resulting in a frequency for each event. 

 Interpretation of the results (including sensitivity and importance analyses). 

 

The Deterministic Safety Analysis Approach: 

This approach has constituted a basis for the design of most high-risk engineered installations. 

The deterministic approach is based on regulations and guides established by the appropriate 

regulatory authority. The major steps in a deterministic safety analysis are the following: 

 

 Identification and categorisation of events considered in the design basis: 

At the beginning of the design stage, a list of initiating events to be covered in the design 

is established and constitutes the so-called design basis events. They are then grouped in 

categories, based on their estimated frequency of occurrence. This categorisation of the 

initiating events is basically into classes, depending on the significance of the overall risk 

posed by the engineered installation. For example, the following categorisation of the 

initiating events into classes, was established by the United States Nuclear Regulatory 

Commission for high risk engineered installations such as nuclear power plant; 

- Class 1: normal operation, 

- Class 2: incidents of moderate frequency, 

- Class 3: incidents/accidents of low frequency, 

- Class 4: hypothetical accidents. 
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 Analysis of enveloping scenarios: 

For each category, a number of enveloping scenarios are identified in such a way that 

their analysis covers all events to be considered in that category. Each enveloping 

scenario is then analysed by using some conservative assumptions in the initial conditions 

of the plant, such as; 

- power, flows, pressures, temperatures, 

- most unfavourable moment in the process cycle, 

- instrumentation uncertainties, 

- hypotheses concerning the accident/incident progression. 

 

 Evaluation of consequences: 

The potential consequences of these enveloping scenarios are analysed using 

conservative assumptions, such as: 

- the initial activity of a primary circuit is supposed to be equal to the maximum activity 

  allowed by the technical specifications, 

- unfavourable climatic conditions. 

 

 Verification with respect to acceptance criteria: 

The results of the analysis of the enveloping scenarios are finally compared with pre-

defined acceptance criteria. These acceptance criteria can be expressed in relation to 

parameters of the engineered installation and to the protection of people and the 

environment. When all analyses show that the acceptance criteria are met, the proposed 

design is acceptable with respect to the deterministic safety approach. 

  

The following paragraphs consider various methodologies for the analytic development of safety 

and risk in the design of engineered installations, that incorporate probabilistic analysis in the 

respective prediction, assessment and evaluation of safety and risk problems at each phase of the 

engineering design process. Analytic techniques such as Evolutionary Algorithms, as well as 

Genetic Algorithms and Neural Networks are considered, which are stochastic search and 

optimisation heuristics derived from classic evolution theory and implemented in intelligent 

computer automated methodology in the prediction, assessment and evaluation of safety and risk. 
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2.5.2.A. ANALYTIC DEVELOPMENT OF SAFETY AND RISK 

PREDICTION IN CONCEPTUAL DESIGN 

 

In this paragraph, the development of a design space is considered in which 

methods of design preferences and scenarios are integrated with analytic techniques such as 

Evolutionary and Genetic Algorithms and/or Neural Networks to perform multi–objective 

optimisation in designing for safety. In the last paragraph of this research; Paragraph 2.5.3: 

Application Modelling of Safety and Risk in Engineering Design, computer automated 

methodology is presented in which optimisation algorithms have been developed for 

application in Artificial Intelligence Based (AIB) modelling whereby knowledge-based 

expert systems within a blackboard model can be applied in determining the integrity of 

engineering design.  

 

2.5.2.A.i. Establishing an Analytic Basis for Developing an Intelligent 

Computer Automated System 

 

The goal is to establish an analytic basis for developing an intelligent computer automated 

system that will be able to work together with the designer during the different phases of the 

engineering design process - especially during the conceptual design phase when interaction and 

designer knowledge are sometimes more important than accuracy. 

 

a) A Computer Automated Design Space: 

The core of such a computer / human design space is presented in Figure 2.5.2.a. and consists 

mainly of four parts: 

 The designer/design team. 

 Fuzzy preference handling module (e.g.. for objective importance specification).  

 Dynamic constraints handling module (scenarios etc.). 

 Analytic module for multi-objective optimisation. 

 

Furthermore, such a design space must be suited to applied concurrent engineering design in 

an integrated collaborative design environment in which automated continual design reviews 

may be conducted throughout the engineering design process by remotely located design groups.  
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Therefore, interaction with the designer (or design team) is very important. The goal is to 

provide the designer during the conceptual phase of the engineering design process with a 

multiple criteria decision aid for multiple criteria decision-making. The methodology is generic 

and could be easily integrated with other conceptual design problems. 

 

 

       Designer 

      (Engineer) 
 

 

  Constraint                       Fuzzy Rules 

     Module                   Module 

 

      

       Optimisation  

         Module 

 

 

 

Figure 2.5.2.a. Schema of a Conceptual Design Space 

 

b) Preferences and Fuzzy Rules: 

The problem of qualitative versus quantitative characterisation of the relative importance of 

objectives in a multi–objective optimisation framework is usually encountered during the 

conceptual design phase. At this initial stage of the engineering design process, it is much easier 

for the designer to give qualitative definition to the objectives (i.e. “objective A is much more 

important than objective B”), than to set a weighted value of objective A to, say, 0.1 or to 0.09. 

The method of fuzzy preferences and induced preference order is used for information 

transformation in which the following predicates are introduced [Fodor J. et al. 1994]: 

 

     Relation    Intended Meaning 

     is equally important 

  <   is less important 

  <<   is much less important 

  #    don’t know 

     is not important  

  !    is important 
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These predicates, together with the complementary relations of > and >>, can help build the 

relationship matrix R necessary for “words to numbers” transformation, and the induced order 

for the relation R. Integrated preferences in multi–objective optimisation techniques basically 

include two methods; one that uses weighted sums, and one that uses a modified Pareto method 

that computes the objective weights.  

 

c) Dynamic Constraints and Scenarios: 

The other second tier module from Figure 2.5.2.a. handles dynamic constraints and scenarios. 

Each scenario is a set of additional constraints or objectives that the designer can change, add 

and/or delete interactively. More formally, a scenario is represented as conjunctions of relations 

(constraints) in a fairly precise mathematical/modelling language. Each scenario is a function of 

variables, objectives and possible additional parameters. In an optimisation framework, these 

scenarios could return a value as a percentage of the relations satisfied for given input values. 

The concept behind the scenarios is that the designer can specify conditions that are not part of 

the mathematical model (such as ‘set y5  [0, 4], or, if not possible, then set y1 + y3 > 100’). 

This allows the designer to focus on certain regions of the design space. An additional advantage 

of scenarios is that they are dynamic and are interpreted ad hoc without any need for changing 

the program or mathematical model. They can thus be added, modified or deleted ‘on–line’. 

Integrating scenarios in the design space provides the ability to assign a different level of 

importance to each scenario, and to calculate the value of a set of scenarios in different ways: 

 Using weights or preferences for specifying scenario importance. 

 Calculating multiple scenario values. 

 Considering only one scenario at a time. 

 

The third approach is adopted in the automated methodology presented in Paragraph 2.5.3: 

Application Modelling of Safety and Risk in Engineering Design, as it enables the use of various 

imbedded software programs (or analytic methods) that can analyse the various scenarios and 

signal any possibility or impossibility of satisfying the design constraints. In the application of 

optimisation algorithms in AIB modelling within a blackboard model, such as presented in 

Paragraph 2.5.3. there is no need for specifying (quantitatively or qualitatively) the importance 

(as in the first method) or the order (as in the second method) of the various scenarios. 
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d) The Optimisation Module: 

 

Optimisation in the early phases of engineering design represents a rather insignificant part of the 

overall design problem. The fuzzy nature of initial design concepts, and efficient exploration 

across the many different variants that the designer needs to assess, is of greater interest. The 

methods of design preferences and scenarios are integrated with analytic techniques such as 

Evolutionary and Genetic Algorithms and/or Neural Networks to perform multi–objective 

optimisation in designing for safety. Evolutionary computing (including evolutionary 

algorithms, genetic algorithms, and related models such as neural networks) is based on a 

continuous and probabilistic representation of algorithmic optimisation (e.g. weight matrices), 

that would likely be able to provide the best scenario for design optimisation, in the sense that it 

achieves a better design with respect to performance, depending on the design problem 

[Cvetkovic D. et al. 1998]. 

 

2.5.2.A.ii. Evolutionary Computing and Evolutionary Design 

Design optimisation is a fairly common computational approach that attempts to utilize design 

requirements as an integral part of the design space. Design optimisation views requirements as a 

fixed set of criteria, and creates an evaluation function (which is referred to as the fitness 

function in Artificial Intelligence literature), against which the design solutions are weighed. 

However, design is seldom a static activity in time, especially during conceptual design. 

Requirements as well as design solutions change as the search for the best design progresses. 

This places a significant demand on the development of a suitable computational environment 

for interdisciplinary design collaboration in which various techniques for design concept 

generation as well as the evolution of design requirements and solutions are established, 

prompting a need for evolutionary techniques for design optimisation [Tang, M. 1997]. 

 

The integration of evolutionary computing with Artificial Intelligence based (AIB) design 

methodology allows for the development and integration of the basic building blocks of design 

(or examples of past or existing designs) that are represented in a design knowledge base. 

Several general-purpose design knowledge sources (or support systems) are similarly developed 

to support the design knowledge base.  
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The design knowledge sources (or support systems) are developed to support the following 

design activities [Tang, M. 1997]; 

 synthesis of conceptual design solutions from building blocks of design models and 

initial design requirements, using inductive learning techniques, 

 transferring conceptual design solutions into detailed design models containing spatial, 

geometric and structural knowledge, 

 manipulation and partition of detailed design models into smaller design problem spaces 

containing suitably constrained design variables and constraints, 

 searching for solutions in the partitioned design problem spaces using evolutionary 

computing techniques, 

 exploration of alternative design solutions when considering different design issues, 

 documentation and explanation of design results. 

 

 

 

 

Figure 2.5.2.b. Selecting Design Objects in the Design Knowledge Base 
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The design knowledge base and design knowledge sources form the core of an integrated design 

support system. An Artificial Intelligence based (AIB) blackboard system is used to control the 

design knowledge sources and integrate the knowledge-based design applications. The design 

knowledge base contains design objects, constraints in terms of intended function and interfaces, 

as well as detailed information in terms of materials and geometry etc. The design knowledge 

base is developed by a knowledge engineer or by the various design teams. The design objects 

in the design knowledge base can be selected and synthesised to generate conceptual design 

solutions, as graphically indicated in figures 2.5.2.b. and 2.5.2.c. At an abstract level, a 

conceptual design solution identifies the basic components and their topological arrangement to 

the satisfaction of initial design requirements. At the early stages of the design process, many 

alternative conceptual design solutions must be analysed, evaluated, and selected before 

confirming a design concept that can progressively evolve in detail for further investigation.  

 

 

Figure 2.5.2.c. Conceptual Design Solution of the Layout of a Gas Cooling Plant 
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Once a conceptual design solution is selected, it is transformed into a schematic design model 

using the knowledge stored in advance in the design knowledge base. A schematic design model 

contains design variables and constraints describing the structural and geometric feature of the 

design. A schematic design model of the Gas Cooling Plant is graphically illustrated in Figure 

2.5.2.d. After evaluation of the design variables and constraints describing the structural and 

geometric feature of the design, a detail design model is prepared. In process engineering 

design, a detail design model typically has variables and constraints representing embodiment, 

structure and assembly, and dynamic flow and energy balance information of the process layout. 

A detail design model of the Scrubber System of the Gas Cooling Plant is graphically illustrated 

in Figure 2.5.2.e. A detail design model is computationally represented as a network of design 

variables and constraints that can be manipulated to identify critical equipment for example, 

using constraint-based techniques [Smithers et al. 1990].  

 

 

Figure 2.5.2.d. Schematic Design Model of the Layout of a Gas Cooling Plant 
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Figure 2.5.2.e. Detail Design Model of the Scrubber in the Layout of a Gas Cooling Plant 

 

The network of design variables and constraints of a detail design model can be partitioned into 

smaller sets to identify relations. AI-based search methods such as genetic algorithms and neural 

networks, can then be used to find a set of design variable values that best satisfy the constraints. 

This partition can be done based on the following; 

 mathematical relations of the design variables, 

 assembly of the detail process model, 

 configuration of the systems layout, 

 heuristics introduced by designers. 

 

A partition of the constraint network identifies a small region of the design space in which, for 

example, design variables and constraints are evaluated to identify critical equipment in 

designing for safety. This small design space can then be meaningfully explored using 

evolutionary computing techniques such as evolutionary algorithms.  
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a) Fundamentals of Evolutionary Algorithms (EA): 

Evolutionary Algorithms (EA) are stochastic search and optimisation heuristics derived from 

classic evolution theory. The basic idea is that if only those individuals of a population that meet 

a certain selection criteria, reproduce, and the other individuals of the population die, the 

population will converge to those individuals that best meet the selection criteria. If imperfect 

reproduction is included, the population begins to explore the search space and will move to 

individuals that have an increased selection probability, whereby this property is passed down to 

their descendants through inheritance. This population dynamics follows the basic rule of the 

Darwinistic evolution theory, which can be described as the “survival of the fittest”. 

 

To solve optimisation problems with an evolutionary heuristic, the individual items of a 

population group have to represent a possible solution of a given problem, and the selection 

probability is set proportional to the quality of the represented solution. The quality of the 

represented solution is termed the fitness (F) of the individual item. Let A, B, C represent sets of 

individual items or population groups, and the current generation of the evolutionary process be 

indicated by s. Furthermore, a single individual item with the index i from the population A(s) is 

represented by ai (s). The quality of the solution represented by an individual item is termed the 

fitness Fi of the individual item ai (s). The selection probability of an individual item ai (s) is 

indicated by pi. When a description of alternative solutions consists of n elements, the i-th 

element forming a possible solution is termed attribute xi. An individual item consists of several 

attributes x that could represent a possible solution that can then be optimised [Bäck T. 1994]. 

 

An EA heuristic follows this basic scheme; 

 

i) initialise a population group A(s = 0) 

ii) evaluate fitness of all ai from A(s) 

iii) select the fittest ai as parents B(s) from A(s) 

iv) reproduce descendants C(s) from B(s). 

 

Deductively, until a specific criteria is met, it thus follows that: 

 

A(s+1)  =  C(s)  

 

Eq. 2.5.2.0 
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In the first step, a population of random possible solutions is identified. The EA generational 

loop is then initialised whereby the fitness Fi for each individual item ai (s) within the current 

population A(s) is evaluated. The best individual items ai are selected from the population A(s) 

as parents B(s) for the next generation. The selection probability pi is set proportional to the 

fitness Fi of the individual item. From the selected parents B(s) descendants are reproduced to 

form the population C(s). In all EA heuristics the descendants are either imperfect clones of the 

parents with small variations, or the descendants are the product of multiple parents and inherit 

some attributes from the associated parents. The descendants C(s) form the next generation 

denoted by the expression: A(s+1) = C(s).  

 

A significant property of EA heuristics is that the search space is not explored by starting with 

only one possible solution, but with a whole population of possible solutions, in which the 

individual items of a population group can exchange solution attributes between them. Thus, an 

EA heuristic is more resistant to premature convergence towards a local optima in the search 

space, than general optimisation techniques, however these evolutionary algorithmic techniques 

are not guaranteed to find a global optimum.  

 

Evolutionary computing techniques address design problems as a goal-directed search 

problem. This evolutionary approach is useful in engineering design applications. In such 

applications, the goal is to minimise the number of constraints that are violated in a particular 

design solution. The process of exploring a design solution involves symbolic computation in 

terms of constraint propagation and satisfaction. This exploration process is common to most 

engineering design domains. However, whilst the evolutionary computing approach relies more 

on automatic formation and evolution of design concepts, the EA heuristic approach emphasises 

the use of symbolic computation and heuristic-based evaluation and selection of a potentially 

large number of solutions, before any automatic searching methods are used [Tang et al. 1997]. 

The latter is particularly important in engineering design where the search space for a design 

solution needs to be confined to a small region. The EA heuristic approach can then be usefully 

employed, applying specific techniques such as genetic algorithms that seamlessly scale 

between the exploration of the search space through genetic crossover and mutation and the 

exploitation of known optima through selection of fit individual items. 
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b) Fundamentals of Genetic Algorithms (GA): 

Genetic Algorithms (GA) originated from the work of John Holland and exhibit the most 

obvious mapping of natural evolutionary processes into a computer system, because they focus 

on the coding of attributes into a set of genes. The most common method of coding attributes is 

binary coding into a bit-string that represents these genes. Thus, some biological terms are used 

to illustrate the functionality of Genetic Algorithms [Holland J. 1992]: 

 

GA Individual Items: 

GA individual items store the solution attributes in a coded representation. The most common 

representation is the binary coding of an attribute in a chain of bits. The bit-string consists of L 

number of bits, which are clustered into meaningful data representing information typically in 

the form of semantics, such as words, wi. The decoded words w are the solution attributes x, 

which are to be optimised. Each attribute xi is assigned to the word wi. In the simplest case a 

word codes a real number. In this case, the real number attributes are limited to a range of values 

since the length l of a word is always limited. If the range of an attribute and the length l of a 

word wi is given, then the attribute is fixed to a real number. This coding is called standard 

binary coding. Similar coding styles can be found for nearly every data type that can be used as 

an attribute of a GA individual item, and can thus be optimised using the GA search heuristic. 

After the attributes xi of an individual item have been determined, for instance by decoding the 

word wi, the fitness Fi can be calculated by using a target function F(xi) as the fitness function. 

After the fitness for every individual ai of the population A(s) has been calculated, the best 

individual items of the population group A(s) are selected to be the parents of the next generation 

A(s+1). This is called Holland’s fixed-length coding [Holland J. 1992].  

 

The main advantages of Genetic Algorithms are that they are very easy to implement and they 

can be applied to nearly every kind of optimisation problem. Because of the general binary 

coding style, almost any data type can be stored in an individual item and then be optimised by 

the GA heuristic. However, there are also some drawbacks using binary coding. For example, if 

real numbers are used as attributes, they become discretised (i.e. distinctively separate), and 

because of the non-linear behaviour of standard binary coding, the search space for a design 

solution that is confined to a small region, can get disrupted. 
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2.5.2.B. ANALYTIC DEVELOPMENT OF SAFETY AND RISK 

ASSESSMENT IN PRELIMINARY DESIGN 

 

 

For safety systems whose failure could result in loss of life, it is imperative that 

the best use is made of systems which are optimal and not just adequate, and that a design 

optimisation scheme is applied for systems that require a high likelihood of functional reliability 

on demand. Considering a more advanced analytic development of safety and risk assessment in 

preliminary design, a genetic algorithm (GA) is used to perform the design optimisation, 

resulting in a design specification for later evaluation during the detail design phase. Analyses of 

individual system designs are carried out using the latest advances in fault tree analysis (FTA) 

techniques utilizing the binary decision diagram (BDD) approach, whereby the method can be 

applied to high integrity protection systems (HIPS). Varying parameters, which inevitably affect 

the action of the GA, are thus considered to determine certain areas where the application of 

genetic algorithms for safety and risk assessment in preliminary design could be improved. 

 

2.5.2.B.i. Genetic Algorithms in Optimal Safety System Design 

 

Failure of a safety system for a potentially hazardous industrial process may have severe 

consequences, possibly resulting in personal injuries or loss of life. It is therefore imperative that 

such systems have a high likelihood of functioning on demand. One measure of system 

performance is the probability that the system will fail to operate when required. Typically the 

preliminary design of a safety system follows the traditional design process of analysis, 

assessment, appraisal and redesign. If, following analysis, the preliminary design does not meet 

some predetermined acceptability target for system reliability, deficiencies in the design are 

removed and the assessment and appraisal stages are repeated. Once the predicted system 

reliability of a design reaches the acceptable criteria, the design process stops and the system is 

adopted. For a system whose failure could result in fatality, it would inevitably be considered 

that a merely adequate level for system reliability is not sufficient. It is highly unlikely however, 

that the design parameters can be manually selected such that optimal system performance can 

be achieved within the set design criteria and constraints.  
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An approach, by which optimal performance can be obtained using the fault tree analysis (FTA) 

method to determine the availability of each system design, was previously described in detail in 

Paragraph 2.5.2.B.ii. b) Design Optimisation in Designing for Safety. The method is in the form 

of an iterative scheme that produces a sequence of system designs gradually improving the safety 

system performance. When the design can no longer be improved due to restrictions of the 

design criteria constraints, the optimisation procedure terminates [Andrews J.D. 1994]. An 

alternative methodology is presented [Andrews J.D. et al 1997], which incorporated the latest 

advances in the fault tree analysis technique, using binary decision diagrams and utilizing a 

genetic algorithm (GA) to perform the optimisation [Painton L. et al 1995]. Further research 

considered the effects of modifying the GA process and the parameter values used, in order to 

make the GA process more accurate and effective [Pattison R.L. et al 1999]. 

 

a) Safety Design Considerations: 

 

Safety systems are designed to operate when certain conditions occur and to prevent their 

development into a hazardous situation. Where possible, safety systems should not be designed 

so that single component failures can prevent the system from functioning. To ensure this, 

several options are available [Pattison R.L. et al. 1999]: 

 Redundancy or diversity can be incorporated into the system.  

Redundancy duplicates elements within a system while diversity involves the addition of 

a totally different means of achieving the same function.  

 Component selection is a second design option. Each component selected for the design 

is chosen from a group of possible alternatives. The design engineer must decide how to 

trade off the specific characteristics of each component to give the most effective overall 

system performance.  

 The time interval between preventive maintenance activities is a further consideration. 

This is generally assigned on an ad hoc basis after the design has been fixed. Significant 

gains are to be made by considering the maintenance frequency at the design stage. 

 

The choice of design is not unrestricted in that practical considerations place limits on resources 

both during the design stage as well as the later stages of the engineered installation, which 

prevent a completely free choice of system design, rendering some design variations infeasible. 
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b) The Design Optimisation Problem: 

 

The objective of the design optimisation problem is to maximise design integrity by minimizing 

system unreliability and unavailability through manipulation of the design variables such that 

constraint propagated limitations are not violated. Different optimization approaches to 

determine optimal design solutions have included dynamic programming, integer programming, 

mixed integer programming, nonlinear programming, and heuristics. Dynamic programming in 

this context is applicable to maximize reliability for a system given a single cost constraint in 

which the problem is to identify the optimal levels of redundancy [Bellman R. E. et al. 1962]. 

The dynamic programming approach can also be applied to more difficult design problems in 

which a system has multiple subsystems and components, each with constraints on cost and 

weight. For each subsystem, several component choices are made with different reliability, cost 

and weight. However, to accommodate such multiple constraints, the use of a Lagrangian 

multiplier within the objective function is essential [Fyffe D. E. et al. 1968]. While such a 

formulation provides a selection of different components, the search space is restricted to only 

consider solutions where identical components are in parallel. The use of a Lagrangian multiplier 

with dynamic programming is however often inefficient, necessitating the use of a surrogate 

constraints approach instead of Lagrangian multipliers [Nakagawa Y. et al. 1981]. 

 

An alternate approach to the design optimisation problem has been to use integer programming. 

In applying integer programming, it is necessary to restrict the search space and prohibit mixing 

of different components within a subsystem. To maximize reliability given nonlinear but 

separable constraints, many variations of the problem can be transformed into an equivalent 

integer programming problem, using a branch-and-bound approach [Ghare P. M. et al. 1969]. 

The design optimisation problem can also be formulated as a multi-objective decision making 

problem with distinct goals for reliability, cost and weight [Misra K. B. et al. 1991]. There have 

been several effective uses of mixed integer and nonlinear programming to solve the redundancy 

allocation problem in optimizing a specific design. In these problems, component reliability is 

treated as a continuous variable and component cost is expressed as a function of reliability and 

several other parameters [Tillman F. A. et al. 1977].  
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While the redundancy allocation problem in design optimisation has been studied in great detail, 

and in practice many system designs use multiple different (yet functionally similar) components 

in parallel, two areas which have not been sufficiently analysed are the implications of mixing 

functionally similar components within a parallel subsystem and the use of k-out-of-n: G 

redundancy (where k > 1). A typical example is the determination of solutions to the redundancy 

allocation problem for a series-parallel system design comprising series-parallel components in a 

high integrity protection system (HIPS). In such cases, use of genetic algorithms (GAs) in 

design optimisation is most appropriate. The power of genetic algorithms is that they can easily 

be adapted to many diverse design scenarios including those concerned with mixing functionally 

similar components, k-out-of-n: G redundancy, and more complex forms of redundancy. 

 

c) Genetic Algorithms (GAs): 

 

The use of genetic algorithms (GAs) in designing for safety in process engineering systems is a 

new approach to determining solutions to the redundancy allocation problem for a series-parallel 

system design comprising multiple components in a high integrity protection system (HIPS). 

In such design problem formulations, there are specified numbers of subsystems and, for each 

subsystem, there are multiple component choices that can be selected and used in parallel. For 

designed systems using off-the-shelf component types, with known cost, reliability and weight, 

system design and component selection becomes a combinatorial optimisation problem where 

new system designs are composed largely of standard component types (e.g., pressure sensors, 

pressure control valves, etc.) with known characteristics. The problem is then to select the 

optimal combination of components with specific levels of redundancy, to collectively meet 

reliability and weight constraints at a minimum cost, or alternatively, to maximize reliability 

given cost and weight constraints.  

 

The GA optimisation approach is one of a family of heuristic optimisation techniques that has 

been demonstrated to converge to the optimal solution for many diverse difficult problems, 

although optimality cannot always be guaranteed. The ability of the GA to efficiently find good 

solutions often depends on properly customizing the encoding, operators and fitness measures to 

the specific engineering design problem. Genetic algorithms have been used to solve many 

difficult combinatorial optimisation problems with large and complex search spaces.  
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For a fixed design configuration and known incremental decreases in component failure rates 

and their associated costs, a GA can be used to find maximum reliability solutions to satisfy 

specific cost constraints [Painton L. et al 1995]. The algorithm can be formulated to optimise 

reliability, mean time between failure (MTBF), and availability. Genetic algorithms have also 

been used in the analysis of series-parallel systems with multiple subsystems and unique 

component choices for each subsystem [Coit D. W. et al. 1994], and to find solutions to the 

redundancy allocation problem where there are several failure modes [Ida K. et al. 1994]. An 

interesting feature of this work, which will be considered in greater detail in a later paragraph, is 

the use of neural network approximations to subsystem reliability, instead of exact solutions. 

 

The GA Methodology: 

A genetic algorithm (GA) is a stochastic optimisation technique patterned after natural selection 

in biological evolution [Goldberg D. E. 1989]. The main advantage of the GA is that there are 

very few restrictions on the form of the solutions. The GA thoroughly examines the search space 

and readily identifies design configurations which will improve the final solution, but would not 

be identified using prior dynamic programming, integer programming or nonlinear programming 

formulations of the same design optimisation problem. The GA methodology is characterized by: 

 

 Encoding of solutions. 

 Generation of an initial population. 

 Selection of parent solutions for breeding. 

 Crossover breeding operator. 

 Mutation operator. 

 Culling of inferior solutions. 

 Iteration i.e. repetition of steps 3 through 6 until termination criteria is met. 

 

An effective GA depends on complementary crossover and mutation operators. The 

effectiveness of the crossover operator dictates the rate of convergence, while the mutation 

operator prevents the algorithm from prematurely converging to local optima. The number of 

children and mutants produced with each generation are variable parameters that are held 

constant during a specific trial [Smith A. E. et al. 1996]. 
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Solution Encoding: 

Traditionally, solution encoding has been a binary string, as considered later in the example. For 

combinatorial optimisation however, an encoding using integer values can be more efficient. 

Each possible solution to the redundancy allocation problem can be viewed as a collection of 

components in parallel for each subsystem. The selected components can be chosen in any 

combination from among the available components. The selected components are indexed in 

descending order in accordance with their reliability (i.e. 1 representing the most reliable, etc.). 

The solution encoding is a vector representation in which each of the subsystems is represented 

by the selected components, which form a particular solution and are listed according to their 

reliability index. The subsystem representations are then placed adjacent to each other to 

complete the vector representation.  

 

As an example, consider a system with subsystems s = 3, with available components for each 

subsystem equating to m1 = 5, m2 = 4, m3 = 5 and the maximum number of components 

predetermined to be n max = 5. The solution string, v q = ( 11666 | 22355 | 46666 ) represents a 

prospective solution with two of the most reliable components used in parallel for the first 

subsystem; two of the second most reliable and one of the third most reliable components used in 

parallel for the second subsystem; and one of the fourth most reliable components used for the 

third subsystem. Certain assumptions are inevitably made, typically: 

 The component reliabilities are known and deterministic. 

 Failures of individual components are independent. 

 All redundancy is active redundancy without repair. 

 

Initial Population: 

In general, the minimum effective population size would grow with problem size. For example, 

for a given population size P, the initial population is determined by randomly selecting p 

solution vectors. For each solution, s integers are randomly selected to represent the number of 

components in parallel n i for a particular subsystem. Then, n i components are randomly and 

uniformly selected from among the m i available components. The selected components are 

sequenced in accordance to their reliability.  
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Objective Function: 

A typical objective function of the redundancy allocation problem in design optimisation is the 

sum of the reliability or cost, and a dynamic penalty function determined by the relative degree 

of infeasibility of the solution set. Thus in the specific case of a redundancy allocation problem 

for a series-parallel system, the problem formulation is to maximize reliability (problem P1) or to 

minimize cost (problem P2), given that these constraints are specified for each subsystem. This is 

given in the algorithmic expressions of Equation 2.5.2.1. and Equation 2.5.2.2. 

 

       x 

Problem P1:    max   R i x ik i  
i =1 

 

  s 

Problem P2:     min  C i  x i C  

     i =1 
 

  s 

And:      W i  x i W  

     i =1 

 

Where:         R i x ik i  = reliability of subsystem i, given k.   

               C i  x i = total cost of subsystem i 

   W i  x i = total weight of subsystem i 

    k i = minimum number of components in parallel 

required for subsystem i to operate. 

 

Within the two problem formulations, system weight and cost are often defined as linear 

functions primarily because this is a reasonable representation of the cumulative effect of 

component cost and weight. It can be shown using probability principles that system reliability 

can be expressed as a function of the decision variable xi as indicated in Equation 2.5.2.3. 

However, with such a general form of system reliability, it is not possible to determine a linearly 

equivalent objective function (or constraint) as is done in integer programming formulations.  

        x 

R s x 1, x 2, … x s k    R i x ik i  
i =1 

 

Eq. 2.5.2.1 
 

Eq. 2.5.2.2 
 

Eq. 2.5.2.3 
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Dynamic Penalty Function: 

It is important to search through the infeasible region of the solution set, particularly for highly 

constrained problems, because in most cases the optimal solution can efficiently be reached via 

the infeasible region, and often, good feasible solutions are a product of breeding between a 

feasible and an infeasible solution.  

 

To provide an efficient search through the infeasible region, but to assure that the final best 

solution is feasible, a dynamic penalty function based on a significant criterion is defined to 

incrementally increase the penalty for infeasible solutions.  

 

For cost minimisation (problem P2), the objective and penalty functions are defined as follows: 

      s 

f ( v q ) =      C i  x i + P ( v q ) 

i = 1 

 

Where:    s = total number of subsystems 

    = Lagrangian multiplier vector 

    v q = vector encoding of solution q 

   f ( v q ) = fitness for the q member of the population 

C i  x i  objective function for total cost of subsystem i 

P ( v q ) = penalty function for the q member of the population 

 

Crossover Breeding Operator: 

The crossover breeding operator provides a thorough search of areas of the sample space that 

demonstrate to produce good solutions. For the developed GA, parents are selected based on the 

ordinal ranking of their objective function. A uniform random number U, between 1 and p is 

selected and the solution with the ranking closest to U is selected as a parent, following an 

appropriate selection procedure [Smith A. E. et al. 1993]. The crossover operator retains all 

identical genetic information from both parents, and is then randomly selected with equal 

probability from either of the two parents for components that differ. Because the solution 

encoding is ranked, matches will inevitably be found.  

 

Eq. 2.5.2.4 
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Mutation Operator: 

The mutation operator performs random perturbations to selected solutions. A predetermined 

number of mutations within a generation is set for each GA trial. Each value within the solution 

vector (which is randomly selected to be mutated) is changed with probability equal to the 

mutation rate. A mutated component is changed with 50 % probability, and a randomly chosen 

component with 50 % probability [Smith A. E. et al. 1996]. 

 

Evolution: 

A survival of the fittest strategy is employed. After crossover breeding, the p best solutions from 

among the previous generation and the new child vectors are retained to form the next 

generation. The fitness measure is the objective function value. Mutation is then performed after 

culling inferior solutions from the population. The best solution within the population is never 

chosen for mutation, to assure that the optimal solution is never altered via mutation. The GA is 

terminated after a pre-selected number of generations, although the optimal solution is usually 

reached much earlier.  

 

d) Systems Analysis with GAs and Fault Trees: 

 

Commonly with mathematical optimisation problems, such as linear programming, dynamic 

programming and various other optimisation techniques, an explicit objective function is derived 

which defines how the characteristic to be minimized is related to the variables. However, in 

many design optimisation problems an explicit objective function cannot be formulated, and 

system performance has to be assessed by fault tree analysis (FTA). This is often the case in 

safety systems design.  

 

The nature of the design variables also adds difficulty to the problem. Design variables that 

represent the levels of duplication for fully or partially redundant systems, as well as the period 

between preventive maintenance activities, are all integer. Furthermore, selecting component 

types is governed by Boolean variables, i.e. selection or non-selection. A numerical scheme is 

therefore required that produces integer values for these variables since it will not be appropriate 

to utilize a method where real numbers are rounded to the nearest whole number. 
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Constraints involved in this problem fall into the category of either explicit or implicit 

constraints. Expected maintenance downtime, for example, can be represented by an explicit 

function of the design parameters, however, the number of spurious process trips can only be 

assessed via a full analysis of the system, which will again require employment of the fault tree 

analysis methodology. As no explicit objective function exists for most preliminary designs of 

safety systems, particularly in redundancy allocation problems for design optimisation, fault 

trees are used to quantify system unreliability and/or unavailability of each potential design. It is 

however, a time-consuming and impractical task to construct a fault tree for each design 

variation, especially at the lower systems hierarchy levels.  

 

To resolve this difficulty, select events can be used to enable the construction of a single fault 

tree capable of representing causes of the system failure mode for each possible system design. 

Select events in the fault tree, which are either TRUE or FALSE, are utilized to switch on or off 

different branches to model the changes in the causes of failure for each design alternative. As an 

example, consider the choice of a valve type, from the possible alternative valves V1, V2 or V3 

in a safety system design [Pattison R.L. et al. 1999]. The fault tree is shown in Fig. 2.5.2.f. 

 

 

Figure 2.5.2.f. Fault Tree Structure for Safety Valve Selection 

[Pattison R.L. et al. 1999] 
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If valve type V1 is selected the select event H1, corresponding to the selection of this valve, is set 

to TRUE. Select events H2 and H3, corresponding to the selection of V2 and V3, are conversely 

set to FALSE. A contribution to the top event arises from the left-most branch only. The two 

right-most branches are in effect switched off. Levels of redundancy are handled similarly. 

Furthermore, the spurious trip frequency for each design is an implicit constraint that requires the 

use of fault trees analysis to assess its value. Select events are again used to construct a fault tree 

capable of representing each potential design for this failure mode. 

 

e) Algorithm Description using Binary Decision Diagrams: 

 

A binary decision diagram (BDD) is a type of oriented graph used notably for the description 

of algorithms. It basically consists of two types of nodes; the decision or test node and the output 

node. The decision node is equivalent to an if-then-else instruction that realizes a test on a binary 

variable and, according to this value, indicates the following node. The output node produces a 

value. There are two rules of BDD assemblage, namely; there is one and only one initial node 

(the entry point of the algorithm); the output point of a node can be connected to only one entry 

point of another node. More precisely, a BDD is a rooted, directed, a-cyclic graph with an 

unconstrained number of in-edges and two out-edges, one for each of the one and zero decision 

paths of any given variable. As a result, the BDD has only two terminal nodes, representing the 

final value of the expression, one or zero - although occasionally the zero (false) node and edges 

leading to it are omitted [Akers S.B. 1978; Bryant R.E. 1986].  

 

In order to improve efficiency of analysis, the binary decision diagram (BDD) method is used 

to solve the resulting fault tree. The BDD is composed of terminal and non-terminal vertices that 

are connected by branches in the diagram. Terminal vertices have either the value 0 or 1 whereas 

the non-terminal vertices correspond to the basic events of the fault tree. Each vertex has a 0 

branch which represents the basic event of non-occurrence (i.e. it works) and a 1 branch which 

represents the basic event of occurrence (i.e. it fails). Thus, all paths through the BDD terminate 

in one of two states, either a 1 state, which corresponds to system failure, or a 0 state, which 

corresponds to system success. The BDD represents the same logical function as the fault tree 

from which it is developed.  
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Analysis of a BDD has proven to be more efficient than the quantification of the fault tree 

structure. This is because evaluation of the minimal cut sets for quantification is not required. In 

addition the BDD produces more accurate results. As an example, consider the BDD illustrated 

in Figure 2.5.2.g. The fault tree structures for each system failure mode are converted to their 

equivalent BDD.  

 

Figure 2.5.2.g. Binary Decision Diagram (BDD) for Safety Valve Selection 

 

For the purpose of BDD construction, select events in the fault tree are treated as basic events. 

Using this process, the fault tree for the component selection design variables that is shown in 

Figure 2.5.2.f. can be represented by the BDD in Figure 2.5.2.g. The quantity q appearing on the 

1 and 0 branches developed from each node in Figure 2.5.2.g. represent the probability of each 

path. The select events are turned on or off by setting their probability to 1 or 0 respectively. 

Consider, for example, the design where Valve 1 has been selected for the fault tree shown in 

Figure 2.5.2.f. This is presented by S1 = 1, S2 = 0, S3 = 0 for the select events and hence the 

corresponding probabilities qS1 = 1, qS2 = 0 and qS3 = 0 are set on the equivalent BDD. The only 

path to a terminal 1 node leaves V1 and S1 on their 1-branches, which have probability qV1. The 

probability values assigned to each select event, which are determined by a particular design, are 

automatically assigned to the BDD.  Thus the major advantage of the BDD is its practicality. 
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f) Example of Genetic Algorithm Application: 

 

As an example, the BDD methodology is applied to a high-pressure protection system. The 

basic features of this high integrity protection system (HIPS) are shown in Figure 2.5.2.h. 

The function of the protection system is to prevent a high-pressure surge originating from 

process circulation pumps, to protect equipment located downstream of the process. The 

basic functions of the components of the system are shown in Table 2.5.2.a. 

 

 

 

 

 

Figure 2.5.2.h. High-Integrity Protection System (HIPS) 

 

The first level of protection is the Emergency Shutdown (ESD) Subsystem with its specific 

pressure control valves (PCVs). Pressure in the pipeline is monitored using pressure transmitters 

(P1, P2 and P3). When the pipeline pressure exceeds the permitted value, then the ESD system 

acts to close the Main PCV (V1) and Sub PCV (V2), together with the ESD Valve (V3).  

 

To provide an additional level of protection for high integrity, a second level of redundancy is 

incorporated by inclusion of a high-integrity protection system (HIP Subsystem). This works in a 

similar manner to the ESD system, but is completely independent in operation with its specific 

pressure control valves, HIPS V1 (V4) and HIPS V2 (V5).  

 

Even with a relatively simple system such as this, there are a vast number of options for the 

engineering designer to consider. In this example, it is required to determine values for the 

design variables given in Table 2.5.2.a.  
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Design criteria        Design variable 

 

How many ESD valves are required (0, 1, 2)?       E 

How many HIPS valves arc required (0, 1, 2)?      H 

How many pressure transmitters for each subsystem (0,1, 2, 3, 4)?   N1, N2 

How many transmitters are required to trip?       K1, K2  

Which ESD/HIPS valves should be selected?     V 

Which pressure transmitters should be selected?     P 

What should be the maintenance interval for each subsystem?   1, 2 

 

 

Table 2.5.2.a. Required Design Criteria and Variables 

 

Furthermore, several constraints have been placed on the design criteria as follows: 

 The total system cost must be minimised. 

 Spurious system shutdowns would be unacceptable if it was more than once per year. 

 The average downtime per year owing to preventive maintenance must be minimised. 

 

Genetic Algorithm Implementation: 

As previously indicated, genetic algorithms (GAs) belong to a class of robust optimisation 

techniques that use principles mimicking those of natural selection in genetics. Each individual 

design at assembly level, and at component level where such components have been identified in 

the preliminary design phase, is coded as a string of parameter values where each string is 

analogous to a chromosome in nature. The GA method is then applied with a population of 

strings, each string being assigned a measure of its fitness in the environment. Selection, (or 

reproduction as it is termed in genetics) then exploits this fitness measure. The greater the fitness 

value, the higher is the string’s chance of being selected for the next generation. The entire 

process is influenced by the action of the genetic operators, typically, crossover and mutation. 

Crossover involves crossing information between two solution strings that are already selected to 

enter the next generation. Mutation is the alteration of a parameter value on the solution string. 

Both operators enable exploration of different system designs. 
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To specify a safety system design, a value is assigned to each of the ten design variables given in 

Table 2.5.2.a. These values are then expressed in binary form such as a string of binary digits. 

Each variable is given a particular length, in order to accommodate the largest possible value in 

binary form. In total, each string representing the design variables can be interpreted as a set of 

concatenated integers coded in binary form. However, the restricted range of values assigned to 

each parameter does not in each case correspond to the representative binary range on the 

solution string. For this reason a procedure is used to code, and in subsequent generations, to 

check the feasibility of each string. 

 

Evaluating String Fitness: 

Constraints are incorporated into the optimisation by penalizing the fitness when they are 

violated by the design. The fitness of each string consists of four parts [Pattison R.L. et al. 1999]: 

 

(a) Probability of system failure unreliability. 

(b) Penalty for exceeding the total cost constraint. 

(c) Penalty for exceeding the total maintenance downtime constraint. 

(d) Penalty for exceeding the spurious trip constraint. 

 

The result is a fitness value for each design, which can be referred to as the penalized system 

unreliability of design. Calculating this system unreliability involves derivation of the penalty 

formula for excess cost, spurious trip occurrences, and maintenance downtime. If a particular 

design exceeds any of the stated limits, the respective penalty is added to the system unreliability 

of design. The formula used for the penalty function is described later. The penalized probability 

of system unreliability is thus calculated using the following expression: 

 

Q’ s  =  Q s + C P + T P + D P 

 

Where:   Q’ s = penalized probability of system unreliability 

Q s = un-penalized prob. of system unreliability 

C P  =  penalty due to excess cost 

 T P  =  penalty due to excess spurious trips 

 D P    =  penalty due to excess maintenance downtime (DT) 

 

Eq. 2.5.2.5 
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Derivation of the Penalty Formula: 

If the performance of a design is significantly improved owing to comparatively small excesses 

in one or more of the constraints, the specific design deserves further consideration. Excessive 

abuse of the limits with only a small degree of performance improvement conversely implies that 

the design be discarded. It is essential that an appropriate penalty be applied to the system 

unreliability when constraints are violated. For example, a spurious trip can affect the reliability 

of the system and result in a loss of production. For this reason a spurious trip is expressed in 

terms of unreliability and cost. This is achieved using a multiplying factor that, rather than being 

fixed, varies according to the system unreliability of the design as indicated in Equation 2.5.2.6. 

A penalty function based on subsystem unreliability and cost is defined to incrementally 

increase the penalty. This requires careful consideration of unreliability and cost minimisation of 

the design being penalized, where the objective and penalty functions are defined as follows: 

 

      s 

f System  =      [1 - R i  x iC i  x i 
i = 1 

 

Where:    s = total number of subsystems 

    x i = decision variable relating to system reliability 

   f System  = fitness function for system unreliability and cost 

R i  x i  objective function for total reliability of subsystem i 

C i  x i  objective function for total cost of subsystem i 

 

In this expression of the fitness function, the relationship between unreliability and excess cost is 

assumed to be linear. However, although small excesses in cost may be tolerated, as the extra 

cost becomes much larger its feasibility should significantly decrease. For this reason an 

exponential relationship is preferred for the objective function for the total cost of subsystem i, as 

given in Equation 2.5.2.6. To illustrate, consider a particular design in which a base level in 

system performance is assumed and an unreliability value of 0.02 (i.e. 0.98 or 98% reliability) 

for the system is considered reasonable. Should the cost of a design exceed a certain base level 

(say a 1000 units), the excess cost percentage should be reflected in the system unreliability as a 

corresponding percentage improvement about that base level.  

 

Eq. 2.5.2.6 
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If the relationship between unreliability and excess cost is assumed to be linear, a design that 

costs 1100 units should show an improvement of at least 0.002 in unreliability (i.e. 10%). 

However, the multiplying factor of 0.002, or 10 per cent of the base level performance, is the 

area of concern if the value is a fixed percentage of system unreliability. With such a fixed 

multiplying factor, the penalty formula does not properly take into account system unreliability 

of comparative designs that are being penalized. To further illustrate this, consider the following 

[Pattison R.L. et al. 1999]: 

 

Design A costs 1100 units and has an un-penalized system unreliability of 0.02 (i.e. reliability of 

0.98 or 98%). The objective function for total system cost is given as the exponential relationship 

of the ratio of total system costs to a base cost of 1000 units, which is modified by the power 5/4. 

This is expressed as: 

 

     s 

     C i  x i   C s  5/4 

i = 1       C b 

 

Applying the penalty function formula of Equation 2.5.2.6. gives the following : 

 

f System  = 0.02      x   1100  5/4 = 0.0225 

       1000 

 

The cost penalized fitness value is 0.0225, a fitness decrement of approximately 25% compared 

to the un-penalized unreliability of 0.02. 

 

Design B costs 1150 units but has an un-penalized system unreliability of 0.015 (i.e. reliability of 

0.985 or 98.5%). Applying the penalty formula gives a cost penalized fitness value of 0.018, a 

fitness decrement of approximately 20% compared to the un-penalized unreliability of 0.015. 

The comparative cost penalty for the fitter string (design A) is thus greater by 5% (25% – 20%). 

The difference in un-penalized system reliability between design A and design B is only 0.5%. 

Thus the penalty should take the fitness value of the system to be penalized into consideration. 

Consider therefore, a particular design with cost C. The percentage excess of the system’s cost is 

calculated as Xc. The multiplying factor is then derived by calculating Xc per cent of the system 

unreliability of the design under consideration. 

 

Eq. 2.5.2.7 
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Reproduction Probabilities: 

The fitness value, or penalized system unreliability, is evaluated for each string. For the purpose 

of selection in the GA, each string is assigned a reproduction probability that is directly related 

to its fitness value. In the safety system optimisation problem, the smaller the fitness value, the 

fitter is the string, and hence the greater should be its chance of reproduction. For cases such as 

these, a possible approach is to let the reproduction probability be one minus the fitness value. 

However, the penalized system unreliability fitness values may result in all reproduction 

probabilities of a string having similar values, thus detracting from the specific fitness 

information available to the GA. A more objective method is required which retains the accuracy 

of each string's fitness value during conversion to its corresponding reproduction probability.  

 

Converting the Fitness Value: 

Each design receives a measure of its fitness. This is the design string’s penalized system 

unreliability. However, this value is not in an appropriate form to be used directly in the selection 

process of the GA, since the smaller the fitness value, the better is the design. A specialized 

conversion method is required which gives rise to weighted percentages in accordance with the 

fitness value of each string. A system whose performance is twice as good as another should 

have twice the percentage allocation.  

 

One conversion method is to allocate each string to one of three categories according to its 

fitness value. Strings in category 1 are automatically given zero per cent as this category consists 

of poor system designs and are eliminated from the succeeding generation. Strings in category 2 

contain relatively unfit designs, and are allocated a relative portion up to a total of 5 per cent. 

The strings that fall into category 3 are of ultimate interest. The remaining 95 per cent is then 

allocated to each string, depending on how much their fitness value exceeds a base limit of 0.1. 

The percentage allocated to each category is fixed and, therefore, independent of the number of 

strings that it contains. Problems occur however, when a very high, or a very low, proportion of 

strings fall into a particular category, and an improved method is required which is able to cope 

with very diverse populations and simultaneously to show sensitivity to a highly fit set of strings. 

This is done by proportioning the percentage allocation for a category by a weighted distribution 

of the fitness value of each string in the category and the number of strings it contains. 
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GA Parameters: 

The GA requires the following selection parameters to be set: 

(a) population size, 

(b) cross-over rate, 

(c) mutation rate and 

(d) number of generations. 

 

The values entered for these parameters have a marked effect on the action of the GA and on the 

penalized system unreliability of the best overall string for each parameter set. To obtain an 

indication of the effect of setting each parameter to a particular value, the penalized system 

unreliability thus obtained is summed and averaged against typical results obtained for the 

mutation rate, crossover rate and population size for the example GA.  

 

g) Results of the GA Methodology: 

The simple example GA is a very effective design tool in its application to the high-pressure 

protection system shown in Figure 2.5.2.c. The modified cost penalty and the modified 

conversion method established the preferred GA methodology. This modified GA demonstrates 

the ability to find and explore the fittest areas of the search space and is able to differentiate 

between highly fit strings as the algorithm progresses, and retention of the best design over latter 

generations is achieved. Using the modified GA, the characteristics of the best design obtained 

for the design variables given in Table 2.5.2.a. are the following: 

 

Design criteria      Design variable  Subsystem 

           ESD HIPS 

 

How many ESD valves are required (0, 1, 2)?     E  0 - 

How many HIPS valves arc required (0, 1, 2)?    H  - 2 

How many transmitters for each subsystem (0,1, 2, 3, 4)?  N1, N2  4 4 

How many transmitters are required to trip?     K1, K2   1 2 

 

Table 2.5.2.b. GA Design Criteria and Variables Results 
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2.5.2.C. ANALYTIC DEVELOPMENT OF SAFETY AND RISK 

EVALUATION IN DETAIL DESIGN 
 

The engineering design process presents two fundamental problems: First, most 

engineering systems have complex, non-linear integrative functions. Second, the design process 

is fraught with uncertainty, typically when based on iterative evolutionary computational design. 

This trial and error feedback loop in detail design evaluation needs to be tightened by improving 

design analysis before the onset of system manufacturing or construction [Suri R. et al. 1989]. 

Artificial neural networks (ANN) offer feasible solutions to many design problems because of 

their capability to simultaneously relate multiple quantitative and qualitative variables, as well as 

their ability to form models based solely on minimal data, rather than assumptions of linearity or 

other static analytic relations. Basically, an artificial neural network is a behaviour model built 

through a process of learning from forecast example data of the system’s behaviour. The ANN 

is progressively modified using the example data, to become a usable model that can predict the 

system’s behaviour, expressed as relationships between the model’s variables. During the 

learning process, the network evaluates relationships between the descriptive or explicative data 

(i.e. network inputs) and the outcome or explained data (i.e. network outputs). The result of the 

learning process is a statistical model that is able to provide estimates of the likely outcome. 

The predictive power of the ANN is assessed on test data excluded from the learning process.  

 

Because artificial neural networks need training data, experimental results or similar systems 

data must be available. This, however, is usually a limited set as copious amounts of data cannot 

easily be generated in the detail design phase of the engineering design process. To obtain the 

best possible neural network models, and to validate results, strategies that maximize learning 

with sparse data must be adopted. One such method is the "leave-k-out" procedure for training 

(Lawrence 1991). A small number, k, vectors out of the training vectors are held back each time 

for testing, and networks are trained, changing the k hold back vectors each time. Since the size 

of each network is usually modest for product design applications, and the number of training 

vectors small, training proceeds rapidly and creating these multiple networks is not burdensome. 

Another method to make the most of sparse training data is to inject noise into the training set, 

creating multiple, noisy versions of each actual training vector. 
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2.5.2.C.i. Artificial Neural Network (ANN) Modelling 

Predictive artificial neural network (ANN) modelling can relate multiple quantitative and 

qualitative design parameters to system performance. These models allow engineering designers 

to iteratively and interactively test parameter changes and evaluate corresponding changes in 

system performance before a prototype is actually built and tested. This "what if" modelling 

ability both expedites and economises the design process, and eventually results in improved 

design integrity. ANN models can also supplement controlled experiments during systems 

testing to help ascertain optimum design specifications and tolerances. Artificial neural networks 

have been successfully applied to develop predictive networks for system performance 

sensitivity studies of the effects of alterations in design parameters. After translating as many 

parameters as possible into continuously valued numeric measures so that alternate designs can 

be better compared, a leave-k-out training procedure is used to develop predictive networks for 

performance on each of the quality tests, based on the design parameter specifications. A 

sensitivity model for each neural network is built by changing each design parameter in small 

increments across its range. Design engineers can thus use the models interactively to test the 

effects of design changes on system performance. In this way, designs can be optimised for 

performance given manufacturing / cost constraints before prototype models are built and tested 

[Ben Brahim. S. et al. 1992]. 

 

A further use of ANN models in engineering design is to act as an expert system, where rules 

are learned directly through system instances rather than defined through knowledge 

engineering. Artificial neural networks have also been successfully applied in engineering design 

by training a multi-layered network to act as an expert system in designing system mechanical 

components. The method uses documented design policies, heuristics, and calculations to 

construct a rule base (or decision table). The network is then trained on representative examples 

adhering to this rule base. This approach, which uses neural networks in lieu of expert systems, 

is advantageous in that rules are learned directly through design examples rather than through 

tedious, and often problematic, knowledge acquisition [Zarefar et al. 1992]. A disadvantage of 

using neural networks in lieu of expert systems though, is that explanation and tracing through 

the reasoning process are impossible; the neural networks then act essentially as a black box. The 

application of expert systems is considered later in greater detail. 
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However, the disadvantage of using expert systems on their own is the time required for analysis 

and formatting, which are increased and not decreased. Experts systems are slow to develop, and 

relatively expensive to update, as well as having fundamental, epistemological problems such as 

the appropriateness in representing knowledge in the form of decision rules or decision trees. 

The need to manually update expert systems each time expertise changes is cumbersome, while 

with artificial neural networks, all that is required is to launch a new learning process. The 

immense advantage of ANN models in lieu of expert systems is that analysis proceeds directly 

from factual data to the model without any manipulation of example data.  

 

Artificial neural networks can be mathematically termed universal approximators, (according 

to Kolmogorov’s Theorem, 1957), in that they have the ability to represent any function that is 

linear or non-linear, simple or complicated. Furthermore, they have the ability to learn from 

representative examples, by error-back-propagation. However, artificial neural networks supply 

answers, but not explanations. The ANN model embodies correlations (intuitive associations), 

not causal relations (explanations). ANN models are very predictive (i.e. the models are close to 

reality), rather explanatory (i.e. include typical profiles), but not descriptive. Examining the 

artificial neural network itself only shows meaningless numeric values. The neural model is 

fundamentally a black box. On the other hand, being continuous and derivable, one can explore 

ANN models beyond simple statistical interrogation to determine typical profiles, explicative 

variables (network inputs), and example data to determine their associated probabilities. 

Artificial neural networks have the ability to account for any functional dependency by 

discovering (i.e. learning and then modelling) the nature of the dependency without needing to 

be prompted. The process goes straight from the data to the model without intermediary 

interpretation or problem simplification. There are no inherent conditions placed on the predicted 

variable, which can be a Yes/No output, a continuous value, or one or more classes among n, etc. 

However, artificial neural networks are insensitive to unreliability in the data. 

 

Artificial neural networks have further been applied in engineering design in the predictive 

modelling of system behaviour using simulation augmented with neural network interpolation 

[Chryssolouris G. et al. 1989], as well as in interpolation of Taguchi robust design points so 

that a full factorial design can be simulated to search for optimal design parameter settings 

[Schmerr L.W. et al. 1991]. 
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An artificial neural network is a set of elements (i.e. neurodes, or more commonly, neurons), 

linked to one another, and that transmit information to each other through the connected links. 

Example data (a to i) is given as the inputs to the ANN model. Various values of the data are 

then transmitted through the connections, being modified during the traversal, until, on arrival at 

the bottom of the network, they have become the predicted values such as, for example, the pair 

of risk probabilities P1 and P2 as indicated in Figure 2.5.2.i. 

 

 

Figure 2.5.2.i. Schematic Layout of a Complex Artificial Neural Network 

 

a b c d e f g h i 

P1 P2 
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a) The Building Blocks of Artificial Neural Networks: 

Artificial neural networks (ANN) are highly distributed interconnections of adaptive non-linear 

processing elements (PEs), as depicted in Figure 2.5.2.j.  

 

 

Figure 2.5.2.j. The Building Blocks of Artificial Neural Networks 

 

Where:     is the non-linearity 

x i is the output of unit i 

x j is the input to unit j 

w ij are the weights that connect unit i to unit j 

 

The connection strengths, also called the network weights, can be adapted so that the network’s 

output matches a desired response. A more detailed view of a PE is shown in Figure 2.5.2.k. 

 

Figure 2.5.2.k. Detailed View of a Processing Element (PE) 

 

x i   =  (  w ij . x j ) 
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An artificial neural network is no more than an interconnection of PEs. The form of the 

interconnection provides one of the key variables for dividing neural networks into families. The 

most general case is the fully connected neural network. By definition any PE can feed or 

receive activations of any other including itself. Therefore, when the weights are represented in 

matrix form (the weight matrix), it will be fully populated. A 6 x 6 PE fully connected network 

is presented in Figure 2.5.2.l. 

 

 

Figure 2.5.2.l. A Fully Connected ANN, and its Weight Matrix 

 

This network is called a recurrent network. In recurrent networks some of the connections may 

be absent, but there are still feedback connections. An input presented to a recurrent network at 

time t, will affect the networks output for future time steps greater than t. Therefore, recurrent 

networks need to be operated over time. If the interconnection matrix is restricted to feedforward 

activations (no feedback nor self connections), the ANN is defined as a feedforward network.  

 

Feedforward networks are instantaneous mappers; i.e. the output is valid immediately after the 

presentation of an input. A special class of feedforward networks is the layered class, which is 

also termed a multi-layer perceptron (MLP). This describes a network that consists of a single 

layer of non-linear PEs without feedback connections. Multi-layer perceptrons have PEs 

arranged in layers whereby the layers that receive input are called the input layers, layers in 

contact with the outside world are called output layers, and layers without direct access to the 

outside world, i.e. connected to the input or output, are called hidden layers [Valluru B.R. 1995]. 
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The weight matrix of a multi-layer perceptron can be developed as follows: From the example 

MLP in Figure 2.5.2.m. the input layer contains PEs 1,2, and 3, the hidden layer contains PEs 4 

and 5, and the output layer contains PE 6. 

 

The MLP Structure: 

 

 

   The Weight Matrix Structure: 

 

    0 0 0 w 41 w 51 0 

    0 0 0 w 42 w 52 0 

    0 0 0 w 43 w 53 0 

    0 0 0 0 0 w 64 

    0 0 0 0 0 w 65 

    0 0 0 0 0 0 

 

Figures 2.5.2.m. and 2.5.2.n. Multilayer Perceptron and its Weight Matrix 

 

Figure 2.5.2.n. shows the MLP’s weight matrix. Most entries in the weight matrix of an MLP are 

zero. In particular, any feedforward network has at least the main diagonal, and the elements 

below it populated with zeros. Feedforward neural networks are therefore a special case of 

recurrent networks. Implementing partially connected topologies with the fully connected system 

and then zeroing weights is very inefficient, but is sometimes done, depending on the specific 

requirements for the artificial neural network. 
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b) Structure of Artificial Neural Networks: 

 A basic artificial neural network (ANN) structure thus consists of three layers: the input layer, 

the hidden layer, and the output layer, as indicated in Figure 2.5.2.o.  

 

 

 

 

 
 

 

 
 

Figure 2.5.2.o. Basic Structure of an Artificial Neural Network 

 

This MLP works in the following manner: For a given input vector; 

 

[ ( x 0 ) \ vec ]   =  { a 0, ... a i } 

 

the following output vector is computed: 

 

   [ ( o 0 ) \ vec ]   =  { c 0, ... c i }  

 

The ANN implements the function f where: 

 

f ( [ ( x 0 ) \ vec ] )  =  [ ( o 0 ) \ vec ] 

 

a0 b0 c0 

a1 b1 c1 

an bn cn 

W a0 b0 W b0 c0 

W an bn W bn cn 

Input 

layer 

Hidden 

layer 

Output 

layer 

Information propagation 

Eq. 2.5.2.8 
 

Eq. 2.5.2.9 
 

Eq. 2.5.2.10 
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The basic processing element (PE) group of the MLP is termed the artificial perceptron (AP). 

The AP has a set of input connections from PEs of another layer, as in indicated Figure 2.5.2.p.  

 

 

Figure 2.5.2.p. Input Connections of the Artificial Perceptron ( an, b1 ) 

 

An AP computes its output in the following fashion: The output is usually a real number, and is 

the function of the activation, z i where: 

 

     b i  =   i ( z i )  

 

The activation is computed as follows: 

 

z i  =   j  w j  a j  

  =  the activation function. 

There are many different activation functions () in use. ANNs that work with binary vectors 

usually use the step-function: 

 

           ( z )  =  1   

      z  [ ,  )  else 0      (usually  = 0) 

 

b1 

a0 

a1 

an 

W a0 b1 

W a1 b1 

W an b1 

Eq. 2.5.2.11 
 

Eq. 2.5.2.12 
 

Eq. 2.5.2.13 
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These activation functions () are called threshold logic units (TLUs); as indicated in the 

binary step-function illustrated in Figure 2.5.2.q. 

 

 

Figure 2.5.2.q. The Binary Step-function Threshold Logic Unit (TLU) 

 

Non-binary ANNs often use the sigmoid function as activation function where the parameter  

determines the shape of the sigmoid, as indicated in Equation 2.5.2.9. and in Figure 2.5.2.r. 

 

 (z)  =  [ 1 / ( 1 + e z /  ) ]  

 

 

Figure 2.5.2.r. The Non-binary Sigmoid-function Threshold Logic Unit (TLU) 

 

The most significant advantage of an MLP is that the artificial neural network is highly parallel. 

The MLP is also robust in the presence of noise (i.e. deviations in input) where a small amount 

of noise will not drastically affect the output. Furthermore, it can deal with unseen output, 

through generalisation from the learned input-output combinations. 

 

Eq. 2.5.2.14 
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c) Learning in Artificial Neural Networks: 

 

The basic operation of each AP is to multiply its input values by a weight (one per input), add 

them together, place the result into a threshold function, and then send the result to the neurodes 

downstream in the following layer. The threshold function ensures that the activation value will 

not go beyond certain values (generally between 0 and 1) and prevents against catastrophic 

evolutions (loop effects where the values become higher and higher). 

 

The learning mechanism of artificial neural networks is as follows: Each set of example data is 

input to the ANN, then these values are propagated towards the output through the basic 

operation of each AP. The prediction obtained at the ANN’s output(s) is most probably 

erroneous, especially at the beginning. The error value is then computed as the difference 

between the expected value, and the actual output value. This error value is then back-propagated 

by going upwards in the network and modifying the weights proportionally to each AP’s 

contribution to the total error value. This mechanism is repeated for each set of example data in 

the learning set, while performance on the test set improves. This learning mechanism is called 

error back propagation. The method is not unique to artificial neural nets, and is a general 

method (i.e. gradient method) applicable to other evolutionary computation objects.  

 

For example, consider the input connections of the AP of an artificial neural network 

implementing the Boolean AND function ( = 2), is illustrated in Figure 2.5.2.s. 

 

 

 
 

 

 

 

Figure 2.5.2.s. Boolean-function Input Connections of the Artificial Perceptron ( an, o0 ) 
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a1 

Information propagation 
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Consider all the possible values of the ANN implementing the Boolean AND function ( = 2): 

 

  a 0 a 1 z o 0 

 0 0 0 0 

 0 1 1 0 

 1 0 1 0 

 1 1 2 1 

 

Table 2.5.2.c. Boolean-function Input Values of the Artificial Perceptron ( an, o0 ) 

 

The 2 dimensional pattern space of the AP can now be developed according to the values given 

in Table 2.5.2.c. as illustrated in Figure 2.5.2.t. The TLU classifies its input vectors into two 

classes, one for which the output is 0, the other for which the output is 1. The pattern space for 

an n input unit will be n dimensional. 

 

    

Figure 2.5.2.t. Boolean-function Pattern Space and TLU of the AP ( an, o0 ) 

 

If the TLU uses threshold , then, if for the [ ( x 0 ) \ vec ] input vector i w i a i   the output 

will be 1, else 0. The equation for the decision plane is: i w i a i = , which is a diagonal line, 

as illustrated in Figure 2.5.2.t.  

 

In the case of the previous example: 

 

w 0 a 0  + w 1 · a 1 =   a 1 = - (w 0  /  w 1 ) · a 0  +  (  /  w 1 ) 
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Learning Rules:  

Suppose y is a function of x (y = f (x)), f (x) is continuous, and the derivative dy / dx can be 

found at any point. However, if no information is available on the shape of f (x), local or global 

minimums cannot be found using classical methods of calculus. [ dy / dx ]x o is the slope of the 

tangent to the curve at x 0. For small values of x, y can be approximated using the expression: 

 

     y 1 – y 0  =  [ dy / dx ]x o . ( x 1 – x 0 ) 

 

Where;    y  =  y 1 – y 0  

x  =  x 1 – x 0   

 

Let:     x = dy / dx .   y 

=  (dy / dx )2 

Where:      = a small parameter not to overshoot  

any minimums / maximums.  

 

Starting from a given point ( x 0 ) in Figure 2.5.2.u. a local minima of the function f (x) can be 

found by moving down the curve (x = dy / dx . ), until y becomes negative (at that point the 

curve has already started moving away from the local minima). This technique is termed 

gradient descent. The gradient descent technique is used to train TLUs. 

 

 

Figure 2.5.2.u. The Gradient Descent Technique 
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d) Back Propagation in Artificial Neural Networks: 

 

Consider the ANN of Figure 2.5.2.v. Assume the neurodes are TLUs   x: 

 

 

 

 

 
 

 

 
 

Figure 2.5.2.v. Basic Structure of an Artificial Neural Network 

 

The back propagation (BP) algorithm accounts for errors in the output layer using all the 

weights of the ANN. Thus, if a TLU in the output layer is off, it will not only change weights 

between the hidden and output layer, but also between the input and hidden layer. The BP 

algorithm uses the delta learning rule expressed as: w i =  . (t j - z j ) . a j i ( x = dy / dx . ). 

If the training set consists of the following pairs for the TLU; 

 

< [ (x j ) \ vec ] , t j > , j = 0 ... n and [ (x j ) \ vec ]= < a j 0 , ... a j m >  

 

then the error for each pair is defined as: 

 

E j  =  1/2 ( t j  - o j ) 
2 . j 
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a1 b1 c1 
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The total error for the training set is: E =    j where E j   is a function of the weights 

connected to the TLU. Thus, for all possible weight vectors, there exists an error measure (E) for 

a given training set. However, since the activation function is a step function, the error measure 

would not be a continuous function. The value o j must be changed to z j in the definition of E p 

which means the activation level is used rather than the produced output to compute the error. 

This yields a continuous function: E j = 1/2 ( t j  - z j ) 
2 . j. It can be shown, that the slope of E j 

with respect to the i-th weight is - ( t j  - z j ) · a j i. The delta learning rule is thus expressed as: 

w i =  . (t j - z j ) . a j i ( x = dy / dx . ), when working with the j-th training pair. 

 

Thus, for a training set defined as: 

 

< [ ( x j ) \ vec ], [ ( t j) \ vec ] > , j = 0 … m, x j = < x j 0  ...  x j n > , and t j = <  t j 0  ...  t j n  > 

 

i)  Compute the output of the hidden layer using x j.  

ii)  Compute the output of the output layer using the output of the hidden layer ( b 0 ... b n ).  

iii)  Calculate the error for each output node. For the k-th output node:  

  k = (t j k - z k), where z k is the activation of the k-th output node.  

iv) Train the output nodes using the delta rule assuming l-th hidden node, k-th output node is: 

w b l c k =  .  k  . b l.  

v)  Calculate the error for each hidden node. For the l-th hidden node: 

  l  =  k =1... n  .   k  . w b l c k where  k  is the computed error for the k-th output node.  

vi) Train hidden nodes using the delta rule (assuming the h-th input node, l-th hidden node): 

  w a  h b l =  .  l  . x j h. 

 

These steps are repeated for each training vector, until the ANN produces acceptable outputs for 

the input vectors.  
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e) Fuzzy-Neural Rule Based Systems: 

 

The basic advantage of neural networks is that the designer does not have to program the system. 

Take for example, a complex ANN whose input is an n x n bitmap, which it recognizes as the 

process equipment model (PEM) on the AIB blackboard (assuming the ANN is capable of 

distinguishing between a vessel, tank and container, than the input layer has n2 nodes, and the 

output layer has 3 nodes, one for each PEM). In the ideal case, the designer does not have to 

write any code specific, and simply choses an appropriate ANN model, and trains it. The logic of 

each PEM' is encoded in the weights and the activation functions.  

 

However, artificial neural networks also have their drawbacks. They are fundamentally black 

boxes, whereby the designer does not know what part of a large designed network is responsible 

for a particular part of the computed output. Thus the network cannot be modified to improve it. 

ANN models are good at reaching decisions based on incomplete information (i.e. if the input 

vector does not match any of the training vectors, the network still computes a reasonable output 

in the sense that the output will probably be close to the output vector of a training vector that in 

turn is close to the input). Fuzzy rule-based systems are good at dealing with imprecise 

information. However, determining their membership functions is usually difficult. The fuzzy 

rule-based neural network basically makes up a membership function based on training vectors. 

Consider for example, the fuzzy rules:  

 

R 1: IF x is F1 THEN z is H 1  

R 2: IF x is F2 THEN z is H 2  

... and 

R n: IF x is Fn THEN z is H n  

 

To teach this rule-base to an ANN, the training pairs are ((F 1, H 1) ... (F n, H n)). The problem is 

that the fuzzy sets F i and H i are defined by their membership functions , whose domain is R, 

the set of real numbers, the input vectors of the training set have infinite elements. Obviously it 

is impossible to have infinitely large neural networks, so the membership functions are 

transformed so that they are discrete (by taking samples at equal intervals).  
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Furthermore, the range of the membership functions are contained to the interval [ 0, 1 ]. If the 

range is [ - , +  ], the transform T: D [ - , +  ]  D [  0, 1 ]: This is a loss-less transformation. 

To graphically present this transformation, as illustrated in Figure 2.5.2.w. draw a semi-circle in 

the region defined by 0 < x < 1, 0 < y < 0.5, with the centre (0.5, 0.5), and draw lines to all points 

on the x-axis. T ( x o ) is the x co-ordinate of the intersection of the line crossing the x-axis at x 0 

with the semicircle:  

 

 

Figure 2.5.2.w. Graph of Membership Function Transformation of a Fuzzy ANN 

 

Taking k samples of the membership function at x i with i = 0 ... k, x i , the training set 

of the fuzzy neural network is: 

 

{(  F i (x 0 ),  F i (x 1 ), ...  F i (x k )), (  H i (x 0 ),  H i (x i), ...  H i (x k )) | i = 0 ... n }  

 

The training set consists of pairs of sampled membership functions. The pairs correspond to the 

rules of the fuzzy rule-based neural network considered. As indicated previously, the advantage 

of fuzzy rule-based neural networks is the fact that the fuzzy neural network makes the 

membership functions. With the example above, the membership functions were already known. 

In actual use of fuzzy ANN models, the membership functions would be extracted from the 

training pairs using the ANN.  
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Fuzzy Artificial Perceptrons (FAP): 

Fuzzy T-norm functions have the following properties:  

T: [ 0, 1 ] x [ 0, 1 ]  [ 0, 1 ], T ( x, y ) = T ( y, x ), T ( 0, x ) = 0, T ( 1, x ) = x,  

T ( T ( x, y ), z ) = T ( x, T  ( y, z )), x < = a  y < = b  T ( x, y ) < = T ( a, b )  

 

From the definition of intersection of fuzzy sets, the notation: 

 F  G (x, y) = min (  F (x) ,  G (y) ) is a T-norm, where x = y. 

 

T-conorm functions have the following properties: 

T: [ 0, 1 ] x [ 0, 1 ]  [ 0, 1 ], T ( x, y ) = T ( y, x ), T ( 0, x ) = x, T ( 1, x ) = 1,  

T ( T ( x, y ), z ) = T ( x, T ( y, z )), x < =a  y < = b  T ( x, y ) < = T ( a, b ) 

  

From the definition of union of fuzzy sets, the notation: 

 F  G ( x, y ) = max (  F (x) ,  G (y) ) is a T-conorm, where x = y.  

 

Fuzzy artificial perceptron (AP) can now be defined, which are really ANNs with two input 

neurodes (x and y), no hidden layer, and an output neurode o. The weights are w x o and w y o.  

 

 

 

Figure 2.5.2.x. A Fuzzy Artificial Perceptron (AP) 

 

Fuzzy AND AP:  x, y, o, w x o, w y o  [ 0, 1 ].  

t is a T-norm function, s is a T-conorm function: o = t ( s ( x, w x o ), s ( y, w y o )).  

Fuzzy OR AP:  x, y, o, w x o, w y o  [ 0, 1 ].  

t is a T-norm function, s is a T-conorm function: o = s ( t ( x, w x o ), t ( y, w y o )). 
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f) Artificial Neural Networks in Engineering Design: 

 

As indicated previously, an ANN is a computer model consisting of many simple processing 

elements (PEs) in layered structures. The PEs interact through weighted connections, which 

when manipulated, enable an ANN to recognize patterns from sample data of system (or 

assembly / component) performance based on specific input variables. Neural networks can also 

be used to predict input variables for conditions that have not been determined experimentally.  

 

The following figure is an example of an ANN-generated, three-dimensional plot of predicted 

wear rate for a mechanical device, as a function of piston sliding distance and sliding speed. The 

figure depicts wear rate values obtained for different distances and speeds [Fusaro R.L. 1998].  

 

 
 

Figure 2.5.2.y. Three-dimensional plots generated from a neural network model illustrating 

the relationship between speed, load, and wear rate 

[Fusaro R.L. 1998] 

 

Critical parameters such as load, speed, sliding distance, friction coefficient, wear, and material 

properties are used to produce models for each set of sample data. The study shows that artificial 

neural networks are able to model such simple systems, illustrating the feasibility of using ANN 

models to perform accelerated life testing on more complicated prototype mechanical systems.  
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The following graph compares actual wear data to that generated from an ANN model. As the 

graph illustrates, the correlation is very good [Fusaro R.L. 1998].   

 

 
Figure 2.5.2.z. Comparison of actual data to that of an ANN model approximation 

[Fusaro R.L. 1998] 

ANNs are normally classified by learning procedure, the most common being unsupervised and 

supervised learning. In unsupervised learning, the network is trained by internal 

characterization of data patterns, with no other information or teaching requirement. This type of 

ANN is appropriate to preliminary engineering design applications as it can analyse the possible 

occurrence of a process failure condition, and not necessarily the type of failure characteristics 

or extent of the fault. In supervised learning, individual values of the weighted connections 

between neurodes are adjusted during training iterations to produce a desired output for a given 

input. Knowledge is thus represented by the structure of the network and the values of the 

weights. This type of ANN is appropriate to detail design applications supported by sample data. 
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This procedure offers several advantages in the field of pattern recognition and analysis of 

sample failure data, including an ability to learn from examples, and the ability to generalize. 

The generalisation property results in a network trained only on representative input sample data 

to be able to provide relatively accurate results without being trained on all possible input data. 

The primary advantage thus of ANN models over operational modelling, and expert system, 

approaches is that representative sample data can be used to train the ANN with no prior 

knowledge of system operation [Farell A. E. et al. 1994]. 

 

ANN models exhibit the rule-based characteristics of knowledge-based expert systems without 

the need for prior representation of the rules. However, it is the ability to generalize and form 

accurate evaluations from design specification data not present in the sample data training set 

that is the key requirement of the ANN. 

 

Example of ANN in Engineering Design - Preparation of Training Data: 

The majority of designs based on process engineering analysis rely on operational models or 

simulated processes. While providing guidelines for design implementation, they do not 

highlight inherent problems regarding information quality and availability. For this reason, 

engineering design data depends on practical process information, such as sensitivity of 

parameters to fault conditions, and of course, expert process design knowledge. As an example 

of the application of ANN models in engineering design, a feed-forward ANN topology, using 

the back propagation learning algorithm for training, is investigated for pump fault prediction 

[Lippmann R. P. 1987]. 

 

This ANN topology incorporates a supervised training technique and thus it is necessary to 

define training data prior to the ANN analysis. Process measurements relating to potential fault 

conditions and normal operation, including information about types of failure, are necessary for 

ANN learning. This information can be difficult to obtain in practical situations. Knowledge for 

ANN training can be established from models or experience. Engineering processes and systems 

are often complex and difficult to incorporate precise descriptions of normal and faulty operating 

conditions into models. Data founded on experience can be based on quantitative measurements 

or even qualitative information derived from previous measurements.  
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The quantitative approach, involving data corresponding to historically experienced failures in 

similar systems and equipment, produces a more accurate evaluation of the design specifications, 

but is dependent on data quality. In real-world situations, the quality of historical condition data 

and records relating to failure conditions of complex systems are more often questionable. 

Furthermore, it is unlikely that every potential failure would be experienced historically, 

consequently qualitative data is often incorporated to expand quantitative data in the design 

knowledge base, or even used on its own if no quantitative data is available. However, in 

situations such as critical pump failure analysis, where problems can manifest themselves in 

various forms depending on the design type and size, qualitative data is not considered precise. 

 

A database of historical pump problems and typical failure data of similar pumps enabled an 

initial approach to pump failure prediction based on quantitative data. The cumulative sum 

charting method is applied to assign specific parameter measurements to pump operating 

conditions for ANN training purposes. The cusum chart is constructed from an initial choice of 

target values. The difference between each measurement and the target is added to a cumulative 

sum. This value is plotted to provide a simple yet effective way to determine minor deviations in 

parameter levels. A knowledge base is established from parameters commonly available for 

typical fault conditions of similar pumps, as the ANN requires consistent parameter input to 

distinguish between different operating conditions. The parameters used in the example are 

motor current and delivery pressure [Ilott P. W. et al. 1995].  

 

Figure 2.5.2.aa. shows motor current data prior to failure, including both sample data and 

cumulative sum values. A target value is chosen for calculation of the cumulative sum, such as 

150 A. Initial observation of the sample data highlights the difficulty in identifying fault data. 

For example, the motor current data relating to a specific fault may be consistently higher during 

the initial stages of operation, due to a primary bearing problem. On further examination of the 

sample data, there is evidence of a marked deviation in motor current values that coincide with a 

decrease in delivery pressure. The cusum chart clearly indicates a deviation in motor current 

operating level from positive to negative during the sample data period, indicating the motor 

current to be consistently below its target value. This procedure is repeated for all historical 

pump failures to establish a usable knowledge base of pump failure data.  
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Figure 2.5.2.aa. Example Failure Data Using Cusum Analysis 

[Ilott P. W. et al. 1997] 

 

ANN Model Experimental Procedure: 

A feed-forward ANN is trained using the back-propagation learning algorithm to predict pump 

operating conditions from features provided by the knowledge base of motor current and 

delivery pressure values. The knowledge base established from the cusum analysis is split into 

training data and test data sets for ANN implementation. These data sets typically include a 

series of data patterns, each incorporating one motor current and one delivery pressure parameter 

value, relating to specific fault conditions as well as normal pump operation. The data patterns 

are input to the ANN every training iteration. Once trained to a preset number of iterations or 

error levels, the ANN is tested with data not presented in the training data set to verify 

generalization capability. The quantity and quality of data available for ANN training purposes is 

an important issue and dictates the confidence in results from the ANN model. Sufficient data 

would provide good representation of the decision space relating to specific fault conditions and 

normal pump operation. The exact quantity of data required cannot be specified, but insufficient 

data results in poor generalization ability. In designing non-complex pumping systems where 

adequate models can be developed, the knowledge base can simply be manufactured. The ANN 

model is trained using the back-propagation learning algorithm where the sum squared error 

(SSE) between the desired and actual ANN output is used to amend weighted connections 

between the PEs to reduce the SSE during further training. 
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For complex system designs, many amendments are required due to re-investigation and system 

alterations. The example involves training the ANN model to a predefined error level, to 

investigate the effect on generalization ability. The learning rule performs weight adjustment in 

order to minimize the SSE. Furthermore, a learning coefficient is used to improve ANN learning. 

The learning coefficient governs the size of the weight change with every iteration and 

subsequently the rate of decrease of the SSE value, and is adjusted dynamically so as to speed up 

network training. Convergence speed refers to the number of iterations necessary for suitable 

training of the ANN. The representation capability of an ANN is determined by the size of the 

input space. The example ANN structure consists of three layers, and its topology consists of two 

sets of input neurodes (values of delivery pressure and motor current scaled between 0 and 1), 

several hidden neurodes, and five output neurodes (for fault conditions and normal operation). 

The ANN topology is illustrated in Figure 2.5.2.ab. [Ilott P. W. et al. 1997]. 

 

Figure 2.5.2.ab. Topology of the Example ANN 

[Ilott P. W. et al. 1997] 
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Fuzzy ANN Modelling: 

Fuzzy ANN modelling is based on fuzzy pre-processing of input data. The purpose of such fuzzy 

pre-processing is to observe the effect of data representation on ANN performance with respect 

to the sensitivity of the pump parameters to identification of pump failure conditions. This 

methodology considers the definition of qualitative membership functions for each input 

parameter, and is considered an alternative method to increase ANN representation capability 

through compression of training data.  

 

Using the pump example, a motor current of 140 A would have membership of 0.5 to 

membership function 2 (MF2), a lower degree of membership to MF3 (0.06) and no membership 

to MF1. This procedure is repeated for delivery pressure and a value of each parameter MF is 

input to the ANN. An example of the fuzzy membership functions for motor current and delivery 

pressure parameters is given in Figure 2.5.2.ac (a). 

 

Figure 2.5.2.ac (a). Example Fuzzy Membership Functions – Pump Motor Current 

[Ilott P. W. et al. 1995] 
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Figure 2.5.2.ac (b). Example Fuzzy Membership Functions – Pump Pressure 

[Ilott P. W. et al. 1995] 

Example Results: 

The example results focus on the importance of data quality and consequently pre-processing 

with respect to ANN convergence speed and generalisation ability. The ANN topology is trained 

to investigate the effect of data quality on ANN performance. The SSE value is used to gauge the 

accuracy of training. The ANN converges faster with each iteration of refined test training data, 

as indicated in Figure 2.5.2.ad. After ANN training, generalization ability is investigated using 

the original test set patterns. The quality of training data has a considerable effect on 

generalization ability, which varies with the type of failure, and is lower for failure classes 

defined by fewer measurements in the training data set. The example focused on maximizing a 

design knowledge base despite the inherent limitations of real sample data. The cusum charting 

procedure is a valuable tool in the development of the ANN knowledge base, through 

identification of parameter deviations in the sample data. The quality of training data as well as 

pre-processing both influence ANN convergence rate and ANN generalization ability.  
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Generalisation is one of the primary goals in training neural networks which is to ensure that the 

ANN performs well on data that it has not been trained on. The standard method of ensuring 

good generalization is to divide the training data into multiple data sets. The most common data 

sets are the training, cross validation, and testing data sets. Refinement of the original training 

data improves ANN generalization ability. However, the fuzzy pre-processing methodology 

results in a better improvement to ANN generalization ability, but is slow to converge during 

learning. The fuzzy pre-processing technique converges much faster during the learning phase 

and produces generalisation ability comparative to that of the fuzzy approach.  

 

 

Figure 2.5.2.ad.  Convergence Rate of ANN Iterations [Matlab. 1995] 

 

Conclusion: 

Accurate ANN analysis of pump failure conditions, based on a limited supply of historical data, 

is feasible for engineering design application during the detail design phase. However, the use of 

ANN models for engineering design, particularly in designing for safety, is dependent upon the 

availability of historical data and the sensitivity of parameter values in distinguishing between 

failure conditions. ANN analysis capability is also very much dependent upon methods of 

knowledge base generation, and the availability of design knowledge expertise. 
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g) ANN Computational Architectures: 

 

Neural networks can be very powerful learning systems. However, it is very important to match 

the neural architecture to the problem. Several learning architectures are available with neural 

network software packages. These architectures are categorized into two groups; supervised and 

unsupervised. Supervised architectures are used to classify patterns or make predictions. 

Unsupervised neural networks are used to classify training patterns into a specified number of 

categories. Several types of supervised neural networks and one unsupervised neural network are 

illustrated collectively in Figures 2.5.2.ae (a) through to 2.5.2.ae (g) [Schocken S. 1994].  

 

Supervised learning paradigms (back-propagation, probabilistic, and general regression) are 

composed of at least 3 layers: input, hidden, and output. In each graphical representation, the 

input layer is on the left and the output layer is on the right. Hidden layers are represented 

between the input and output layer. The input layer contains variables that the network uses to 

make predictions and classifications. Analysis of data patterns or learning takes place in the 

hidden layer. The output layer contains the values the neural network is predicting or classifying. 

Information in the input layer is weighted as it passed to the hidden layer.  

 

The hidden layer weight values are received from the input layer and produces outputs. 

Historical information is continuously analyzed by the system through back propagation of error, 

where error is passed backward until it is reduced to acceptable levels. Learning takes place 

when the neural network compares itself to correct answers and makes adjustments to the 

weights in the direction of the correct answers. Variations of supervised learning paradigms 

include differences in the number of hidden neurodes and/or weight connections.  

 

The unsupervised network is composed of only two layers; input and output. The input layer is 

represented on the left and the output layer is represented on the right. Information fed into the 

input layer is weighted and passed to the output layer. Learning takes place when adjustments are 

made to the weights in the direction of a succeeding neurode. In the illustrations below, each 

artificial neural network architecture is represented by a graphic containing rectangles and lines. 

Rectangles depict layers and lines depict weights.  
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Supervised Neural Networks: (I = input layer; H = hidden layer; O = output layer) 

 

Standard Back Propagation - Each layer is connected to the immediately previous layer (with 

either 1, 2, or 3 hidden layers). Standard back propagation networks are known to generalize well 

on a wide variety of problems 

 

 

Jump Connection Back Propagation - Each layer is connected to every previous layer (with 

either 1, 2, or 3 hidden layers). Jump connection back propagation networks are known to work 

with very complex patterns, such as patterns not easily noticeable.  

 

 

Recurrent Back Propagation Networks with Dampened Feedback - Each architecture 

contains two input layers, one hidden layer, and one output layer.  
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The extra input layer retains previous training experiences, much like memory. Weight 

connections are modified from the input, hidden, or output layers, back into the network for 

inclusion with the next pattern. Recurrent back propagation networks with dampened feedback 

networks are known to learn sequences and time series data.  

 

Ward Back Propagation - Each architecture contains an input layer, two or three hidden layers, 

and an output layer. Different activation functions (method of output) can be applied. Ward 

networks are known to detect different features in the low, middle, and high data set ranges.  

 

 

Probabilistic (PNN) - Each layer is connected together. The hidden layer contains one neurode 

per data array. The output layer contains one neurode for each possible category. PNNs separate 

data into a specified number of output categories and train quickly on sparse data.  
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General Regression (GRNN) - Each layer is connected together. Hidden and output layers are 

the same as PNN. Rather than categorizing data like PNN, however, GRNN applications are able 

to produce continuous valued outputs and respond better than back propagation in many cases.  

 

Unsupervised Neural Network:  

Kohonen Self Organizing Map - Contains an input and an output layer. One neurode is present in 

the output layer for each category specified by the user. Kohonen networks are known to 

separate data into a specified number of categories.  

 

Figures 2.5.2.ae (a) to 2.5.2.ae (g) Architecture Types of Artificial Neural Networks 

In Paragraph 2.5.3: Application Modelling of Safety and Risk in Engineering Design, an 

Artificial Intelligence based blackboard model is used to hold shared information in a general 

and simple model that allows for the representation of a variety of modelled system behaviours. 

The AIB blackboard system is prescribed for problem-solving in knowledge intensive domains 

that require large amounts of diverse and incomplete knowledge, therefore requiring multiple 

cooperation of various knowledge sources. One knowledge source, a Neural Expert Program 

[Lefebvre C. et al. 2003] is embedded in the AIB blackboard for processing of time-varying 

information, such as non-linear dynamic modelling, time series prediction, adaptive control, etc. 

of various engineering design problems.                       
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2.5.3. APPLICATION MODELLING OF SAFETY AND RISK 

IN ENGINEERING DESIGN 

 

Returning once more to Paragraph 1.1.4. Research Objectives, the five 

main objectives that need to be accomplished in pursuit of the goal of this research are; 

 

 the development of appropriate theory on the integrity of engineering design for use 

in mathematical and computer models;  

 determination of the validity of the developed theory by conducting several field 

studies of engineering designs that have been recently constructed, that are in the 

process of being constructed, and that have yet to be constructed;  

 application of mathematical and computer modelling in engineering design 

verification; 

 determination of the feasibility of a practical application of intelligent computer 

automated methodology in engineering design reviews through the development of 

the appropriate industrial, simulation and mathematical models. 

 

The following models have been developed, each for a specific purpose and with specific 

expected results, in partly achieving the objectives of this research: 

 

 RAM Analysis model to validate the developed theory on the determination of the 

integrity of engineering design.  

 

 Process Equipment Models (PEMs), for application in dynamic systems simulation 

modelling to initially determine mass - flow balances for preliminary engineering 

designs of large integrated process systems, and to evaluate and verify process design 

integrity of complex integrations of systems.  

 

 Artificial Intelligence Based (AIB) model in which new Artificial Intelligence (AI) 

modelling techniques, such as the inclusion of knowledge-based expert systems 

within a blackboard model, have been applied in the development of intelligent 

computer automated methodology for determining the integrity of engineering design.  
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2.5.3.A.  ARTIFICIAL INTELLIGENCE BASED (AIB) 

BLACKBOARD MODEL 
 

Artificial intelligence (Al) has been applied to a number of fields of 

engineering design. Although there are some features that the various design areas share, 

such as the need to integrate heuristics with algorithmic numerical procedures, there are 

also some important differences. Each field of engineering seems to recognize the 

importance of representing declarative concepts, although specific needs vary. In process 

engineering for example, the hierarchical representation of components with their 

functional relationships seems to be vital. In mechanical engineering, the representation 

of solid geometric shapes has been thoroughly studied and is viewed as being crucial to 

the successful evolution of CAD / CAM systems. 

 

Artificial intelligence in engineering design can be described as a discipline that provides 

a multi-level methodology for knowledge-based problem-solving systems, in which a 

knowledge level specification of the system (and the class of problems it must solve) is 

mapped into an algorithm level description of an efficient search algorithm for efficiently 

solving that class of problems. The algorithm description is then mapped into program 

code at the program level, using one or more programming paradigms (e.g. procedural 

programming, rule-based programming, or object-oriented programming, OOP), or shells 

(e.g. RAM-ESP), or commercially available subsystems (e.g., CLIPS, JESS or EXSYS). 

The application of Al to engineering design thus represents a specialisation of software 

engineering methodology to:  

 

 Design tasks; 

(specified at the "knowledge level"). 

 Design process models; 

(described at the "algorithm level"). 

 Design programs built from shells; 

(implemented at the "program level"). 
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Integration of the Design Process with Blackboard Models: 

The quality of engineering design using traditional CAD techniques, is adversely affected 

by two features of the design process: 

 

 Limited scope in addressing problems that arise in the many stages of the 

development of an engineered installation. 

 A lack of understanding of the essential processes involved in engineering design. 

 

Both of these are related to systems integration issues. The life cycle of an engineered 

installation can be described by a collection of projects, where each project involves a 

coherent set of attributes, such as the design, manufacturing, or assembling of a system. 

Traditional CAD tools typically address some narrow aspect of the design project, but fail 

to provide integrated support for the development of an engineered installation, 

particularly evaluation of design integrity. Essentially, modern engineering design of 

complex systems requires an approach that allows multiple, diverse program modules 

termed knowledge sources, to cooperate in solving complex design problems. The 

Artificial Intelligence based (AIB) blackboard model developed in this research allows 

for the integration of multiple, diverse program modules into a single problem-solving 

environment for determining the integrity of engineering design. This AIB blackboard 

model is a database that is used to hold shared information in a centralised model that 

allows for the representation of a variety of modelled system behaviours. Given the 

programming nature of blackboard systems, it is prescribed for problem-solving in 

knowledge intensive domains that require large amounts of diverse and incomplete 

knowledge, therefore requiring multiple cooperation of various knowledge sources in the 

search of a large problem space. The AIB blackboard model consists of a data structure 

(the blackboard) containing information (the context) that permits a set of modules 

(knowledge sources) to interact. The blackboard can be seen as a global database or 

working memory in which distinct representations of knowledge and intermediate results 

are integrated uniformly. It can also be seen as a means of communication among 

knowledge sources, mediating all of their interactions in a common display, review, and 

performance evaluation area. 

 



 525 

 

 

The engineering design methodology for the AIB blackboard model, presented in the 

following graphical presentation, applies the concept of object-oriented programming. 

Object-oriented programming (OOP) has two fundamental properties, encapsulation and 

inheritance. Encapsulation means that the user (the engineering designer) can request an 

action from an object, and the object chooses the correct operator, as opposed to 

traditional programming where the user applies operators to operands and must assure 

that the two are type compatible. The second property, inheritance, greatly improves the 

re-usability of code, as opposed to traditional programming where new functionality 

often means extensive re-coding. In this way, the AIB blackboard model may be 

structured so as to represent different levels of abstraction and also distinct and possibly 

overlapping solutions in the design space of complex engineering design problems. In 

terms of the type of problems that it can solve there is only one major assumption; that 

the problem-solving activity generates a set of intermediate results. 
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Figure 2.5.3.a. AIB Blackboard Model for Engineering Design Integrity 

 

The AIB blackboard model for determining process engineering design integrity consists 

of four sections, each section containing six design modules, culminating in a summary 

design analysis module particular to each specific section. Thus the first section contains 

modules or knowledge sources for assessing preliminary design (inclusive of conceptual 

design basics), such as Process Definition, Performance Assessment, RAM Assessment, 

Design Assessment, HazOp Analysis, and Critical Process Specifications, including a 

summary Process Analysis module. The second section contains modules for evaluating 

detail design, such as Systems Definition, Functions Analysis, FMEA, Risk Evaluation, 

Criticality Analysis, and Critical Plant Specifications, including a summary Plant 

Analysis module. The third section contains modules related to Operations Analysis, and 

the fourth section contains modules of knowledge-based expert systems relating to the 

modules of the three previous sections. Thus, the expert system module of Facts relates to 

Process Definition, Systems Definition and Operating Procedures, etc. 
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Figure 2.5.3.b. AIB Blackboard Model with Systems Modelling Option 

 

Most engineering designs are still carried out manually with input variables based on 

expert judgement, prompting considerable incentive to develop model-based techniques. 

Investigation of safety-related issues in engineering designs can effectively be done with 

discrete event models. A process plant's physical behaviour can be modelled by state 

transition systems, where the degree of abstraction is adapted to both the amount of 

information which is available at a certain design phase, and to the objective of the 

analysis. A qualitative plant description for designing for safety is sufficient in the early 

design phases, as indicated in Figures 2.5.3.b to 2.5.3.f. However, the verification of 

supervisory controllers in later design phases requires finer modelling such as the 

development of timed discrete models. The procedure of model refinement and 

verification is later illustrated by the application of expert systems.  
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Figures 2.5.3.c. and 2.5.3.d. Designing For Safety Using Systems Modelling 
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The systematic hierarchical representation of equipment, grouped into its logical systems, 

sub-systems, assemblies, sub-assemblies and component levels, as illustrated in the 

Systems Modelling - Detailed System / Assembly Selection option in Figure 2.5.3.c. is 

termed a systems breakdown structure (SBS). It provides visibility of process systems 

and their constituent assemblies and components, and allows for safety and risk analysis 

to be summarised from system level, down to sub-system, assembly, sub-assembly, and 

component levels. The various levels of the Systems Breakdown Structure are normally 

determined by a framework of criteria established to logically group similar components 

into sub-assemblies or assemblies, which are then logically grouped into sub-systems or 

systems. This logical grouping of the constituent parts of each level of an SBS is done by 

identifying the actual physical design configuration of the various items of one level of 

the SBS into items of a higher level of systems hierarchy, and by defining common 

operational and physical functions of the items at each level. 

 

When designing or analysing a system for safety, a method is needed to determine how 

the variables are inter-related. Usually system hierarchical models based on a structured 

SBS are required, in order to provide formulations of the core concept of a system in 

order to match the modelling perspective to the particular task in hand, for example 

establishing FMEA and Criticality Analysis in designing for safety. The particular model 

formalisms that are used depend on the objectives of the modelling requirements and the 

modelling techniques applied.  

 

In the case of schematic design modelling, the formalisms commonly used are 

functional (what a system can do), behavioural (describes or predicts the system’s 

dynamic response), and schematic (an iconic model of the system’s structure and 

connectivity).  Thus, a schematic design model contains design variables and constraints 

describing the structural and geometric feature of the design. A detail design model 

typically has variables and constraints representing embodiment, structure and assembly, 

and dynamic flow and energy balance information of the process layout. Designing for 

safety begins with schematic design models as graphically illustrated in Figure 2.5.3.d. 
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Figures 2.5.3.e. and 2.5.3.f. Technical Data Sheets for Modelling Safety 
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The treeview illustrated in Figure 2.5.3.e. enables designers to view selected equipment 

(particularly assemblies, sub-assemblies, and components) in their cascaded systems 

hierarchical structure, relating the equipment and their codes according to the following 

systems breakdown structure (SBS); 

 

 components, 

 assemblies, 

 systems 

 sections, 

 operations, 

 plant. 

 

A selection facility in the treeview, alongside the selected component, enables the 

designer to directly access the component’s specific technical specifications, or spares 

Bill of Materials (BOM). 

 

The Technical Specification Document illustrated in Figure 2.5.3.f. automatically formats 

the technical attributes relevant to each type of equipment that is selected in the design 

process. The document is structured into three sectors, namely; 

 

 technical data obtained from the Technical Data worksheet, relevant to the 

equipment’s physical and rating data, as well as performance measures, and 

performance operating, and property attributes that are considered during the 

design process, 

 

 technical specifications obtained from an assessment and evaluation of the 

required process and/or system design specifications, 

 

 acquisition data obtained from manufacturer / vendor data sheets, once the 

appropriate equipment technical specifications have been finalised during the 

detail design phase of the engineering design process. 

 



 532 

 

Figures 2.5.3.g. and 2.5.3.h. Monte Carlo Simulation of RBD and FTA Models 
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A separate feature of the Systems Modelling option in the AIB blackboard model is to 

determine system failure logic from network diagrams or fault tree diagrams, through 

Monte Carlo (MC) simulation. In both cases the diagram represents how different 

components within a system interact to produce potential system failures. Figure 2.5.3.g. 

illustrates the use of the network diagram in determining potential system failures in a 

parallel control valve configuration of a high integrity protection system (HIPS).  

 

The network diagram consists of blocks and nodes connected together in a parallel 

(and/or series) arrangement. The blocks in the network diagram usually represent 

potential component or sub-system failures, although they may also be used to represent 

other events such as operator actions, which may affect the reliability of the system under 

study. The nodes in the network diagram are used to position connecting lines and 

indicate voting arrangements. A complete system network diagram will consist of either a 

single node or block on the left hand side of the diagram (input node or block) connected 

via intermediate nodes and blocks to a single node or block on the right hand side of the 

diagram (output node or block). A complete system network diagram can only have one 

input node or block and one output node or block. In addition all the intermediate nodes 

and blocks must be connected. The entire system network diagram represents ways in 

which component and sub-system failures will interact to cause the system to fail. 

 

Monte Carlo simulation is employed to estimate system and sub-system parameters such 

as number of expected failures, unavailability, system capacity, etc.  The process involves 

synthesising system performance over a given number of simulation runs. Each 

simulation run in effect emulates how the system might perform in real life, based on the 

input data provided by the blackboard system’s knowledge base. The input data can be 

divided into two categories – a failure logic diagram, and quantitative failure and/or 

maintenance parameters. The logic diagram (either a fault tree or a network diagram in 

this case) informs the knowledge base how component failures interact to cause system 

failures. The failure and maintenance parameters indicate how often components are 

likely to fail and how quickly they should be restored to service. By performing many 

simulation runs a statistical picture of the system performance is established. 

 



 534 

Monte Carlo simulation must emulate the chance variations that will effect system 

performance in real life. To do this the model must generate random numbers which form 

a uniform distribution. Simulation methods are generally employed in reliability studies 

when deterministic methods are incapable of modelling strong dependencies between 

failures. In addition simulation can readily assess the reliability behaviour of repairable 

components with non-constant failure or repair rates. During the simulation process, the 

model will be able to determine whether the system will fail by examining the developed 

network diagram. The model does this by determining whether there are any open paths 

from the input node or block to the output node or block. An open path is a path that does 

not cross any failed component or sub-system blocks. 

 

Component 1      Component 2 Component 3      Component 4 System 

Working      Working  Working       Working  Working 

Failed       Working  Working      Working  Working 

Working      Failed  Working      Working  Working 

Working      Working  Failed       Working  Working 

Working      Working  Working      Failed  Working 

Working      Working  Failed       Failed  Working 

Working      Failed  Working      Failed  Working 

Working      Failed  Failed       Working  Working 

Failed       Working  Working      Failed  Working 

Failed       Working  Failed      Working  Working 

Failed       Failed  Working     Working  Working 

Working      Failed  Failed       Failed  Failed 

Failed       Working  Failed       Failed  Failed 

Failed       Failed  Working      Failed  Failed 

Failed       Failed  Failed       Working  Failed 

Failed       Failed  Failed       Failed  Failed 
 

Table 2.5.3.a. Simple 2-out-of-4 Vote Arrangement Truth Table 
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Network diagrams may also be used to represent voting arrangements. Nodes to the right 

of a parallel arrangement may be given a vote number to indicate how many success 

paths must be available through the parallel arrangement (if a vote number is not 

specified only one path need be available). The simple parallel arrangement of 4 blocks 1, 

2, 3 and 4 in Figure 2.5.3.g. with a vote number (number of available paths required for 

success) of 2, would result in the truth table given in Table 2.5.3.a. 

 

Figure 2.5.3.h. illustrates the use of the fault tree diagram in determining potential 

system failures in a parallel control valve configuration of a high integrity protection 

system (HIPS). Fault tree diagrams graphically represent the interaction of failures and 

other events within a system. Basic events at the bottom of the fault tree are linked via 

logic symbols (known as gates) to one or more TOP events. These TOP events represent 

identified hazards or system failure modes for which predicted reliability or availability 

data is required. Basic events at the bottom of the fault tree generally represent 

component failures although they may also represent other events such as operator 

actions. Fault trees may be used to analyse large and complex systems and are 

particularly adept at representing and analysing redundancy arrangements. In addition 

common cause events are easily handled. 

 

Figures 2.5.3.i. and 2.5.3.j. illustrate the Monte Carlo simulation results in the form of a 

Weibull cumulative failure probability graph, and an unavailability profile of the HIPS. 

The Weibull Analysis module analyses the simulation data by assigning probability 

distributions which represent the failure or repair characteristics of a given failure mode. 

The failure distribution assigned to a given set of times to failure (known as a data set) 

may be assigned to failure models which are attached to blocks in a network diagram or 

events in a fault tree diagram. The model automatically fits the selected distribution to the 

data and displays the results graphically in the form of cumulative probability plots, 

unconditional probability density plots, and conditional probability density plots. 

Unavailability Profile graphs display the mean unavailability values for each time 

interval. Unavailability values may be displayed for several sub-systems, assemblies and 

components of a system, or integrated systems, that are concurrently being designed. 
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Figures 2.5.3.i. and 2.5.3.j. Profile Modelling in Designing for Safety  
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Figure 2.5.3.k. AIB Blackboard Model with System Simulation Option 

 

As stated in Paragraph 2.4.4.A. PROCESS EQUIPMENT MODELS (PEMs), dynamic 

system simulation in engineering design provides for virtual prototyping of engineering 

processes, making design verification faster and less expensive. To fully exploit the 

advantages of virtual prototyping, dynamic system simulation is the most efficient and 

effective. Dynamic system simulation provides various design teams in a collaborative 

design environment with immediate feedback on design decisions, allowing for a more 

comprehensive exploration of design alternatives, and for optimal final designs. 

However, dynamic simulation modelling can be complex, resulting in the need for the 

simulation models to be easy to create and to analyse, as indicated in Figures 2.5.3.k. to 

2.5.3.p. To take full advantage of virtual prototyping (i.e. developing PEMs), it is 

necessary for dynamic system simulation modelling to be integrated with the design 

environment (through the AIB blackboard), and to provide a simple and intuitive user 

interface that requires a minimum of analysis expertise. 
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Figures 2.5.3.l. and 2.5.3.m. PFDs and PEMs for Simulation Modelling 
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Many engineered installations have a modular architecture that is based on the optimum 

selection and composition of systems, assemblies and components from older designs. 

When the new design is created, these system compositions are selected and then 

connected together in a systems configuration. Figures 2.5.3.l. to 2.5.3.p. illustrate the 

overall systems configuration of an Extend Process Simulation Model with PEM blocks. 

Figure 2.5.3.l shows a specific Section’s process flow diagram (PFD) consisting of ten 

systems; each system graphically represented by a virtual prototype process equipment 

model (PEM). The systems (or PEM blocks) are linked together with logical flows. There 

are two types of logical flows between the PEM blocks. The first type of flow represents 

the items that move through the system. Items can have attributes and priorities 

associated with them. The second type of logical flow changes over time and is 

represented by values. Examples of values include the number of items in a queue, the 

result of a random sample, or in this case, the level of fluid in a tank. 

 

In many process designs, the real target systems are designed using model components. 

In such processes, these model components, are selected, configured and assembled in 

such a way that the design specifications are met. A model component is a modular 

design entity with a complete specification describing how it may be connected to other 

model components in a model configuration. A model configuration is created when 

two or more model components are connected to each other via their interfaces. A model 

component can itself encapsulate a configuration of numerous model components, thus 

allowing for a hierarchical structure of sub-models as illustrated in Figure 2.5.3.m. 

Multiple configurations can represent a particular system composition, and are bound to 

the system’s configuration interface. In the Extend Process Simulation Model, each block 

(model component) has connectors that are the interface points of the block. Connections 

are lines used to specify the logical flow from one block to another. A process system can 

be represented as a single component, or as a configuration of several model components. 

The candidate configurations are all equivalent specifications of the same model 

components, and the choice of configuration is independent of the behavioural models. 

As will be shown later, a model component is instantiated in the design by specifying 

instantiation parameters that describe its specification. 
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Figures 2.5.3.n. and 2.5.3.o. PEM Simulation Models for Process Information 
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Figure 2.5.3.p. Petri Net Based Optimisation Algorithms in System Simulation 

 

Figures 2.5.3.n. and 2.5.3.o. illustrate the PEM simulation models process information. 

This information is generated either in a document layout of system performance 

variables (such as system contents, flows and surges in the case of Figure 2.5.3.n.), or in a 

graphical display of system performance variables (such as in the case of Figure 2.5.3.o.). 

Figure 2.5.3.p. illustrates the application of Petri net based optimisation algorithms in the 

system simulation; in this case the determination of pressure surge through a continuous 

process flow line. Petri Nets have been used as mathematical, graphical tools for 

modelling and analysing systems whose dynamic behaviours are characterized by 

synchronous and distributed operation, as well as non-determinism. A basic Petri Net 

structure consists of places and transitions interconnected by directed arcs. Places are 

denoted by circles and represent conditions, while transitions are denoted by bars or 

rectangles and represent events. The directed arcs in a Petri Net represent flow of control 

where the occurrence of events is controlled by a set of conditions. 
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Figure 2.5.3.q. AIB Blackboard Model with CAD Data Browser Option 

 

Design automation (DA) environments typically contain a design representation or design 

database through which the design is controlled. The design automation environment 

usually interacts with a set of resident CAD tools and will attempt to act as a manager of 

the CAD tools by handling input/output requirements, invocation parameters, and 

possibly automatically sequencing the CAD tools. Thus, a DA environment provides a 

design framework that, in effect, shields the designer from cumbersome details and 

allows the designer to work at a high level of abstraction. Design automation 

environments have great potential in CAD as they can encapsulate expert design 

knowledge as well as rapidly changing domain knowledge, typical of process engineering 

design. Since they can be easily extended and modified, rule-based systems allow for 

limited automated design. Figures 2.5.3.r. and 2.5.3.s. illustrate CAD modelling as an 

integrated knowledge source of the AIB blackboard (Figure 2.5.3.q.), which can be 

integrated with the expert systems knowledge base for process information. 
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Figures 2.5.3.r. and 2.5.3.s. CAD integrated Models for Process Information 
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Figure 2.5.3.t. Artificial Neural Network Computation Option in the Blackboard 

 

Artificial Neural Network (ANN) computation, unlike more analytically based 

information processing methods, effectively explores the information contained within 

input data, without further assumptions. Statistical methods are based on assumptions 

about the input data (i.e. a priori probabilities, probability density functions, etc.). 

Artificial intelligence encodes deductive human knowledge with simple IF THEN rules, 

performing inference (search) on these rules to reach a conclusion. Artificial neural 

networks, on the other hand, identify relationships in the input data sets, through an 

iterative presentation of the data and intrinsic mapping characteristics of neural 

topologies (normally referred to as learning). There are two basic phases in neural 

network operation: The training or learning phase, where sample data is repeatedly 

presented to the network, while it’s weights are updated to obtain a desired response; and 

the recall or retrieval phase, where the trained network is applied to prototype data. 
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Figure 2.5.3.u. ANN Neural Expert Problem Selection 

 

A Neural Expert Program [Lefebvre C. et al. 2003] is a specific knowledge source of 

the AIB blackboard for processing time-varying information, such as non-linear dynamic 

modelling, time series prediction, adaptive control, etc. of various engineering design 

problems. A typical design problem that is ideal for ANN modelling is the formulation 

and evaluation of stream surge pressures in continuous flow processes, given in the 

simulation model option of the AIB blackboard as illustrated in Figure 2.5.3.p. The 

Neural Expert asks specific questions, and intelligently builds an ANN. The first step in 

building an ANN is the specification of the problem type. The four currently available 

problem types in the Neural Expert are Classification, Function Approximation, 

Prediction, and Clustering. Once a problem type is selected, the Neural Expert configures 

the parameters based on a description of the problem. These settings can be modified 

either directly in the AIB blackboard, or within the Neural Expert. 
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Classification problems are those where the goal is to label each input with a specified 

classification. A simple example of a classification problem is to label process flows as 

“fluids” and/or “solids” for balancing (the two classes, also the desired output) using their 

volume, mass and viscosity (the input). The input can be numeric or symbolic, but the 

output is symbolic in nature. For example, the desired output in the process balancing 

problem is the ratio of fluids and solids, and not necessarily a numeric value of each.  

 

Function approximation problems are those where the goal is to determine a numeric 

value given a set of inputs. This is similar to classification problems except that the 

output is numeric. An example is to determine the stream surge pressure (desired output) 

in numeric values given the pipe outlet diameter, the pipe wall thickness, the fluid bulk 

modulus, and Young;s modulus. These problems are called function approximation 

because the ANN will try to approximate the functional relationship between the input 

and desired output. Prediction problems are also function approximation problems except 

that they use temporal information (e.g. the past history of the input data) to make 

predictions of the data. 

 

Prediction problems are those where the goal is to determine an output given a set of 

inputs and the past history of the inputs. The main difference between prediction 

problems and the others, is that prediction problems use the current input and previous 

inputs (the temporal history of the input) to determine either the current value of the 

output or a future value of a signal. A typical example is to predict process pump 

operating performance (desired output) from motor current and delivery pressure values. 

 

Clustering problems are those where information is to be extracted from input data 

without any desired output. For example, in the analysis of process faults in designing for 

safety, the faults can be clustered according to the severity of hazard consequences risk. 

The fundamental difference between the clustering problem and the others is that there is 

no desired output (therefore there is no error and the ANN model cannot be trained using 

back propagation. 
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Figures 2.5.3.v. and 2.5.3.w. ANN Neural Expert Input Data Selection 
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Figure 2.5.3.x. ANN Neural Expert Example Input Data Attributes 

 

The next step in constructing an ANN model is to select the input data. The Input File 

Selection panel specifies where the input data file is located by choosing the "Browse" 

button and searching through the standard Windows tree structure to find the relevant file 

referenced in the AIB blackboard database, or by clicking on the triangle at the right edge 

of the text box to indicate a list of the most recently used text files in the Neural Expert. 

Typical sample data such as for the example to determine the stream surge pressure given 

in the simulation model option of the AIB blackboard as illustrated in Figure 2.5.3.p. is 

given in Figure 2.5.3.x. The input attributes are the pipe outlet diameter, the pipe wall 

thickness, the fluid bulk modulus, and Young;s modulus. The goal is to train the ANN to 

determine the stream surge pressure (desired output) based on these attributes. The 

following step is to tag the input columns. The Tag Input Columns specifies which data is 

required for input into the ANN. ASCII column data typically has column labels as the 

first row, conversely, the Neural Expert asks whether column labels must be added. 
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Figures 2.5.3.y. and 2.5.3.z. ANN Neural Expert Input Data Selection 
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The following step in constructing the ANN model is to select the desired output data. 

The Desired File Selection panel specifies where the desired output data file is located by 

choosing the "Browse" button and searching through the standard Windows tree structure 

to find the relevant file referenced in the AIB blackboard database, or by clicking on the 

triangle at the right edge of the text box to indicate a list of the most recently used text 

files in the Neural Expert, or by choosing the "Use Input File as Desired File" button, 

which will place the input file name in the desired file text box. For classification 

problems the option is given to randomise the order of the data before presenting it to the 

network. Neural networks train better if the presentation of the data is not ordered. For 

example, if the design problem requires classifying between two classes, “fluids” and/or 

“solids” for balancing, the network will train much better if the fluids and solids data are 

intermixed. If the data is highly ordered, it should be randomised before training the 

artificial neural network. 

 

The Tag Desired Columns panel specifies which data the ANN must produce, and is used 

to specify which (if any) of the desired output columns contain symbolic data. Symbolic 

columns are those in which each data element is a string of characters (e.g. "yes"/"no"). 

Most often symbolic strings are non-numeric, but columns containing discrete numeric 

values should usually be tagged as symbolic also. A symbolic column is translated by 

expanding it to N columns, where N is the number of unique strings in the column. Each 

expanded column represents a particular string. By placing a "1" in an expanded column 

indicates the occurrence of the column's corresponding string, whereas a "0" indicates a 

non-occurrence.  
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Figures 2.5.3.aa. and 2.5.3.ab. ANN Neural Expert Sampling and Protection 
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One of the primary goals in training neural networks is to ensure that the network 

performs well on data that it has not been trained on (called "generalization"). The 

standard method of ensuring good generalization is to divide the training data into 

multiple data sets. The most common data sets are the training, cross validation, and 

testing data sets. The cross validation data set is used by the network during training. 

Periodically, while training on the training data set, the network is tested for performance 

on the cross validation set. During this testing, the weights are not trained, but the 

performance of the network on the cross validation set is saved and compared to past 

values. The network shows signs of becoming over-trained on the training data when the 

cross validation performance begins to degrade. Thus, the cross validation data set is used 

to determine when the network has been trained as best as possible, without over-training 

(i.e. maximum generalization). 

 

The Generalization Protection panel is used to specify the amount of data to set aside for 

cross validation. "None" indicates that all of the data in the input and desired files will be 

used for training. This option is generally only used when there is very little data to work 

with (e.g. less than 100 rows). "Normal" generalization protection specifies that 20% of 

the data will be set aside for cross validation. "High" generalization protection will set 

aside 40% of the data for cross validation. This option should only be used when there is 

a great deal of data (e.g. 10,000 rows or more). 

 

 

 

 

 

 

 

 

 

 



 553 

 

Figures 2.5.3.ac. and 2.5.3.ad. ANN Neural Expert Sampling and Optimisation 
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Although the network is not trained with the cross validation set, it uses the cross 

validation set to choose a "best" set of weights. Therefore, it is not truly an out-of-sample 

test of the network. For a true test of the performance of the network, an independent (i.e. 

out of sample) testing set is used. This provides a true indication of how the network will 

perform on new data. The Out Of Sample Testing panel is used to specify the amount of 

data to set aside for the testing set. The percentage will vary depending on the amount of 

data you have and how rigorously you wish to test the network on out of sample data. 

The default value is 20% when this option is enabled. 

 

It is important to find the network with the minimal number of free weights that can still 

learn the problem. The minimal network is more likely to generalize well with new data. 

Therefore, once a successful training session has been achieved, the process of decreasing 

the size of the network should commence, and the training repeated until it no longer 

learns the problem effectively. A facility for optimising various network parameters using 

a genetic algorithm is provided. The Genetic Control component implements a genetic 

algorithm to optimise one or more parameters within the neural network. The most 

common parameters to optimise are the input columns, the number of hidden processing 

elements (PEs), number of memory taps, and the learning rates. Many other network 

parameters are available for optimisation.  

 

Genetic Algorithms are general-purpose search algorithms based upon the principles of 

evolution observed in nature. Genetic algorithms combine selection, crossover, and 

mutation operators with the goal of finding the best solution to a problem. They search 

for this optimal solution until a specified termination criterion is met. In the Neural 

Expert Program embedded in the AIB blackboard, several criteria can be used to 

evaluate the fitness of each potential solution. The solution to a problem is called a 

chromosome. A chromosome is made up of a collection of genes, which are simply the 

neural network parameters to be optimised. A genetic algorithm creates an initial 

population (a collection of chromosomes) and then evaluates this population by training a 

neural network for each chromosome. It then evolves the population through multiple 

generations in the search for the best network parameters. 
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Figure 2.5.3.ae. ANN Neural Expert Network Complexity 

 

The Network Complexity panel is used to specify the size of the neural network in terms 

of hidden layers and processing elements (neurons). In general, smaller neural networks 

are preferable over large ones. If a small one can solve the problem sufficiently, then a 

large one will not only require more training and testing time, but also may perform 

worse on new data. This is the generalization problem - the larger the neural network, the 

more free parameters it has to solve the problem. Excessive free parameters may over fit 

the data, causing the network to over-specialize or memorize the training data. When this 

happens, the performance of the training data will be much better than the performance of 

the cross validation or testing data sets. It is thus essential to start ANN analysis with a 

"low complexity" network. After using such a low complexity network, the analysis can 

progressively move to a "medium" or "high" complexity network to determine if the 

performance results are significantly better. A significant disadvantage in this approach is 

that "medium" or "high" complexity networks generally require a large amount of data. 
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Figures 2.5.3.af. and 2.5.3.ag. ANN Neural Expert Example Results 
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Performance measures of the Error Criterion component provide several values that can 

be used to measure the performance of the network for a particular data set. These are: 

 

The mean squared error (MSE), which is defined by the following formula: 

 

The normalized mean squared error (NMSE), which is defined by the following 

formula: 

 

 

The percent error (% Error), which is defined by the following formula: 

 



 558 

 

Figure 2.5.3.ah. Expert Systems Functional Option in the Blackboard 

 

Expert knowledge of how to solve complex engineering design problems is not often 

available. Knowledge-based expert systems are programs that capture that knowledge 

and allow its dissemination in the form of structured questions, to be able to determine 

the reasoning behind a particular design problem's solution. The Knowledge-based expert 

systems incorporated in the AIB blackboard are based on the classical approach to expert 

systems methodology that incorporates the following: 

 User Interface,  

 Working Memory,  

 Inference Engine,  

 Facts List 

 Agenda,  

 Knowledge Base,  

 Knowledge Acquisition Facility. 
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The User Interface is a mechanism by which the user and the expert system 

communicate. The Working Memory consists of a global database of facts used by rules. 

The Inference Engine controls the overall execution of queries or selections related to 

problems and their solutions based around the rules. The Facts List contains the data on 

which inferences are derived. An Agenda is a list of rules with priorities created by the 

Inference Engine, whose patterns are satisfied by facts in the Working Memory. The 

Knowledge Base contains all the knowledge and rules. The Knowledge Acquisition 

Facility is an automatic way for the user to enter or modify knowledge in the system 

rather than by having all the knowledge explicitly coded at the onset of the expert 

systems design. 

 

As illustrated in Figure 2.5.3.ah. the Knowledge Base consists of facts and functions 

relating to all the essential technical data pertaining to process definition, systems 

definition and process operating procedures, standard work instructions, and spares and 

resources requirements. The Diagnostics Inference Engine contains diagnostic charts and 

queries of conditions and constraints relating to failure characteristics and failure 

conditions, equipment criticality and performance measures, and operating and 

maintenance strategies. The User Interface is a graphics-based object-oriented application 

in which the designer can point-and-click at digitised graphic process flow diagrams 

(PFD) of a plant to access specific details of any object shown on the PFD, as well as the 

object’s detailed specifications, diagnostics or performance measures. The User Interface 

has full dynamic data linking (DDL) capability and database structuring to accommodate 

a company's client/server protocol for corporate intranet and Web Internet installations. 

 

A knowledge-based expert system emulates the interaction a group of multi-discipline 

design engineers will have, in solving a design problem. The decision trees or rules used 

in a knowledge-based expert system contain the knowledge of the human specialist(s) in 

a particular field. The inference engine makes use of these rules to solve a problem in 

achieving set goals (design criteria). The end user (designer) asks structured questions 

until the expert system has reached an optimal solution in meeting the specific design 

criteria, and gives information on how they were arrived at, and why. 
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Figures 2.5.3.ai. and 2.5.3.aj. Determining the Failure Effect on a Process 
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As stated previously, the Diagnostics Inference Engine contains diagnostic charts and 

queries of conditions and constraints relating to failure characteristics and failure 

conditions, equipment criticality and performance measures, as well as operating and 

maintenance strategies. The first step in diagnostics of equipment condition is finding the 

failure effect on a process by determining the impact of an isolated failure on 

neighbouring and dependent components. This is the basic precursor to establishing a 

failure modes and effects analysis (FMEA). FMEA is a powerful design tool to analyse 

engineering systems, and it may simply be described as an analysis of each potential 

failure mode in the system and an examination of the results or effects of such failure 

modes on the system. The strength of FMEA is that it can be applied at different systems 

hierarchy levels. In the specific case illustrated in Figures 2.5.3.ai. and 2.5.3.aj. it is 

applied to determine the performance characteristics of the Environmental Plant gas 

cleaning process, the functional failure probability of its critical systems, such as the 

Halide Tower, the failure-on-demand probability of the duty of a single pump assembly, 

namely the Halide Pump No.1, down to an evaluation of the failure mechanisms 

associated with a control valve component. By the analysis of individual failure modes, 

the effect of each failure can be determined on the operational functionality of the 

relevant systems hierarchy level, up to the overall process.  In preparation for establishing 

an expert system knowledge base pertaining to the diagnostics of equipment condition, 

the FMEA is performed in several steps, which are as follows: 

 

 Identify the relevant hierarchical levels, and define systems and equipment. 

 Establish ground rules and assumptions, i.e. operational phases. 

 Describe systems and equipment functions and associated functional blocks. 

 Identify and describe possible failure modes and their associated effects. 

 Determine the effect of each item’s failure for every possible failure mode. 

 Determine the consequence of each item’s failure on system performance. 

 Determine the cause of each item’s failure for every possible failure mode. 

 

In this way, a knowledge base is built up of the conditions and constraints relating to 

failure characteristics and failure conditions. 
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Figures 2.5.3.ak. and 2.5.3.al. Determining the Risk of Failure on a Process 
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The risk of common failure mode is influenced by stress and time. As both stress and the 

time-at-stress increase, the risk increases. The point of maximum common failure mode 

risk occurs when both stress and time are at a maximum. However, this risk cannot be 

evaluated by either reliability analysis, or high-stress exposure tests alone, and it becomes 

necessary to resort to design criteria conditions to evaluate the risk in a design-level 

FMEA. The intention of this type of FMEA is to validate the design parameters chosen 

for a specified functional performance requirement where the risk of common failure 

mode is at a maximum. This is illustrated in Figures 2.5.3.ak. and 2.5.3.al. 

 

The advantages of performing design-level FMEA in building up an equipment condition 

knowledge base, include identification of potential design-related failure modes at system 

/ subsystem / component level; identification of important characteristics of a given 

design; documentation of the rationale for design changes to guide the development of 

future designs; help in the design requirement objective evaluation; assessment of design 

alternatives during the preliminary and detail phases of the engineering design process, 

and to establish priority for design improvement actions during the preliminary design 

phase. Furthermore, it is a systematic approach to reduce risk and criticality, when the 

design-level FMEA is extended to classify each potential failure effect according to its 

severity in a failure mode effects and criticality analysis (FMECA). 

 

Figures 2.5.3.am. and 2.5.3.an. illustrate the further development of an expert system 

knowledge base pertaining to the diagnostics of equipment condition, with the inclusion 

of determining the criticality of failure on a process. The objective of criticality 

assessment is to prioritise the failure modes identified during the FMEA on the basis of 

the severity of their effects and consequences, and the likelihood of occurrence, i.e. the 

risk, as well as the estimated failure rate. Thus, for making an assessment of equipment 

criticality, the priority for a component failure mode is calculated using three factors:  

 

 Failure effect severity. 

 Failure consequence likelihood 

 Failure mode occurrence probability. 
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Figures 2.5.3.am. and 2.5.3.an. Determining the Consequences of Failure 
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Figure 2.5.3.ao. Assessment of Decision Logic in Design Problem Solutions 

 

The assessment of decision logic in design problem solutions is to determine the required 

operating, maintenance and logistic strategies based on specific criteria related to the 

plant and equipment specifications such as; equipment technical specifications, process 

functional specifications, operating specifications, equipment function specifications, 

failure characteristics and failure conditions, equipment fault diagnostics, equipment 

criticality, equipment performance measures, operating and maintenance tasks, operating 

procedures, maintenance procedures, process cost models, critical spares, and spares 

logistic requirements. Figures 2.5.3.ap. and 2.5.3.aq. illustrate decision logic assessment 

questions for building up a knowledge base of design problems pertaining to process 

functionality (Figure 2.5.3.ap.), and to standard design parameters (Figure 2.5.3.aq.). 

These questions serve to define the rules in a rule-based expert system. The questions 

are multiple-choice entries that are typically text and can contain several values. 
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Figures 2.5.3.ap. and 2.5.3.aq. Assessment of Design Problem Decision Logic 
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Figure 2.5.3.ar. AIB Blackboard Knowledge-based Expert Systems 

 

Applying Al Methodology to Engineering Design: 

Aside from the use of intelligence in system components, there has been significant 

progress in its use during design and evaluation of safety-related systems. Intelligent 

systems provide the safety engineer with valuable knowledge-based tools; the use of 

expert systems for verification and validation, or for use in FMEA studies, are typical 

examples. However, some deterministic systems have become so complex and sensitive 

to trivial input changes that complete analysis becomes a virtual impossibility. AI can 

support this process by providing experiential analysis of the system outputs, thus 

eliminating false logical paths and reducing the amount of analysis required. There is also 

a move towards analysis whereby a system can be treated as a black box, of which only 

the interface performance is assessed, and that by comparison with benchmarks provided 

by an 'acceptable' system.  
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Figures 2.5.3.as. and 2.5.3.at. Knowledge Base Facts Frame 
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The term frame is based on an analogy to a picture frame in the visual world. The 

proposed hypothesis is that frames in the mind are called up whenever an external scene 

is viewed and provide assumptions about what is likely to occur, so that the computation 

of an understanding of the scene is computationally tractable. A frame is a structure that 

represents a concept. It can have any number of attributes or properties attached to it, 

some of which can be relationships. An attribute may have any number of values (i.e. no 

value, one value, several values etc.). The types of relationships among frames include 

hierarchical, classification relations, time precedence, and resource dependent. The 

importance of being able to represent relations is that a given frame can inherit properties 

(attributes and/or values) from the frames to which it is related.  Frames are a convenient 

and natural way to represent descriptive information, that is objects, their properties and 

their relations. They also represent the information carried in hierarchically structured 

domains. Frames are also known as schemata and scripts, and are abstractions of 

semantic network knowledge representation.  

 

Frames are effective in expectation driven processing, a technique often used in 

architecture and engineering design, where a knowledge-based expert system looks for 

expected data, based on context. Frames may inherit information from other frames. 

Frames are similar to forms that have a title (frame name) and a number of slots (frame 

slots) that only accept predetermined data types. A collection of nodes and links, or slots, 

together describes an object or event. A frame is thus a format for expressing declarative 

knowledge, in which an object is represented by a data structure containing a number of 

slots (representing attributes or relationships of the object), with each slot filled with one 

or more values (representing specific values of attributes or other objects that the object is 

related to). Most frame systems allow for some slots to be filled in by inheritance rather 

than by specifically stored values. Figures 2.5.3.au. through to 2.5.3.az. illustrate 

relationship frames containing a number of slots representing attributes or relationships 

with the relevant questions, topic, class, problem statement and solution hypotheses 

relating to Functions, Conditions, and Consequences. These frames represent the  

knowledge-base information carried in hierarchically structured domains of the design 

integrity of systems and equipment. 
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Figures 2.5.3.au. and 2.5.3.av. Knowledge Base Functions Frame 



 571 

 

Figures 2.5.3.aw. and 2.5.3.ax. Knowledge Base Conditions Frame 
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Figures 2.5.3.ay. and 2.5.3.az. Knowledge Base Consequences Frame 
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Figure 2.5.3.ba. Knowledge Base Hierarchical Data Frame 

 

Figure 2.5.3.ba. illustrates the System Breakdown Structure (SBS) tab as part of a set of 

tabs (References, Facts, Functions, Conditions, Consequences, Rules and Goals) that 

contain various instructions in accessing data from the expert system knowledge database 

for application in an expert system user-interface. The system / assembly / component 

selection capability of the SBS tab, relates hierarchical systems data to a particular 

frame. Frames provide the means to efficiently represent certain types of data that have a 

hierarchical structure, such as engineering systems. Frames allow for complex search 

criteria with Boolean operators in design optimisation. The data in a frame can be read or 

updated by the expert system. Frames provide inheritance that allows a hierarchical set of 

frames to be created with data in "parent" frames available to lower level frames. The use 

of frames provides a means for the AIB blackboard to manage data that is portable and 

maintainable in multiple expert systems.  
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Figure 2.5.3.bb. The Expert Systems Blackboard and Goals 

 

The blackboard provides a flexible means for multiple expert systems, and other 

knowledge source applications, to store and retrieve data for use by multi-disciplinary 

groups of design engineers in a collaborative design environment. The data is typically 

shared among multiple knowledge-based expert systems as well as other knowledge 

sources. A set of blackboard commands enables designers to read or write design data to 

the blackboard which is automatically maintained with respect to concurrent design 

specifications input by other designers. The blackboard files can be jointly read or created 

by the knowledge-based expert systems, which automatically identify inappropriate 

design data or conflicting design specifications with respect to goals. Goals are the design 

criteria that the expert systems will decide among. An expert system is required to find 

solutions to a design problem subject to design criteria. These design criteria are the goals 

of the expert system. A goal may be assigned a confidence value to determine its relative 

likelihood. Goals can only be used in the THEN part of trees, which are considered later. 
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Figures 2.5.3.bc. and 2.5.3.bd. Expert System Questions Factor - Temperature 
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Factors are text or numeric data items that are used to define the rules in a rule-based 

expert system (or the nodes of a decision tree). There are two types of factors: Questions 

and Variables. Questions are multiple-choice lists that are typically text and can contain 

several values. A question condition is a statement in the rule (or tree) made up of the 

starting question text and several associated choices. Questions can be used in the IF part 

of a rule to test a value, or in the THEN part to assign a value. Variables are both numeric 

or string variables, including expressions, parenthesis, Boolean operators, trig functions 

and exponential functions. A numeric variable value may be any value between its upper 

and lower bounds. For the purposes of defining IF – THEN expert system rules, the value 

of the variable is divided into ranges defined by the logical break points in the decision 

making process. For example, an IF part test expression might be: 

 

IF 

(([X] < [Z]) AND (SIN([X] / 2) > 0.4)) 

 

In addition to the more standard mathematical operators, MIN, MAX, conditional 

assignment operators are supported, as well as an approximately equal operator to handle 

round-off error problems. Furthermore, string variables can be tested for alphabetical 

order and can be concatenated. 

 

Figures 2.5.3.bc and 2.5.3.bd. illustrate the defining of questions together with a multiple 

choice question editor for application in rule-based expert systems. In the illustration, the 

question relates to temperature, which refers to the expert system goal and is a design 

criteria constraint. A further constraint in the design criteria is pressure, where both 

constraints need to be considered concurrently, as the one impacts upon the other in a 

particular systems design. Figures 2.5.3.be. and 2.5.3.bf. illustrate similar use of the 

multiple choice question editor in establishing a list for the second question relating to 

pressure, for application in the same rule-based expert system. The values of these 

variables are divided into ranges defined by the logical break points in the decision 

making process, (i.e. too low, within or exceeding specification, too high or critical). 
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Figures 2.5.3.be. and 2.5.3.bf. Expert System Questions Factor - Pressure 
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Figures 2.5.3.bg. and 2.5.3.bh. Expert System Branched Decision Tree 
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Figures 2.5.3.bg. and 2.5.3.bh. illustrate the development of trees. A tree is a branched 

decision-tree that represents all, or a portion, of the decision-making instructions for input 

into a particular design scenario. Tree representation can be used for any design problem 

that involves a selection from among a definable group of goals (design criteria), where 

the decision is based on logical steps that can be described as a set of tree diagrams. The 

trees can involve relative probabilities of a goal being correct. Trees can also be used to 

derive data needed by other trees or rules. Individual rules are added to represent specific 

facts that cannot be represented as trees (usually rules requiring an ELSE part, or specific 

facts that are not part of an overall structure of information).  

 

A tree is made up of nodes that represent decision branch points, and those that are 

assignments of value. These correspond to IF and THEN conditions in a rule. The IF 

node has two or more values that are joined together in a block. The node values can be 

multiple choice text items, ranges of a numeric variable or true/false tests of a 

mathematical expression. THEN nodes have a single value and assign a value to the goal 

of the expert system, assign text or numeric data, or annotate the tree. Trees can assign 

values in their THEN part. If other tree nodes require these choices, the appropriate rules 

will automatically be called through backward chaining. The concept of backward 

chaining is considered later in detail. 

 

The ability to add nodes or automatically expand the tree to consider all possible 

combinations of input, allows rules to be built very rapidly. The designer is prompted to 

consider all possible cases, which guarantees system completeness. In most applications 

there would be multiple trees, each representing a different aspect of the decision-making 

process, such as determining the optimum solution to a particular design problem (in the 

case of high integrity protection systems, HIPS, the optimisation may be one of a 

redundancy configuration of parallel / series critical components such as control valves). 

The trees can then be printed and reviewed with other expert systems in the blackboard. 

Since the trees are easy to read, this facilitates group consensus on the application of a 

particular design solution, and is especially helpful in a collaborative design environment.  
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Figure 2.5.3.bi. Expert System Rules of the Knowledge Base 

 

Knowledge-based expert systems deal with knowledge rather than data, and the files they 

use are often referred to as knowledge bases. This knowledge is represented as rules. A 

rule is made up of a list of IF conditions (normal semantic sentences or algebraic 

expressions that can be tested to be TRUE or FALSE), and a list of THEN conditions 

(more sentences) or statements about the probability of whether a particular value is the 

appropriate solution to a particular design problem. If the expert system determines that 

all IF conditions in a rule are true, it adds the rule’s THEN conditions to what it knows to 

be true. The expert system determines what additional information it needs, and how best 

to get the information from other knowledge sources. If possible, the expert system will 

derive information rather than prompting the user. This ability to derive information 

allows the expert system to combine many small pieces of knowledge to arrive at logical 

conclusions about complex problems. In this way, the expert system can manage the rules 

in a knowledge base from the point of view of conflicting meanings or values. 
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Figures 2.5.3.bj. and 2.5.3.bk. Expert System Rule Editor 
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Although the use of decision trees are an ideal way to rapidly develop most systems, the 

logic of some complex systems cannot be described as trees. These systems require that 

individual rules be defined. A Rule Editor is provided for this ability. Rules are entered 

in an editor window such as illustrated in Figure 2.5.3.bk. A rule is divided into three 

main parts: an IF part, a THEN part, an optional ELSE part, with an optional NOTE, and 

an optional REFERENCE. The basic structure of a rule has the following format: 

 

IF  - Conditions 

THEN  - Conditions and Goals 

ELSE  - Conditions and Goals 

 

The IF part is simply a series of tests, expressed as semantic sentences or algebraic 

expressions. The IF conditions are tested against the data provided by the knowledge 

base, information that can be derived from other rules, or data obtained from other 

knowledge sources. In the IF part, the tests can be combined with either AND or OR. 

Boolean operators can also be used to build complex logical tests. 

 

The THEN part can contain conditions similar to the IF part. However, in the THEN part, 

they are not tests, but statements of fact. In the IF part a statement would be a test that 

might be true or false. The same statement in the THEN part would be considered to be a 

valid fact, if the IF conditions in the rule were true. When the IF conditions in a rule are 

determined to be true, the expert system assumes the THEN part is true and adds any 

facts in the THEN conditions to what it knows. The THEN part can also contain the 

possible goals that the expert system will decide among, along with their assigned 

probability values. The expert system keeps track of the value each goal receives, and 

calculates a final confidence value for each of the choices. The THEN conditions may 

also include statements that assign a value to a numeric or string variable. This allows 

values to be calculated during a run and displayed at the end. The ELSE part is the same 

as the THEN part and is applied if any of the IF conditions are FALSE. The ELSE part is 

optional and not needed in most rules. (Rules built in tree-structured systems have only 

IF and THEN parts). 
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In some cases it is desirable to add a NOTE to a rule to provide some special information 

to the knowledge base. If there is a NOTE added, it will be displayed with the rule. The 

NOTES from rules that fired (i.e. are activated) can also be applied as information output, 

using the report generator. The expert system knowledge base may also include a 

REFERENCE for a rule. This is intended to assist in finding the source of the knowledge 

contained within a rule, or for more information relating to the rule. As with the NOTE, 

the REFERENCE is optional and only for containing information. It has no affect on the 

running of the program. The difference between the NOTE and the REFERENCE is that 

the NOTE is displayed whenever the rule is displayed. The REFERENCE is displayed 

only if it is requested. The REFERENCES from rules that fired can also be applied as 

output using the report generator. Both NOTE and REFERENCE elements can contain 

links to specific pages in blackboard web sites. This is especially useful for product 

descriptions, specific requirements or to display a part of a complex design. 

 

A list of the questions and their associated value lists can be accessed from the 

knowledge base. To define a rule condition, the desired question is selected, together with 

the desired choice(s). The condition will appear in the rule window. Mathematical 

expressions and choice conditions are then added. Custom commands or access data from 

other knowledge sources in the blackboard can be added through the Command facility. 

The expert system then automatically builds syntactically correct commands that don't 

have to be memorized. Frequently the first few conditions in a rule will be identical to the 

previous rule, and a rule copying as well as rule editing facility enables rules to be 

selected, edited, changed, deleted or added. Conditions can also be deleted or changed.  

 

The expert system’s Rule Editor is a powerful and flexible tool for knowledge-based 

expert system development, and enables the designer to rapidly write rules using the 

same data elements as the trees. As each rule is input, it is compiled to the knowledge 

base. This means that the rule editor has access to the logic of the rules already entered. 

Thus if a rule is potentially in conflict with an existing rule, the editor will immediately 

highlight the conflict and give the designer the opportunity to correct it. 
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Backward Chaining: 

Backward chaining is a term used to describe running the rules in a "goal driven" manner. 

In backward chaining, if an item of information is needed, the expert system will 

automatically check all of the rules to see if there is a rule that could provide the needed 

information. The system will then "chain" to this new rule before completing the first 

rule. This new rule may require information that can be found in yet another rule. The 

expert system will then again automatically test this new rule. The logical reasoning of 

why the information is needed, goes backwards through the chain of rules. The called 

rules can be anywhere in the expert system. It is not necessary to specify which rules 

apply to which information. Backward chaining simplifies the development of the expert 

system. Each rule can simply state an individual fact. Unlike some expert system models, 

the relationships between rules do not have to be explicitly assigned in the blackboard. 

Expert systems incorporated in the blackboard will automatically find the relevant rules 

and use them. In a backward chaining system, the rules can be in any order. As new facts 

are added to the design, rules are simply added and the expert system will automatically 

determine when and how to use the new items of information. 

 

Forward Chaining: 

Forward chaining is a "data driven" method of running the rules (unlike the goal driven 

approach of backward chaining), and is an alternative to backward chaining. In backward 

chaining, there is always a goal to be satisfied and a specific reason why rules are tested. 

In pure forward chaining, rules are simply tested in the order they occur based on 

available data. If information is needed, other rules are not invoked - instead, the designer 

is asked for the information. Consequently, forward chaining systems are more dependent 

on rule order. However, since time is not spent determining if information can be derived 

from other rules, forward chaining is much faster. The blackboard expert system also 

provides a hybrid between backward and forward chaining where the basic approach is 

data driven, but information needed by rules is derived through backward chaining. 

Another technique is to divide an expert system into subsets of rules and run some in 

forward chaining and some in backward chaining with Procedural Command Language.  
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Figure 2.5.3.bl. Testing and Validating Expert System Rules 

 

Testing and validating a knowledge-based expert system must be a major part of any 

expert system development project. It is important to make sure that end users will get 

valid answers to any input. The automatic validation function greatly simplifies and 

automates this process. The expert system automatically tests the design application, 

unattended, for a variety of errors. There are two methods of validation testing; namely 

systematic and random testing. Systematic testing allows all possible combinations of 

input to be tested for a variety of possible errors. If the expert system is very large and 

systematic testing of the entire system would take too long, testing of portions of the 

system, or random testing of the entire system, can be performed. The blackboard system 

has built-in functions to automatically validate a particular design application, and to 

check for a variety of common errors. Figure 2.5.3.bl. illustrates a validation test of the 

example HIPS system with temperature and pressure design constraints. 
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Figures 2.5.3.bm. and 2.5.3.bn. Fuzzy Logic for Managing Uncertain Data 
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Confidence Methods for Managing Uncertain Data: 

 

The AIB blackboard expert system provides several ways to manage uncertain data, the 

confidence or probability factors within each expert system. The different systems are 

designed to provide a range from simple and intuitive confidence systems, through 

customized systems that enable the designer to implement complex methods of assessing 

and evaluating confidence. These confidence methods are: 

 

YES / NO System: 

If the system does not require any estimate of probability, the YES/NO (0/1) system is 

the easiest to apply. This confidence system is very easy to use since the first rule that 

fires for a choice, sets the value to 1 for Yes, or 0 for No. No intermediate values are 

assigned. This confidence system is good for selecting choices from a list, an automated 

questionnaire, or other systems where the choices used by such system are definitely 

"yes" or "no". 

 

0-10 System: 

The 0-10 system provides confidence values on a scale of 0-10. This is often quite 

compatible with the intuitive knowledge used in the development of an expert system. A 

value of 0 locks the value for the goal at 0 (No - not possible) and a value of 10 locks the 

value at 10 (Yes –definitely selected). Confidence values between 1 and 9 are averaged to 

give a relative likelihood.  

 

This system can positively select or reject a goal (with a value of 10 or 0) but can also 

allow intermediate values to indicate goals that may also be appropriate. When obtaining 

a designer’s intuitive recommendation in an event, a 0-10 scale is often easy to use. 

Unless valid statistical data is available, precision higher than 0-10 is difficult to obtain 

from intuitive knowledge, especially for conceptual design. Despite its simplistic 

calculations, the 0-10 system is quite suitable for many expert systems and has been used 

to build thousands of real-world applications. 
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- 100 to 100 System: 

Values can be assigned to goals in the range of -100 to 100. This provides greater 

resolution than the 0-10 system. However, there is no value that locks the value at "yes" 

or "no", values of 0, 100 and -100 are treated like any other value. Also there are three 

methods of combining the confidence values - average, dependent probabilities or 

independent probabilities. The -100 to 100 system is effective if statistical data, accurate 

to two significant figures, is available or if the nature of the problem requires that the 

confidence factors be combined as dependent or independent probabilities. 

 

Custom Formula System: 

In this system, the designer can develop a formula for the combination of confidence 

values. This provides enormous flexibility. One method of combining confidence values 

can be used in one part of an expert system and another method in the rest of the system. 

This is a more complex system, but it can be used when a problem cannot be solved by 

one of the other systems, or for building very complex systems of confidence factors. 

 

Fuzzy Logic: 

Fuzzy logic is a very powerful technique that enables the expert systems to manipulate 

imprecise data (i.e. The temperature is too high) and more closely reflect the real world. 

In the Fuzzy Logic confidence mode, fuzzy membership functions are defined which 

assign confidence to items based on the value of a variable. These confidence values are 

propagated through the rules to the confidence assigned to the goals. Specific values can 

be defuzzified out of the results, to have the expert system give precise recommendations. 

 

Figures 2.5.3.bm. and 2.5.3.bn. illustrate the application of fuzzy logic for managing 

uncertainty concerning the design constraints of temperature (Figure 2.5.3.bm.) and 

pressure (Figure 2.5.3.bn.). The fuzzy membership functions are represented by a 

triangular distribution mapping (t-norm), established by input of membership functions 

against specific confidence levels. Figures 2.5.3.bo. and 2.5.3.bp. illustrate the resulting 

rules developed with fuzzy logic inference. 
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Figures 2.5.3.bo. and 2.5.3.bp. Fuzzy Logic Rule Results 
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Figure 2.5.3.bq. AIB Blackboard Model with Plant Analysis Overview Option 

 

Plant Analysis, with specific reference to the integrity of engineering design, focuses on 

equipment functional failure, their causes and effects, and the overall consequences that 

affect safety, operations, quality and the environment. It includes the identification of 

critical equipment with regard to safety, risk, operations downtime, product quality and 

environmental impact, as well as costs of downtime. The outcome of plant analysis 

determines maintenance procedures, plant isolation procedures (with the establishment of 

statutory requirements), plant shutdown procedures (shutdown and start-up), standard 

work instructions, maintenance and operating resource requirements, and logistical spares 

requirements, for the effective care of plant and equipment to ensure safety, operational 

performance, production output, product quality and environmental protection. Plant 

analysis in the AIB blackboard is the Working Memory of the knowledge-based expert 

systems, consisting of a global database of facts relating to the integrity of engineering 

design, and that are used by rules for establishing automated continual design review. 
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Figures 2.5.3.br. and 2.5.3.bs. Automated Continual Design Review 



 592 

Artificial Intelligence based strategies for decision-making, and in particular for decisions 

concerning the integrity of engineering design, are centred around three approaches. 

These three approaches are termed deterministic knowledge, probabilistic knowledge and 

possibilistic knowledge. Deterministic knowledge in engineering design integrity 

formulation is based on a well defined systems structure and definition of the operational 

and physical functions of equipment, the usefulness of which depends on the ability to 

relate the information specifically to failure conditions (or failure modes) in identifying 

problems of equipment failure consequences. Probabilistic knowledge is mainly gained 

from a statistical analysis of the probable occurrences of events, such as component 

failures, in order to predict the expected occurrence of these events in the future so as to 

be able to design-out problems or to implement some form of preventive action. 

Possibilistic knowledge focuses primarily on imprecision or uncertainty that is intrinsic to 

equipment degradation. Imprecision here is meant to express a sense of vagueness rather 

than the lack of any knowledge at all about predicted equipment condition, particularly its 

physical condition. In other words, possibilistic knowledge concerns the concept of 

"fuzziness" and not "randomness". The application of fuzzy logic expert systems focuses 

on the use of expert systems technology and fuzzy logic to achieve intelligent computer 

automated methodology to determine the integrity of engineering design. The most 

important impact areas of expert systems on the integrity of engineering design are; 

 automatic checking of design constraints that affect the design’s integrity, 

allowing for alternatives to be considered in a collaborative design environment; 

 automation of complex tasks and activities for determining design integrity where 

expertise is specialized and technical; 

 strategies for searching in the space of alternative designs, and monitoring of 

progress towards the targets of achieving the required design integrity; 

 integration of diverse knowledge sources in an AIB blackboard system, with 

expertise applied concurrently to the problem of ensuring design integrity; 

 provision of intelligent computer automated methodology for determining the 

integrity of engineering design through automated continual design reviews, as 

illustrated in Figures 2.5.3.br. and 2.5.3.bs. 
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2.5.3.B.  EVALUATION OF MODELLING RESULTS 

 

As indicated previously, a blackboard system consists predominantly of a set of 

knowledge sources and a blackboard data structure. A knowledge source is a highly 

specialized, highly independent process that takes inputs from the blackboard data 

structure, performs a computation, and places the results of the computation back in the 

blackboard data structure. This blackboard data structure is a centralized global data 

structure partitioned in a hierarchical manner and used to represent the problem domain 

(in this case the engineering design problem), and acts as a shared memory visible to all 

of the knowledge sources to allow inter- communication between the knowledge sources. 

The blackboard data structure contains shared blackboard data objects and can be 

accessed by all of the knowledge sources. This design allows for an opportunistic control 

strategy that allows a knowledge source to contribute towards the solution of the current 

problem without knowing which of the other knowledge sources will use the information.  

 

Blackboard systems are a natural progression of expert systems into a more powerful 

problem–solving technique. They generally provide a way for several highly specialized 

knowledge sources to cooperate to solve larger and more complex problems. Due to the 

hierarchical structure of the blackboard, each data object on the blackboard will usually 

have only one knowledge source that can update it. Although these knowledge sources 

are often referred to as "experts", knowledge sources are not restricted to expert systems 

or other AI systems, and include the ability to add conventionally coded software to 

cooperate in solving problems. Many knowledge sources are numeric or algorithmic in 

nature (i.e. the AIB blackboard knowledge source for Artificial Neural Network (ANN) 

computation that is specifically applied for processing time-varying information, such as 

non-linear dynamic modelling, time series prediction, adaptive control, etc. of various 

engineering design problems). The use of multiple, independent knowledge sources 

allows each knowledge source to use the data representation scheme and problem-solving 

strategy that best suits the specific purpose of that knowledge source. These specialized 

knowledge sources are thus easier to develop and can be hosted on distributed hardware. 
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The use of opportunistic problem–solving and highly specialised knowledge sources 

allows a set of distributed knowledge sources to cooperate concurrently to solve large, 

complex design problems. However, blackboard systems are not easily developed, 

especially where a high degree of concurrent knowledge source execution must be 

achieved while maintaining knowledge consistency on the blackboard. In general, 

blackboard systems have not attained their apparent potential because there are no 

established tools or methods to analyse their performance. The lack of a coherent set of 

performance analysis tools has in many cases resulted in the necessary revision of a 

poorly designed system to be ignored, once the system was implemented. This lack of the 

appropriate performance analysis tools for evaluating blackboard system design is one of 

the reasons why incorporating concurrency into the blackboard problem–solving model 

has not generally been successful. Consequently, a method for blackboard system design 

validation has been developed [McManus J.W. 1991]. This method has been applied to 

the AIB blackboard system for determining the integrity of process engineering design. 

 

Knowledge source connectivity analysis is a method for evaluating blackboard system 

performance using a formalised model for blackboard systems design. A description of 

the blackboard data structure, the function computed by each knowledge source, and the 

knowledge source’s input and output variables are sufficient to create a formalised model 

of a blackboard system [McManus J.W. 1992]. Connectivity analysis determines the data 

transfers between the knowledge sources and data migration across the blackboard. The 

attributes of specialisation, serialisation, and interdependence are evaluated for each 

knowledge source. This technique allows for the evaluation of a blackboard design 

specification before the blackboard system is developed. This also allows the designer to 

address knowledge source connectivity problems, feedback loops and interdependence 

problems as a part of the initial design process. Knowledge source connectivity analysis 

measures the output set overlap, functional connectivity, and output to input connectivity 

between pairs of knowledge sources. Output set overlap is a measure of the specialisation 

of pairs of knowledge sources, whereas functional connectivity between pairs of 

knowledge sources is a measure of their serialisation, and output to input connectivity is 

a measure of their interdependence. 
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a) The Formalised Model for Blackboard Systems Design: 

 

Knowledge source connectivity analysis requires a specification of the system developed 

using a formalised model for blackboard systems [McManus J.W. 1992]. Blackboard 

systems can be modelled as a blackboard data structure containing shared blackboard 

data objects, and a set of cooperating knowledge sources that can access all of the 

blackboard data objects. Knowledge sources are processes that take inputs from the 

blackboard, perform some computation, then place results back on the blackboard. 

 

Blackboard Data Structure: 

A blackboard data structure is a global data structure consisting of a set of blackboard 

data objects, {d1,dj}, used to represent the problem domain. 

 

Blackboard Data Object: 

Each blackboard data object is a predefined data object type with a point value or a range 

of values. A blackboard data object, dj, is thus an object that has a single value or 

multiple values. 



Knowledge Source: 

A knowledge source, ksj, of a set of knowledge sources, = {ks1,ksj}, consists of a 

set of input variables, IV = {iv1,ivn}, a set of input conditions, IC = {ic1,icn}, a 

set of output variables, OV = {ov1,ovm}, a description of the computation performed 

by the knowledge source, a set of preconditions, PR = {pr1,prk}, as well as a set of 

post-conditions, PT = {pt1,ptk}, and an input queue, IQ. Informally, a knowledge 

source’s input conditions are a set of Boolean variables used to notify a knowledge 

source when one of its input variables has been updated. The preconditions are a set of 

Boolean functions that all must be TRUE for a knowledge source to be activated, and the 

post-conditions are a set of Boolean functions that all must be TRUE for a knowledge 

source to post the result of its computation to the blackboard. If all of a knowledge 

source’s activation conditions are met while the knowledge source is executing, the input 

queue is used to store the knowledge source’s input variables.  
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There are two classes of knowledge source input variables: explicit input variables and 

generic input variables. An explicit input variable specifies a single, unique blackboard 

data object that is used as the input variable to a knowledge source. A knowledge source 

can only use the blackboard data object specified by the explicit input variable as a valid 

input. A generic input variable specifies a class or type of blackboard data object that can 

be used as the input variable to the knowledge source. The knowledge source can accept 

an instance of a blackboard data object of the specified class as an input variable. The use 

of generic input variables allows development of knowledge sources that function on a 

class of blackboard data objects. Knowledge sources can be classified by their input 

variables: Explicit Knowledge Sources have only explicit input variables; Mixed 

Knowledge Sources have both explicit and generic input variables; and Generic 

Knowledge Sources have only generic input variables. 

 

Blackboard System 

A blackboard system is used to allow inter–communication of knowledge sources, and 

acts as a shared memory that is visible to all of the knowledge sources. A blackboard 

system, is a tuple , d, where: 

 is a set of blackboard data objects, 

= {d1,di}; 

 is the set of blackboard data object states: 

P = V1 V2 … Vi 

where Vi is a set of all valid values for blackboard data object di; 

 is the set of knowledge sources. = {ks1,ksj}; each knowledge source's 

domain is a subset of , and its range is a subset of ; 

 d is an i–vector describing the i initial values of the blackboard data objects, that 

d ; 

 is a relation on  and ksj, kskif and only if dj X where: 

dj OV and (ksj) dj IV(ksk). 

If ksj, kskthen ksk is a successor of ksj, and ksj is a predecessor of ksk. 
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b) Performance Analysis of the Blackboard Systems Design: 

 

The performance of a blackboard system design can be analysed in the following manner 

[McManus J.W. 1991]: For each knowledge source ksj in  j, 

containing all of the input variables of ksj and an output set, j, containing all of the 

output variables of ksj.  

 

j   =  iv1, iv2, ..., ivn} 

j   =  ov1, ov2, ..., ovm} 

 

Once j and j have been established for all ksj in the sets j,k and j,k can be 

computed for all knowledge source pairs {ksj,ksk} in (j k).  

 

j,k   =  j  k  

   j,k  =  j  k  

 

As indicated previously, output set overlap is a measure of the specialisation of pairs of 

knowledge sources, whereas functional connectivity between the pairs of knowledge 

sources is a measure of their serialisation, and output to input connectivity is a measure of 

their interdependence. 

 

Specialisation Value: 

The output set overlap is a measure of the specialisation of pairs of knowledge sources, 

whereby the set j,k is computed to assess functional specialisation. The cardinality of 

the set j,k for each pair {ksj,ksk} in is a measure of the output overlap for the pair 

{ksj,ksk} (i.e. a measure of the specialisation of pairs of knowledge sources). Knowledge 

source pairs {ksj,ksk} with a large output overlap imply that ksj and ksk share a large 

number of output variables and thus have similar functions. Knowledge source pairs 

{ksj,ksk} with a low overlap imply that ksj and ksk have different functions. 
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A proposed heuristic to measure knowledge source specialisation is to compute a 

specialisation value, j,k, for each pair {ksj,ksk} in . Specialisation values measure 

the output set overlap of a pair of knowledge sources, {ksj,ksk}. The specialisation value 

is computed using the following equation [McManus J.W. 1992]: 

 

j ,k   =   card(j,k )         

    

min(card (j) card(k) 

 

The cardinality of the set j,k divided by the minimum of the cardinalities of the sets j 

and k computes a percentage of overlap between the set j,k and the smaller of the sets 

j and k. As j,k approaches 1.0 the output overlap between ksj and ksk increases. 

As j,k approaches 0.0 the output overlap between ksj and ksk decreases. For the 

limiting cases, if j  k or k  j we know that j,k = 1.0, and ksj and ksk 

compute the same outputs, and thus the knowledge sources are not specialized. However, 

if j,k =  (where  is the null value), then j,k = 0.0, and the two knowledge sources 

have no common outputs, and are highly specialized in relation to each other. 

 

Serialisation Value: 

The functional connectivity between pairs of knowledge sources is a measure of their 

serialisation, whereby the set j,k is computed to assess serialisation. The cardinality of 

the set j,k for each pair {ksj,ksk} in  k is a 

measure of the input overlap for the pair {ksj,ksk} (i.e. a measure of the serialisation of 

pairs of knowledge sources). Knowledge source pairs {ksj,ksk} with a large input 

overlap imply that ksj and ksk share a large number of output to input variables and thus 

form serialised execution. Knowledge source pairs {ksj,ksk} with a low input overlap 

imply that ksj and ksk can execute separately. A serialisation value measures the 

functional connectivity between a pair of knowledge sources, {ksj,ksk} where the 

functional connectivity is the relative output to input ratio.  

 

Eq. 2.5.3.1 
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A proposed heuristic to measure knowledge source serialisation is to compute a 

serialisation value, j,k, for each pair {ksj,ksk} in . Serialisation values measure the 

functional connectivity of a pair of knowledge sources, {ksj,ksk}. The serialisation value 

is computed using the following equation [McManus J.W. 1992]: 

 

j,k  = (card j,k) 

    

(card k ) 

 

This heuristic computes the percentage of the input data objects for knowledge source 

ksk that are provided by knowledge source ksj. The cardinality of the set j,k divided by  

the cardinality of the set k computes a percentage of input overlap between j,k and 

k. As j,k approaches 1.0 the percentage of overlap between j,k and k is greater, 

and the serialisation between ksj and ksk strengthens. As j,k approaches 0.0 the 

serialisation between ksj and ksk weakens. For the limiting cases, if k  j, j,k = 1.0 

then ksj and ksk have direct serialisation. If j,k = , (where  is the null value), then 

j,k = 0.0 and the two knowledge sources are independent and can execute concurrently.  

 

Strongly connected knowledge sources have high serialisation values. These knowledge 

sources form serialised execution pipelines, with each knowledge source blocking 

completion of any computation for the same input data objects by other knowledge 

sources. Unless multiple copies of the serialized knowledge sources are developed, the 

serial pipelines reduce the blackboard’s capability for concurrent execution. Weakly 

connected knowledge sources reduce knowledge source serialisation and increase the 

opportunity for concurrent knowledge source execution. Knowledge source pairs that 

have high serialisation values are best suited for knowledge source integration whereby 

the first knowledge source provides all of the inputs to the second knowledge source. 

Such a serially connected pair of knowledge sources can be reduced to a single 

knowledge source that combines the functionality of the two. 

 

Eq. 2.5.3.2 
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Interdependence Value: 

The output to input connectivity between pairs of knowledge sources is a measure of 

their interdependence, whereby the set j,k is computed to assess interdependence. The 

cardinality of the set j,k for each pair {ksj,ksk} in is a measure of the output to input 

connectivity for the pair {ksj,ksk}. Knowledge source pairs {ksj,ksk} with a high output 

to input connectivity imply that ksk is highly dependent on ksj for its input variables. 

Knowledge source pairs {ksj,ksk} with a low output to input connectivity imply that 

ksk's inputs are independent of ksj's outputs.  

 

A proposed heuristic to measure knowledge source interdependence is to compute an 

interdependence value, j,k, for each pair {ksj,ksk} in . Interdependence values 

measure the output to input connectivity between knowledge sources, {ksj,ksk}. The 

interdependence value is computed using the following equation [McManus J.W. 1992]: 

 

j,k  =       (card j,k) 

    

min (card (j ), card (k)) 

 

This heuristic computes the percentage of overlap between the sets j and k, or the 

percentage of output data objects of ksj that are used as input data objects by ksk. The 

cardinality of the set j,k divided the minimum of the cardinalities of the sets j and k 

computes a percentage of overlap between the set j,k and the smaller of the sets j and 

k. As j,k approaches 1.0 the output to input connectivity between ksj and ksk 

strengthens and the knowledge sources become more interdependent. As j,k 

approaches 0.0 the output to input connectivity between ksj and ksk weakens, and the 

knowledge sources become independent. For the limiting cases, if j  k, j,k = 1.0, 

and ksj and ksk have direct output to input connectivity and are interdependent. If the set 

j,k = , (where  is the null value), then j,k = 0.0, and the two knowledge sources 

have no output to input connectivity and are independent. 

 

Eq. 2.5.3.3 
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c) Evaluation of the AIB Blackboard System for Determining the Integrity of 

Engineering Design: 

The AIB Blackboard System for determining the integrity of engineering design includes 

subsets of the knowledge sources and blackboard data objects that are used by the 

knowledge-based expert system section. This knowledge-based expert system section 

allows for the development of various expert systems, and is structured into Facts, 

Functions, Conditions, Constraints, Rules and Goals related to the subsets of the 

knowledge sources and blackboard data objects of the Process Analysis, Plant Analysis 

and Operations Analysis sections. The primary subsets of the knowledge sources for the 

Process Analysis and Plant Analysis sections are described below in accordance with 

Figure 2.5.3.a. AIB Blackboard Model for Engineering Design Integrity: 

 

Process Analysis Section: 
 

 Ks1 is a Process Definition module. This knowledge source makes use of six 

global data object inputs, di1, di2, di3, di4, di5 and di6, that can be represented by 

the set of input variables, IV6 = {iv1,ivn}, as well as a process description 

input, and computes five data object outputs that can be represented by the set of 

output variables, OV5 = {iv1,ivn}, for the output data objects do1 to do5. 

 

di1 = Plant/facility     di7 = Process description 

di2 = Operation/area     do1 = Process sequence 

di3 = Section/building     do2 = Mass balance 

di4 = System/process     do3 = Heat balance 

di5 = Assembly/unit     do4 = Energy balance 

di6 = Component/item    do5 = Utilities balance 

 

 Ks2 is a Performance Assessment module. This knowledge source makes use of 

the six global data object inputs, di1, di2, di3, di4, di5 and di6, as well as a 

performance specification set, di8, and computes a performance output 

variable set, do6. The performance specification set, di8, can be represented by 

the set of input variables, IV8 = {iv1,ivn}, where di8 = performance 

specification data object with: IV8 = {efficiency, flow, precipitation, throughput, 

output, pressure, viscosity, absorption, temperature, losses, etc.}. 
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The performance output variable set, do6, can be represented by the set of 

output variables, OV6 = {ov1,ovm}, where do6 = performance output data 

object with: OV6 = {efficiency rating, flow rating, throughput rating, output 

rating, yield, pressure rating, consistency, temperature rating, productivity, etc.} 

  

 Ks3 is the RAM Assessment module. This knowledge source makes use of the six 

global data object inputs, di1, di2, di3, di4, di5 and di6, as well as a conditions 

description set, di9, and computes a conditions failure output variable set, do7. 

The conditions description set, di9, can be represented by the set of input 

variables, IV9 = {iv1,ivn}, where di9 = conditions description data object 

with: IV9 = {function description, failure description, failure effects, failure 

consequences, failure causes, failure mode description, failure frequency, 

restoration tasks description, procedure description, maintainability, etc.}. The 

conditions failure output variable set, do7, can be represented by the set of 

output variables, OV7 = {ov1,ovm}, where do7 = conditions failure data 

object with: OV7 = {failure severity, probability of consequence, failure risk, 

failure criticality, failure downtime, restoration downtime, availability, etc.} 

 

Ks4 is the Design Assessment module. This knowledge source makes use of the 

six global data object inputs, di1, di2, di3, di4, di5 and di6, as well as a design 

specification set, di10, and computes a design criteria output variable set, do8. 

The design specification set, di10, can be represented by the set of input 

variables, IV10 = {iv1,ivn}, where di10 = design specification data object 

with: IV10 = {mass, volume, capacity, circulation, agitation, confinement, fluids, 

solids, consumption, heat input, energy input, etc.}. The design criteria output 

variable set, do8, can be represented by the set of output variables, OV8 = 

{ov1,ovm}, where do8 = design criteria data object with: OV8 = {efficiency, 

flow, precipitation, throughput, output, pressure, viscosity, absorption, 

temperature, losses, etc.} 
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 Ks5 is the Hazardous Operations (HazOp) Assessment module. This knowledge 

source makes use of the six global data object inputs, di1, di2, di3, di4, di5 and 

di6, as well as operational hazards set, di11, and computes an operational risk 

output variable set, do9. The operational hazards set, di11, can be represented 

by the set of input variables, IV11 = {iv1,ivn}, where di11 = operational 

hazards data object with: IV11 = {efficiency rating, flow rating, throughput rating, 

output rating, pressure rating, temperature rating, design torque, design stress, 

etc.}. The operational risk output variable set, do9, can be represented by the set 

of output variables, OV9 = {ov1,ovm}, where do9 = operational risk data 

object with: OV9 = {operational failure description, operational failure effects, 

operational failure consequences, operational failure causes, etc.} 

 

Systems Analysis Section: 

 

 Ks6 is the Systems Definition module. This knowledge source makes use of the 

six global data object inputs, di1, di2, di3, di4, di5 and di6, as well as a systems 

description input, di12, and computes a systems definition output variable set, 

do10. The systems definition output variable set, do10, can be represented by the 

set of output variables, OV10 = {ov1,ovm}, where do10 = systems definition 

data object with: OV10 = {system efficiency rating, system flow rating, system 

output rating, system pressure rating, system temperature rating, etc.} 

 

 Ks7 is the Functions Analysis module. This knowledge source makes use of the 

six global data object inputs, di1, di2, di3, di4, di5 and di6, as well as a functions 

description input, di13, and computes a functions definition output variable set, 

do11. The functions definition output variable set, do11, can be represented by 

the set of output variables, OV11 = {ov1,ovm}, where do11 = functions 

definition object with: OV11 = {type, make, size, weight, capacity, cooling, 

insulation, power rating, power source, governing, rotation, speed, acceleration, 

torque, stress, voltage, current, etc.} 
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 Ks8 is the FMEA module. This knowledge source makes use of the six global 

data object inputs, di1, di2, di3, di4, di5 and di6, as well as a failure modes set, 

di14, and computes a failure effects output variable set, do12. The failure modes 

set, di14, can be represented by the set of input variables, IV14 = {iv1,ivn}, 

where di14 = failure modes data object with: IV14 = {system failure description, 

system failure mode description, etc.}. The failure effects output variable set, 

do12, can be represented by the set of output variables, OV12 = {ov1,ovm}, 

where do12 = failure effects data object with: OV12 = {system failure effects, 

system failure severity, etc.} 

 

 Ks9 is the Risk Evaluation module. This knowledge source makes use of the six 

global data object inputs, di1, di2, di3, di4, di5 and di6, as well as a risk 

identification set, di15, and computes a failure risk output variable, do13. The 

risk identification set, di15, can be represented by the set of input variables, IV15 

= {iv1,ivn}, where di15 = risk identification data object with: IV15 = {system 

failure effects, system failure consequences, system failure mode description, 

system probability of consequence, system failure severity, system failure 

frequency, system failure risk, etc.}. 

 

 Ks10 is the Criticality Analysis module. This knowledge source makes use of the 

six global data object inputs, di1, di2, di3, di4, di5 and di6, as well as a failure 

identification set, di16, and computes a failure criticality output variable, do14. 

The failure identification set, di16, can be represented by the set of input 

variables, IV16 = {iv1,ivn}, where di16 = failure identification data object 

with: IV16 = {system function description, system failure description, system 

failure effects, system failure consequences, system failure causes, system failure 

mode description, system failure frequency, system probability of consequence, 

system failure severity, system failure frequency, system failure risk, etc.}. 
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The input and output variable sets can be summarized in the following table: 

 

di1 = Plant/facility     do1 = Process sequence 

di2 = Operation/area     do2 = Mass balance 

di3 = Section/building     do3 = Heat balance 

di4 = System/process     do4 = Energy balance 

di5 = Assembly/unit     do5 = Utilities balance 

di6 = Component/item    do6 = Performance output 

 di7 = Process description    do7 = Conditions failure 

di8 = Performance specification   do8 = Design criteria 

 di9 = Conditions description    do9 = Operational risk 

 di10 = Design specification    do10 = Systems definition 

di11 = Operational hazards    do11 = Functions definition 

 di12 = Systems description    do12 = Failure effects 

 di13 = Functions description    do13 = Failure risk 

 di14 = Failure modes     do14 = Failure criticality 

 di15 = Risk identification 

 di16 = Failure identification 

Table 2.5.3.b. The AIB Blackboard Data Object Construct 

 

d) The AIB Blackboard System Specifications 

The AIB blackboard system developed in this research for determining the integrity of 

engineering design, has basically three levels of application which in effect divides the 

blackboard system into three separate blackboard sub-systems or sections, namely a 

process design blackboard sub-system (B1), a systems design blackboard sub-system 

(B2), and a systems procedures blackboard sub-system (B3). The process design 

blackboard sub-system, (B1), is constrained to the input and output variables directly 

related to the Process Analysis section, while the systems design blackboard sub-system, 

(B2), is constrained to the input and output variables directly related to the Plant Analysis 

section, and the systems procedures blackboard sub-system, (B3), is constrained to the 

input and output variables directly related to the Operations Analysis section. 
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Specification of the Process Design Blackboard Sub-system (B1): 

 

• i= {di1, di2, di3, di4, di5, di6, di7, di8, di9, di10, di11}; 

• o= {do1, do2, do3, do4, do5, do6, do7, do8, do9}; 

• Pi= {IV6 IV8 IV9 IV10 IV11}; 

• Po= {OV6 OV7 OV8 OV9}; 

• = {ks1, ks2, ks3,ks4,ks5}; 

 

ks1 = {{di1, di2,  di3, di4, di5, di6 = IV6},  di7,  {do1, do2,  do3, do4, do5 = OV5} 

ks1 = {IV6,  di7,  OV5} 

ks2 = {IV6,  di8,  do6} = {IV6,  IV8,  OV6} 

ks3 = {IV6,  di9,  do7} = {IV6,  IV9,  OV7} 

ks4 = {IV6,  di10,  do8} = {IV6,  IV10,  OV8} 

ks5 = {IV6,  di11,  do9} = {IV6,  IV11,  OV9} 



For each knowledge source ksj in  j, containing all of the input 

variables of ksj and an output set, j, containing all of the output variables of ksj.  

 

1 = IV6, di7} 1 = OV5} 

2 = IV6, IV8} 2 = OV6} 

3 = IV6, IV9} 3 = OV7} 

4 = IV6, IV10} 4 = OV8} 

5 = IV6, IV11} 5 = OV9} 

 

Once j and j have been established for all ksj in the sets j,k and j,k can be 

computed for all knowledge source pairs {ksj,ksk} in (j k) where: 

 

j,k   =  j  k  

j,k  =  j  k  
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The set j,k is computed to assess functional specialization, whereas the set j,k is 

computed to assess serialization and interdependence.  



1,2 =  1  2 =OV5} OV6}= 0 1,2 =  1  2 =OV5} IV6, IV8}= 0 



1,3 =  1  3 =OV5} OV7}= 0 1,3 =  1  3 =OV5} IV6, IV9}= 0



1,4 =  1  4 =OV5} OV8}= 0 1,4 =  1  4 =OV5} IV6, IV10}= 0



1,5 =  1  5 =OV5} OV9}= 0 1,5 =  1  5 =OV5} IV6, IV11}= 0



2,1 =  2  1 =OV6} OV5}= 0 2,1 =  2  1 =OV6} IV6, di7}= 0


2,3 =  2  3 =OV6} OV7}= 0 2,3 =  2  3 =OV6} IV6, IV9}= 0



2,4 =  2  4 =OV6} OV8}= 0.7 2,4 =  2  4 =OV6} IV6, IV10}= 0



2,5 =  2  5 =OV6} OV9}= 0 2,5 =  2  5 =OV6} IV6, IV11}= 0.7 



3,1 =  3  1 =OV7} OV5}= 0 3,1 =  3  1 =OV7} IV6, di7}= 0



3,2 =  3  2 =OV7} OV6}= 0 3,2 =  3  2 =OV7} IV6, IV8}= 0



3,4 =  3  4 =OV7} OV8}= 0 3,4 =  3  4 =OV7} IV6, IV10}= 0



3,5 =  3  5 =OV7} OV9}= 0 3,5 =  3  5 =OV7} IV6, IV11}= 0 



4,1 =  4  1 =OV8} OV5}= 0 4,1 =  4  1 =OV8}  IV6, di7}= 0



4,2 =  4  2 =OV8} OV6}= 0.6 4,2 =  4  2 =OV8} IV6, IV8}= 1.0



4,3 =  4  3 =OV8} OV7}= 0 4,3 =  4  3 =OV8} IV6, IV9}= 0



4,5 =  4  5 =OV8} OV9}= 0 4,5 =  4  5 =OV8} IV6, IV11}= 0.6 

 

5,1 =  5  1 =OV9} OV5}= 0 5,1 =  5  1 =OV9} IV6, di7}= 0



5,2 =  5  2 =OV9} OV6}= 0 5,2 =  5  2 =OV9} IV6, IV8}= 0



5,3 =  5  3 =OV9} OV7}= 0 5,3 =  5  3 =OV9} IV6, IV9}= 1.0



5,4 =  5  4 =OV9} OV8}= 0 5,4 =  5  4 =OV9} IV6, IV10}= 0



Table 2.5.3.c. Computation of j,k and j,k for Blackboard B1 
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Knowledge source specialization is computed using the following equation: 

 

j ,k   =   card(j,k )         

    

min(card (j) card(k) 

 

Knowledge source serialisation is computed using the following equation: 

 

j,k  = (card j,k) 

    

(card k ) 

 

Knowledge source interdependence is computed using the following equation: 

 

j,k  =       (card j,k) 

    

min (card (j ), card (k)) 

 

From Table 2.5.3.c. the sets j,k and j,k for the pairs of data objects that are zero 

indicate that their specialization, serialization and interdependence are also zero with the 

conclusion that the relevant knowledge sources are highly specialized with no 

serialization and total independence, making them suitable for concurrent execution.  

However, the sets j,k and j,k for certain pairs of data objects that are not zero, indicate 

that their specialization, serialization or interdependence will also not be zero, resulting 

in a diminished capability for concurrent execution. These sets’ values are given below: 

 

2,4 =  0.7 2,4 =  0 2 ,4 = 0.67 2,4 = 0 2,4 = 0

2,5 =  0 2,5 =  0.7 2,5 = 0 2,5 = 0.43 2,5 = 0.67

4,2 =  0.6 4,2 =  1.0 4,2 = 0.67 4,2 = 1.0 4,2 = 1.0 

4,5 =  0 4,5 =  0.6 4,5 = 0 4,5 = 0.75 4,5 = 0.75 

5,3 =  0 5,3 =  1.0 5,3 = 0 5,3 = 0.40 5,3 = 1.0 

Table 2.5.3.d. Computation of Non-zero j ,k, j,k and j,k for Blackboard B1 
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Specification of the Systems Design Blackboard Sub-system (B2): 

 

• i= {di1, di2, di3, di4, di5, di6, di12, di13, di14, di15, di16}; 

• o= {do10, do11, do12, do13, do14}; 

• Pi= {IV6 IV14 IV15 IV16}; 

• Po= {OV10 OV11 OV12}; 

• = {ks6, ks7, ks8, ks9, ks10}; 

 

ks6 = {{di1, di2,  di3, di4, di5, di6 = IV6},  di12,  {do10 = OV10} 

ks6 = {IV6,  di12,  OV10} 

ks7 = {IV6,  di13,  do11} = {IV6,  di13,  OV11} 

ks8 = {IV6,  di14,  do12} = {IV6,  di14,  OV12} 

ks9 = {IV6,  di15,  do13} = {IV6,  IV15,  do13} 

ks10 = {IV6,  di16,  do14} = {IV6,  IV16,  do14} 

 

For each knowledge source ksj in  j, containing all of the input 

variables of ksj and an output set, j, containing all of the output variables of ksj.  

 

6 = IV6, di12} 6 = OV10} 

7 = IV6, di13} 7 = OV11} 

8 = IV6, IV14} 8 = OV12} 

9 = IV6, IV15} 9 = do13} 

10 = IV6, IV16} 10 = do14} 

 

Once j and j have been established for all ksj in the sets j,k and j,k can be 

computed for all knowledge source pairs {ksj,ksk} in (j k) where: 

 

j,k   =  j  k  

j,k  =  j  k 
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The set j,k is computed to assess functional specialization, whereas the set j,k is 

computed to assess serialization and interdependence.  



6,7 =  6  7 =OV10} OV11}= 0 6,7 =  6  7 =OV10} IV6, di13}= 0 



6,8 =  6  8 =OV10} OV12}= 0 6,8 =  6  8 =OV10} IV6, IV14}= 0



6,8 =  6  9 =OV10} do13}= 0 6,9 =  6  9 =OV10} IV6, IV15}= 0



6,10 = 6  10 =OV10} do14}= 0 6,10 = 6  10 =OV10} IV6, IV16}= 0



7,6 =  7  6 =OV11} OV10}= 0 7,6 =  7  6 =OV11} IV6, di12}= 0


7,8 =  7  8 =OV11} OV12}= 0 7,8 =  7  8 =OV11} IV6, IV14}= 0



7,9 =  7  9 =OV11} do13}= 0 7,9 =  7  9 =OV11} IV6, IV15}= 0



7,10 = 7  10 =OV11} do14}= 0 7,10 = 7  10 =OV11} IV6, IV16}= 0 



8,6 =  8  6 =OV12} OV10}= 0 8,6 =  8  6 =OV12} IV6, di12}= 0



8,7 =  8  7 =OV12} OV11}= 0 8,7 =  8  7 =OV12} IV6, di13}= 0



8,9 =  8  9 =OV12} do13}= 0 8,9 =  8  9 =OV12} IV6, IV15}= 1.0



8,10 = 8  10 =OV12} do14}= 0 8,10 = 8  10 =OV12} IV6, IV16}= 1.0 



9,6 =  9  6 =do13} OV10}= 0 9,6 =  9  6 =do13}  IV6, di12}= 0



9,7 =  9  7 =do13} OV11}= 0 9,7 =  9  7 =do13} IV6, di13}= 0



9,8 =  9  8 =do13} OV12}= 0 9,8 =  9  8 =do13} IV6, IV14}= 0



9,10 = 9  10 =do13} do14}= 0 9,10 = 9  10 =do13} IV6, IV16}= 1.0 

 

10,6 = 10  6 =do14} OV10}= 0 10,6 = 10  6 =do14} IV6, di12}= 0



10,7 = 10  7 =do14} OV11}= 0 10,7 = 10  7 =do14} IV6, di13}= 0



10,8 = 10  8 =do14} OV12}= 0 10,8 = 10  8 =do14} IV6, IV14}= 0



10,9 = 10  9 =do14} do13}= 0 10,9 = 10  9 =do14} IV6, IV15}= 0



Table 2.5.3.e. Computation of j,k and j,k for Blackboard B2 
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From Table 2.5.3.e. the sets j,k and j,k for the pairs of data objects that are zero 

indicate that their specialization, serialization and interdependence are also zero with the 

conclusion that the relevant knowledge sources are highly specialized with no 

serialization and total independence, making them suitable for concurrent execution.  

However, the sets j,k and j,k for certain pairs of data objects that are not zero, indicate 

that their specialization, serialization or interdependence will also not be zero, resulting 

in a diminished capability for concurrent execution. These sets’ values are given below: 

 

8,9 =  0 8,9 =  1.0 8 ,9 = 0 8,9 = 0.28 8,9 = 1.0

8,10 = 0 8,10 = 1.0 8 ,10 = 0 8,10 = 0.18 8,10 = 1.0

9,10 = 0 9,10 = 1.0 9 ,10 = 0 9,10 = 0.64 9,10 = 1.0 

 

Table 2.5.3.f. Computation of Non-zero j ,k, j,k and j,k for Blackboard B2 

 

e) Findings of Specialization, Serialization or Interdependence Computation: 

As indicated previously, the set j,k is computed to assess functional specialization and 

the cardinality of the set j,k for each pair {ksj,ksk} in is a measure of the output 

overlap for the pair {ksj,ksk} (i.e. a measure of the specialisation of pairs of knowledge 

sources). Knowledge source pairs {ksj,ksk} with a large output overlap imply that ksj 

and ksk share a large number of output variables and thus have similar functions. 

Knowledge source pairs {ksj,ksk} with a low overlap imply that ksj and ksk have 

different functions. From Table 2.5.3.d. the knowledge sources ks2 = {IV6, IV8, OV6} 

and ks4 = {IV6, IV10, OV8} have a relatively low level of functional specialization with a 

large output overlap, where ks2 and ks4 share a large number of output variables and thus 

have similar functions. ks2 = the Performance Assessment module with output variable 

set OV6 = {efficiency rating, flow rating, throughput rating, output rating, yield, pressure 

rating, consistency, temperature rating, productivity, etc.}. ks4 = the Design Assessment 

module with output variable set OV8 = {efficiency, flow, precipitation, throughput, 

output, pressure, viscosity, absorption, temperature, losses, etc.}. 
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Similarly, the set j,k is computed to assess serialization and interdependence. The 

cardinality of the set j,k for each pair {ksj,ksk} in 

the set k is a measure of the input overlap for the pair {ksj,ksk} (i.e. a measure of the 

serialisation of pairs of knowledge sources). Knowledge source pairs {ksj,ksk} with a 

large input overlap imply that ksj and ksk share a large number of output to input 

variables and thus form serialised execution. Knowledge source pairs {ksj,ksk} with a 

low input overlap imply that ksj and ksk can execute separately.  

 

From Table 2.5.3.d. and Table 2.5.3.f. the knowledge sources - ks2 = {IV6, IV8, OV6}, 

ks4 = {IV6, IV10, OV8} and ks5 = {IV6, IV11, OV9}, have a large input overlap and share 

a large number of output to input variables, thus forming serialised execution in the 

blackboard sub-system, (B1), related to the Process Analysis section. The knowledge 

sources ks8 = {IV6, di14, OV12}, ks9 = {IV6, IV15, do13} and ks10 = {IV6, IV16, do14} 

also have a relative input overlap and share a varied number of output to input variables, 

thus forming serialised execution in the blackboard sub-system, (B2), related to the 

Systems Analysis section. The relative input overlap for knowledge sources ks8 and ks9 

are small compared to knowledge source ks10, which requires the predominant effort for 

re-design, resulting in a more concentrated focus on ks10. ks8 = the FMEA module with 

the input variable set IV14 = {system failure description, system failure mode description, 

etc.}. ks9 = the Risk Evaluation module with the input variable set IV15 = {system failure 

effects, system failure consequences, system failure mode description, system probability 

of consequence, system failure severity, system failure frequency, system failure risk, 

etc.}. ks10 = the Criticality Analysis module with the input variable set IV16 = {system 

function description, system failure description, system failure effects, system failure 

consequences, system failure causes, system failure mode description, system failure 

frequency, system probability of consequence, system failure severity, system failure 

frequency, system failure risk, etc.}. It is quite apparent that these knowledge sources 

share the same input variables, not necessarily requiring serialised execution based on 

their serialisation value, j,k, but have a tight output to input connectivity (value = 1.0) 

where the knowledge sources are totally interdependent. 
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2.5.3.C.  APPLICATION MODELLING OUTCOME 

 

Of the ten knowledge sources evaluated in the two blackboard sub-systems, B1 and B2, 

for the Process Analysis section and Systems Analysis section respectively, several 

knowledge sources failed to meet stringent constraints of specialization, serialization or 

interdependence. This prompted the need for re-design of some of the knowledge 

sources’ interconnectivity for minimizing serialized execution to provide for an AIB 

blackboard system whereby automated continual design reviews could be conducted 

throughout the engineering design process, on the basis of a concurrent evaluation of 

design integrity in an integrated collaborative engineering design environment.  

 

The Performance Assessment module and the Design Assessment module of the Process 

Analysis section had a relatively low level of functional specialisation with a large output 

overlap, indicating that a large number of output variables were common and thus had 

similar functions. This necessitated combining the two knowledge sources both in access 

and in application during the re-design process, thus enhancing functional specialisation 

of the Process Design Blackboard Sub-system (B1). 

 

The FMEA module, Risk Evaluation module and Criticality Analysis module of the 

Systems Analysis section had a relative input overlap, indicating that they shared a varied 

number of output to input variables, thus forming serialised execution. However, the 

relative input overlap for the FMEA and Risk Evaluation knowledge sources were small 

compared to the Criticality Analysis knowledge source. The relatively low serialisation 

value for the FMEA and Risk Evaluation modules indicated that these knowledge sources 

shared the same input variables, but did not necessarily require complete serialised 

execution. The Criticality Analysis module had a relatively high serialisation value (64%) 

indicating the need for a high level of serialised execution. All three knowledge sources 

indicated a tight output to input connectivity, (value = 1.0) where the knowledge sources 

were totally interdependent. This necessitated combining the three knowledge sources 

both in access and in application during the re-design process, thus enhancing functional 

independence of the Systems Design Blackboard Sub-system (B2). 
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