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ABSTRACT 

The performance of a processing plant can be measured in many ways, whether it be 

production throughput, product quality within contract specifications or cost per tonne 

margins which may extend to process energy consumption (electrical or steam), 

equipment maintenance or failure or resourcing costs. A processing plant can be a 

complex process with multiple control schemes ranging from simple control to 

advanced control such as supervisory schemes, incorporating estimation and 

optimization techniques. Each processing plant operates to specific process objectives 

often represented by a target operating point.  

Often, after some years of plant operation the operating point has drifted from the target. 

Before the processing plant is returned to the target operating point and its performance 

re-tuned, the performance of the control schemes must be understood and areas for 

improvement identified.  

This research proposes a methodology named OCTOGRAPH, that assesses the control 

scheme performance of the industrial plant, identifying control loops for improvement 

and control strategies to be implemented. The aim of the methodology is to improve the 

performance of the industrial plant, returning the operating point to the desired target. 

This thesis has developed an extension to the Harris Index capable of providing control 

practitioners with both, the paradigm and a practical tool to assess the current state of 

the control schemes within the industrial setting with no impact on production and no 

requirement for a priori knowledge of the control scheme or process dynamics. The 

developed performance assessment paradigm also provides guidance to improvement 

areas with a plant-wide process improvement focus. 

The results conclude that a mineral processing plant operating point does drift from the 

nominated operating set point. By firstly assessing the mineral processing plant with a 

closed loop control performance assessment technique with a focus on the plant-wide 

interactions, the plants control performance is calculated. The challenge then is to 

determine how to improve the performance of the plant to return the plant to the 

nominal operating point. The OCTOGRAPH methodology presented describes the 

interconnections between each of the process and manipulated variables in the form of a 

dead time relationship. By connecting the process variables in the shortest path, 

constructing a control strategy improves the plant performance. 
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1 DEFINITION OF CONTROL 

TERMINOLOGY 

Definitions for control terminology used in this document are illustrated here to provide 

a clear basis for the presented concepts. This section will define the terms: system, 

plant, controller, scheme and the relationships to SISO, MISO and MIMO, to which will 

be used extensively throughout this document. 

A SISO system is defined with a single input and single output with only one output for 

one reference or command input, as illustrated by Figure 1-1 and Figure 1-2. 

Controller
yur Plant 

(object)

 

r Reference signal or set point 

Controller A device that performs a control law (algorithm) 

u Actuating signal or controller output 

Plant (object) Controlled process(s) 

y Controlled variable or process output 

Figure 1-1 Single Input Single Output System with Open Loop Control 
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Controller
yuer

-

Plant 

(object)

 

r Reference signal or set point 

e Loop feedback error 

Controller A device that performs a control law (algorithm) 

u Actuating signal or controller output 

Plant (object) Controlled process(s) 

y Controlled variable or process output 

Figure 1-2 Single Input Single Output System with Closed Loop Control 

The field of SISO control system assessment is well documented. A SISO control 

system can be illustrated with the example of a tank level controller with a single 

process variable (tank level) manipulating a single output (controlling the discharge 

flow).  

A MIMO system is defined as having any number of inputs and outputs as interpreted in 

Figure 1-3 and alternative in Figure 1-4. A linear multivariable system may be and often 

is, treated as comprising the appropriate number of single variable systems. 
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r[x] Reference signal or set point 

Controller A device that performs a control law (algorithm) 

u[x] Actuating signal or controller output 

Plant (object) Controlled process(s) 

y[x] Controlled variable or process output or process variable 

Figure 1-3 MIMO System Open Loop  
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y[1]
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u[1]
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r[x] Reference signal or set point 

Controller A device that performs a control law (algorithm) 

u[x] Actuating signal or controller output 

Plant (object) Controlled process(s) 

y[x] Controlled variable or process output or process variable 

Figure 1-4 MIMO System Closed Loop  

Multiple Input Multiple Output (MIMO) control systems will be considered as a 

multivariable control system. This may involve a single control system incorporating 

multiple inputs and outputs or individual control systems grouped to be classified as a 

MIMO control system.  

It is necessary to establish the definition of the controlled and manipulated variable. The 

controlled variable is the variable that must be maintained or regulated to a target value. 

Applying a process example, the level of a tank will be the controlled value. The set 

point is the target value of the controlled variable. The manipulated variable is the 

variable used to maintain the controlled variable to the set point. Using the process 

example of the tank level, the discharge flow will be the manipulated variable used to 

maintain the level at the desired set point. Finally, a variable that causes the controlled 

variable to deviate from the set point is defined as a disturbance.  

The process disturbance, d, in a SISO system with open loop control is illustrated in 

Figure 1-5. Figure 1-6 illustrates the process disturbance, d, and the feedback loop or 

instrument error disturbance, n, in a SISO system with closed loop control. 
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r Reference signal or set point 

d Process disturbance (supply disturbance) 

Controller A device that performs a control law (algorithm) 

u Actuating signal or controller output 

Plant (object) Controlled process(s) 

y Controlled variable or process output or process variable 

Figure 1-5 Single Input Single Output System with Open Loop Control 
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r Reference signal or set point 

e Loop feedback error 

d Process disturbance 

Controller A device that performs a control law (algorithm) 

u Actuating signal or controller output 

Plant (object) Controlled process(s) 

y Controlled variable or process output or process variable 

n Instrument error or feedback loop disturbance 

Figure 1-6 Single Input Single Output System with Closed Loop Control 

A multivariable system can be defined as a system where the inputs and outputs 

influence each other symbolically illustrated in Figure 1-7.  
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u Actuating signal or controller output 

y Controlled variable or process output or process variable 

Figure 1-7 Symbolic Representation of a Multivariable System 

Multiple process disturbance injection points in a MIMO system with open loop control 

is illustrated in Figure 1-8. Figure 1-9 illustrates multiple process disturbance and 

feedback loop disturbance injection points in a MIMO system with closed loop control. 
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Figure 1-8 Multiple Input Multiple Output System with Open Loop Control with 

Disturbance 
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r[x] Reference signal or set point 

Controller A device that performs a control law (algorithm) 

d[x] Process disturbance 

u[x] Actuating signal or controller output 

Plant (object) Controlled process(s) 

y[x] Controlled variable or process output or process variable 

n[x] Instrument error or feedback loop disturbance 

Figure 1-9 Multiple Input Multiple Output System with Closed Loop Control with 

Disturbance 

A plant-wide system can include subsystems with a single input (process variable) or 

multiple inputs and a single output (manipulated variable) or multiple outputs as defined 

by a SISO, MISO and MIMO system configurations. When considering the interaction 

of multiple systems, for example a SISO to MIMO interconnection as illustrated in 

Figure 1-10, a mathematical structure is needed to model relationships between the 

process variable, manipulated variables and reference signal.  
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r[x] Reference signal or set point 

Controller A device that performs a control law (algorithm) 

d[x] Process disturbance 

u[x] Actuating signal or controller output 

Plant (object) Controlled process(s) 

y[x] Controlled variable or process output or process variable 

n[x] Instrument error or feedback loop disturbance 

Figure 1-10 Plant-wide (SISO MIMO Interconnection) Example 

The management of disturbances within the process will be an outcome of this research. 

The definition of the sources and location of disturbances within the process must be 

established. The disturbance definition is illustrated in Figure 1-11. 
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r(s) Reference Signal (set point) 

uc (s) Controller Output (manipulated variable) 

u(s) Actuator Output to Process 

y(s) Process Output 

x(s) Process Variable  

ds (s) Supply (input) disturbance (through material and energy input flows) 

dL (s) 
Loading disturbances on the process, often caused by downstream process 
demands 

n(s) The noise on the measured variables 

Figure 1-11 Basic Control with Disturbance Elements 
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2 ESTABLISHING MOTIVATION 

The chapter is structured to firstly establish the problem statement. Plant-wide control 

scheme monitoring performance challenges will then be discussed, illustrating the need 

for this research. The remaining sections of the chapter briefly introduce the economic 

justification for the improvement and an illustration of the state of control systems 

infrastructure within mineral processing plants. 

2.1 Introduction 

 

The commodity market can be viewed as cyclic, involving peaks and troughs in ore and 

mineral commodity pricing. The ongoing pressure for each operation within this cyclic 

commodity market to drive operating costs down and to position themselves low on the 

operating cost curve is enormous. The underlying economic driver of companies 

operating within this commodity market is the cost per tonne produced. The lower the 

cost per tonne produced the greater the margin and ultimately the longevity of the 

operation in suppressed markets within the metal and mineral industry. As an operation, 

there are two mechanisms to reduce the cost per tonne produced: (i) by operating cost 

reduction (which can be achieved by way of reduction in spending, such as capital 

projects, frequency of maintenance cycles or labour work force reduction) (ii) by 

increasing production rate at marginal cost.  

The role of control systems in enabling an increase in the production rate is often hidden 

and not made visible and obvious to production managers, as little is understood by 

them about the capability of control system design methodologies and the improvement 

it can bring to the current performance of the automation structures in place within a 

processing plant. This research has developed a plant-wide performance evaluation tool 

to enable plant managers to maintain their plants at the desired operating point while 

maximising production throughput. This research is aligned with the business objectives 

of mineral processing plants throughout industry.   
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In general, the level of automation within mineral processing plants is high. The plant is 

operated by a central control room facility, situated within the plant or remotely, up to 

several thousands of kilometres away. The control systems infrastructure extends 

throughout the plant; interfacing with instrumentation, positioning and motor drive 

equipment, intelligent electronic devices, package controllers and specialised 

monitoring equipment. Apart from a module or instrumentation failure, the control 

systems infrastructure is robust with redundancy infrastructure supporting high up-time 

(up-time varies on the design, installation and maintenance of the control systems 

infrastructure). Installations of control systems infrastructure are regulated by 

international, country and company standards, aiming to standardise the quality at a safe 

and robust level. These standards support the reliability of the control systems 

architecture.  

2.2 Problem Statement 

 

The performance of a mineral processing plant, can be measured in many ways, whether 

it be production throughput, product quality within contract specifications or cost per 

tonne margins which may extend to process energy consumption (electrical or steam), 

equipment maintenance or failure or resourcing costs. Figure 2-1 shows the process 

flow diagram of a bauxite beneficiation plant, which, within the framework of this 

research, is used as the industrial demonstration platform. The operating objective of 

this mineral processing plant is to classify the bauxite ore feed by size. The fine size 

fractions (<~150μm) are separated and stored in large reject facilities called tailings 

dams, while the size fractions above ~150μm are shipped to Alumina Refineries for 

further processing. The mineral processing plant’s production rate is also a key 

performance indicator; the plant’s ability to manage process and equipment constraints 

while maximising planned production rates is critical to cash flow generation and 

profitability for the business. 
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Figure 2-1 Concept Bauxite Beneficiation Plant 

Examining Figure 2-1 in more detail, crude ore is introduced at Feed [1] by a heavy 

vehicle fleet dumping a payload of ore into the dump hopper. The arrival time to the 

dump hopper of each vehicle is not uniform. This non-uniform arrival is due to many 

contributing factors such as loading restrictions, weather, fleet availability, operator 

breaks and scheduling issues. The frequency of ore delivery to the mineral processing 

plant is a source of disturbance to which the plant-wide control scheme manages in real-

time. Once the ore size fractions are reduced by the Roller Sizer and screened through 

the Trommel. The density of the ore slurry stream is controlled in the Trommel Tank 

and then pumped to the Classification area of the plant. The classification units [2] and 

[3] split the ore stream at target size fractions. The output of the classification area of 

the plant consists of two streams: the product size fraction (>~150μm) ore stream 

reports to the Train Load Out for export: and the fine size fraction (<~150μm), 

nominated as tailing, is pumped to the tailings dam facility, for permanent storage. 

To maintain stable classification performance of the plant illustrated in Figure 2-1, the 

discharge density (percentage of solids within the ore stream) of the Trommel Tank and 

the flow / density ratio [5] must be constant. To achieve the classification objective, the 

plant-wide control scheme must co-ordinate the discharge feed flow [6], the process 

water [7] and recycle feed stream [8] into the Trommel tank. If this objective is not 
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achieved, classification performance will be unstable, resulting in misclassification of 

ore and consequently in revenue loss to the business. 

Coupled with the plant operating point, economic performance indicator of the bauxite 

beneficiation plant, common to all mineral processing plants, is production rate, 

measured by tonnes per hour. Increasing the production rate of the mineral processing 

plant, with little to no operating cost increase is an attractive proposition to a business. 

However, maximising production rate is challenging; the operational limit of a mineral 

processing plant may vary with respect to time. For example, a pump speed may reach 

its maximum limit, losing tank level control, causing the tank to overflow at time t = 1, 

and then at t = 4, it maybe an escalating feed density or a malfunction of a classification 

unit. These limits are categorised as constraints, to which need to be managed in real-

time. Within the bauxite beneficiation plant (Figure 2-1), a control scheme manages the 

plant constraints in real-time, by manipulating the plant feed rate, to maximise the plant 

production rate. The mineral processing plant (detailed in Figure 2-1) constraints 

include the Underflow Tank pumping capacity, recycle feed flow limitations resulting 

in incorrect classification and ore delivery awareness (reducing plant shutdown events, 

due to lack of ore). 

The development of these complex control schemes within the mineral processing plant 

are based on the current state and performance of the plant at the time of development 

and implementation. As the plant performance drifts, the extent of the variation from the 

target operating point, or where the cause of the variation in performance is originating 

is challenging to identify. This lack of knowledge is due to high turnover in resourcing 

within the operational teams; limited documentation and knowledge capture capability 

and high level symbolic performance indicators, leading to minimal improvement 

guidance.  

The performance of the process changes over time. Contributing factors include 

physical wear of pump impellers, cyclone vortex finders and spigots. The change in 

process and equipment performance, triggers maintenance activities to be performed on 

the control schemes to sustain the plants processing performance. Due to the complexity 

of these control schemes and the lack of guidance of the root cause within mineral 

processing plants; this maintenance activity can be complex and commonly performed 

incorrectly, causing potentially sustained production losses. 
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2.3 Research Challenge: Why Is This Research Important?  

 

The Control Systems Industry presents a challenging environment for continued plant 

performance. Control strategies and control loops are configured based on a snap shot in 

time of the process characteristics and operating objectives. These characteristics and 

objectives change over time generally caused by demand to increase the throughput of 

the process or characteristic changes caused by mechanical wear of process equipment. 

The vision for this research is to develop a methodology that will maintain and/or 

optimise the operating point of the mineral processing plant by extending the Harris 

Index approach to a plant-wide focus with no process or existing control scheme 

structural knowledge. This research will answer the question, ‘how is your plant 

performing and how can it be improved by control modifications?’  

The aim is to provide a methodology that will evaluate the mineral processing plant 

from a plant-wide control perspective and then identify areas for improvement and 

validate these improvements with a plant-wide process focus. An additional financial 

advantage with an index concept (0 – 10 for example) is to convert the control 

performance indicator to a revenue measure (such as currency conversion), which can 

be universally communicated to various leadership levels within the organisation. 

The plant-wide process focus enables differentiating design decisions as, otherwise, 

process disturbance mismanagement is a common consequence. For example, 

increasing controller performance in one area of the plant, without a holistic process 

focus, may cause disturbance propagation into interconnected processes. An example of 

this, is a high performing level control in a tank. With low variability of the level to the 

target level set point, results in the variability of the discharge flow from the tank to 

increase.  

Commercial PID controller monitoring software applications encourage this behaviour, 

as only individual PID performance degradation is flagged. The control engineer aims 

to correct this degradation using better understanding of the process objectives, 

interconnected processes and the dynamics of the overall plant, or disturbance rejection 

capabilities within the mineral processing plant.   
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Based on experience and some rudimentary mathematical methods such as a standard 

distribution of a process variable or the auto-correlation of a process variable to extract 

potential oscillatory characteristics in the process, a process control engineer can’t 

mathematically determine whether the improvement will be a single percentage of 

production or tens of a percent.  

Hagglund (1995, 2005) details two performance monitoring tools: oscillation detection 

which investigates the magnitude of the integrated absolute error (IAE) between 

successive zero crossing of the control error; and secondly, the idle index which 

effectively assesses the sluggish characteristics of a SISO controller, with response to a 

load disturbance.  

Desborough and Harris (1992) formulated a performance index which compares the 

performance of the implemented controller to an ‘ideal’ minimum variance controller. 

The approach relies on the predictable horizon or dead time between the process and 

manipulated variable. The correct representation of the predictable horizon is key to 

providing a true representation of the performance index produced by the Harris Index. 

A significant advantage to this approach includes the ability to assess a controller’s 

performance while not physically interacting with the process. This approach will be 

further developed within this research.  

Ko and Edgar (2004), proposed a normalised PID performance index based on best 

achievable PID performance and an estimated confidence interval. This approach relies 

on closed loop output data and knowledge of the process model under consideration. 

Applying this work to an industrial process, such as re-slurry tanks with a strong 

integral characteristic maybe successful. However, multiple process unit operations, 

operating out of design specifications conditions will form an interesting and difficult 

task.  

Kendra and Cinar (1997), determine the process characteristics by extracting the 

frequency components from the process via excitation of the input. Observation of the 

process output and error response allows the development of the closed-loop transfer 

function for the measured process. The performance component is the comparison of 

the observed frequency characteristic of the process and a nominal design characteristic.  

Horch and Heiber conducted a review of the Controller Performance Assessment (CPA) 

techniques categorizing them into Simple Indices and Advanced Indices. Simple indices 
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include mean of the control error, standard deviation of the control error, standard 

deviation of the controller output, skewness of the controller error, kurtosis of the 

control error, ratio of the standard deviation of control error and controller output, 

maximum bi-coherence, correlation co-efficient between control error and controller 

output. Horch and Heiber, categorized the Harris Index as an Advanced CPA Index.  

The CPA concept may also consider the utilisation and maintenance effort for the 

controller(s) existing within the process. Burch (2004), identifies loop status indicators 

such as auto-correlation plots, closed loop frequency response plots and statistical 

metrics such as loops in-service value which effectively is an indication of the ideal 

mode of the controller, controller output saturation and standard deviations of the 

process and manipulated variable.  

Other CPA methods have been proposed, Petersson presents a feed-forward index 

which identifies where the disturbance exists in the process. The location of the 

disturbance can form guidance to the correct feed-forward control scheme 

implementations. Yuan, et. al (2009), consider specific control systems issues such as 

accommodating sample jitter, Horton, et. al (2003) proposed a controller performance 

technique for level controllers, Zhang and Hu (2012) assess a water control system 

adopting a stability assessment incorporating the poles of two PI controllers. 

2.4 Harris Index – A Brief Introduction 

 

The Harris Index assessment of control schemes for SISO processes requires little, to no 

process or control scheme structural knowledge (only the process time delay). The 

Harris Index assessment of control schemes for MIMO and MISO systems, however, 

needs knowledge of the process characteristics to construct the required interactor 

matrix. This research will extend the Harris Index, to interconnected processes (plant-

wide), adopting the SISO control scheme assessment paradigm. This approach supports 

the challenges that industry is encountering, poor knowledge management practices and 

principles, zero tolerance for loss of production and a lack of online real-time plant-

wide assessment methodology. The process dynamics, model and/or control structure 

will not be known upon initiation of the Extended Harris Index paradigm. Process 

modelling requirements of complex interconnected unknown processes is common 
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within the academic setting; requiring significant time and generally experimentation on 

the process (typically resulting in production losses). For a paradigm to be widely 

accepted within an industrial setting, the assessment needs to be rapid, transparent (no 

process interaction), with no requirement for artificial disturbance injection such as step 

test techniques; as processes under operation do not tolerate unnecessary, repeated 

disturbance injections. 

With these design decisions considered, the Harris Index assessment for single 

controllers has been adopted. The specifics of the Harris Index will be discussed in 

Chapter 4, however briefly, the Harris Index requires time-series information of the 

input and output of the process under assessment. The output of the Harris Index is a 

floating-point scale (0 – 1) of the performance of the control loop with respect to a 

minimum variance controller. The time-series transparent nature of the Harris Index 

approach, also addresses a key design decision of this research. The Harris Index was 

firstly developed for SISO controller performance assessment. Later Harris et al, 

extended the Harris Index to MIMO and MISO processes by incorporating an interactor 

matrix. However, to establish this matrix a knowledge of the processes under 

assessment needs to be determined. The extension of the Harris Index to a plant-wide 

application, with no inherent process knowledge, illustrates a limitation when 

attempting to apply the Harris Index to interconnected processes. Based on the design 

decisions of this research (transparent, non-invasive, with no prior knowledge of the 

process dynamics or control scheme structures), the MIMO Harris Index in its current 

form is not applicable to process-wide (plant-wide) applications. A contribution of this 

research is an illustration of an extended SISO Harris Index Assessment to a plant-wide 

application. 

2.5 Control Performance Improvement Approach 

 

To improve the control performance of the industrial plant with a control structure an 

objective must be established. The objective for this research is to minimise the dead 

time path between each variable within the industrial plant. This section will explain 

reducing the dead time within a control loop will improve the feedback control 

performance. 
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Figure 2-2 Schematic of the Process (Marlin (2000)) 

A control performance illustration will be discussed based on the process illustrated in 

Figure 2-2. The process consists of two vessels ([1] and [2]), one with an agitation 

mechanism ([1]). The discharge flow from vessel [1] and vessel [2] is controlled by an 

automatic controller (AC). The automatic controller (AC) manipulates the control valve 

regulating water flow to vessel [1].  The disturbance (D) to be managed by the 

automatic controller reports to vessel [2] inflow. This process example is applicable to 

other industrial process configurations.  

A step change is introduced into the process by the disturbance (D) path, reporting to 

vessel [2]. The dynamic responses of the controlled and manipulated variables are 

graphed versus time in Figure 2-3, and several important features of the response are 

highlighted.  

 

Figure 2-3 Typical dynamic response for a feedback control system (Marlin (2000)) 

Marlin (2000) presents the principle, that the effect of the feedback adjustment has no 

influence on the controlled variable for a period of time equal to the dead time in the 

feedback loop. Therefore, the integral error and maximum deviation shown in Figure 

2-3 cannot be reduced lower than the open-loop response for time from zero (when the 

disturbance first affects the controlled variable) to the process dead time. For the special 

case of a step disturbance with magnitude ∆𝐷 and a first-order disturbance transfer 
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function with gain 𝐾𝑑 and time constant 𝜏𝑑, the limiting integral error and maximum 

deviation can be simply evaluated by the equations in (2-1), (2-2) and (2-3). 

𝑬 = 𝑲𝒅 (𝟏 − 𝒆
(−

𝒕

𝝉𝒅
)
)∆𝑫       for 𝟎 ≤ 𝒕 ≤ 𝜽     (2-1) 

IAE𝑚𝑖𝑛 = ∫ |𝐸|𝑑𝑡
𝜃

0

 

IAE𝒎𝒊𝒏 = |𝑲𝒅∆𝑫| ∫ |(𝟏 − 𝒆
−(

𝒕

𝝉𝒅
)
| 𝒅𝒕

𝜽

𝟎
     (2-2) 

IAE𝑚𝑖𝑛 = |𝐾𝑑∆𝐷| [𝜃 + 𝜏𝑑(𝑒
−
𝜃
𝜏𝑑 − 1)] 

|𝑬𝒎𝒂𝒙|𝒎𝒊𝒏 = |𝑲𝒅∆𝑫|(𝟏 − 𝒆
−(𝜽/𝝉𝒅))      (2-3) 

 

IAE𝑚𝑖𝑛 represents the minimum Integral Absolute Error (IAE) possible, and |𝐸𝑚𝑎𝑥|𝑚𝑖𝑛 

represents the minimum value possible for the maximum deviation for a feedback 

system with dead time 𝜃, a step disturbance, and a disturbance time constant of 𝜏𝑑. No 

single-loop feedback controller can reduce the values further. As shown in the figure, 

these values provide a useful bound with which to evaluate control performance. The 

important conclusion from this discussion is that; the dead time in the feedback path is 

the facet of the process that usually limits the control performance. 

The theoretical best achievable control performance cannot usually be realized with a 

Proportional-Integral-Derivative (PID) control algorithm, although the PID often 

provides entirely satisfactory performance. Methods exist for deriving the control 

algorithms giving the theoretical best or "optimal" control, with optimal defined several 

ways, such as minimum integral of error squared (Newton, Gould, and Kaiser, 1957; 

Astrom and Wittenmark, 1984). It is important to recognize that these optimal 

controllers can result in excessive variation in the manipulated variable, and their 

performance can be very sensitive to model errors. Therefore, the "optimal" algorithms 

are not often applied in the process industries, although their concepts are useful in 

determining the achievable performance bounds in equations (2-2) and (2-3). 

Applying this understanding to minimise process dead time within the control strategy 

structure, a minimum spanning tree technique for a directed graph is proposed. The 
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introduction of the Minimum Spanning Tree will be firstly discussed to present the 

concepts of traversing a graph (G) to establish the shortest path. Then the minimum 

spanning tree for a directed graph (DG) will then be discussed. By adding the directed 

nature of the graph, significantly increases the complexity of the traversal algorithm and 

limits the options within the current research field. These challenges coupled with the 

existing algorithms are discussed in a review of minimum spanning tree algorithms for 

directed graphs.  Then the Chi Lin/Edmond algorithm is described with application to 

the Signed Weighted Directed Graph problem. 

 

 

2.6 Concluding Remarks 

 

The current literature addresses varying complexities of controller performance 

assessment, including SISO, MIMO or MISO. If a controller’s performance is 

increased, one would expect the performance of the corresponding local process area to 

increase. This maybe correct from a single process point of view, however when 

considering process interactions, by decreasing the process variability in one area, it 

may cause significantly more disturbance in an inter-connected process area. These 

behaviours are common when considering plant wide control schemes and should be 

incorporated in the controller performance assessment methodology.  

A design decision adopted by this research supports an assessment transparent to the 

process, with no interconnection or artificial disturbance injection, with no requirement 

for process model definitions. The non-intrusive feature of the assessment approach 

allows the execution of hundreds of concurrent (assuming available computational 

capabilities) controller and process assessments as the process does not need to be 

disturbed. This approach also positions the research into an area where an extension to 

the Harris Index for a plant-wide assessment has yet to be developed and represents a 

contribution of this research. 

This research proposes the extension of the Harris Index Control performance 

assessment to multi-variate processes, without the need for the definition of an 
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interactor matrix (Harris Index assessment of MISO and MIMO control schemes). The 

aim of extending the Harris Index assessment to a plant-wide implementation is to 

improve the control performance, better managing the disturbances within the inter-

connected processes while maximising the plant-wide performance. This research also 

implemented the proposed extension of the Harris Index on real industrial plant data and 

demonstrated benefits that can be obtained. 
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3 TARGET MINERAL PROCESSING PLANT 

 

Figure 3-1 Rio Tinto Weipa Operation – Andoom Beneficiation Process Plant 

(The perspective is of the classification tower including the Hydro-cyclone cluster, Flat-

bed Classifiers, De-watering Screens and Screen Underflow Tanks.) 

The chapter explains the principle of a process (ore processing plant) to target an 

operating objective. This principle has then been applied to a bauxite ore, establishing 

the process objectives of the Target Mineral Processing Plant (Bauxite Beneficiation 

Plant). The control schemes are then established, incorporating aspects of the plant-wide 

control scheme and the interactions with the individual unit operations. The aim of this 

chapter is to illustrate the complexities and layers of control scheme implementations 

within a mineral processing plant. 
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3.1 Introduction 

 

Wills (2006), defines ore consisting of valuable minerals and gangue as ‘as-mined’ or 

‘run-of-mine’. Mineral processing, sometimes called ore dressing, mineral dressing or 

milling, follows mining and prepares the ore for extraction of the valuable metal in the 

case of metallic ores, and produces a commercial end product of products such as 

bauxite, iron ore and coal. Apart from regulating the size of the ore, it is a process of 

physically separating the grains of valuable minerals from the gangue minerals, to 

produce an enriched portion, or concentrate, containing most of the valuable minerals, 

and a discard, or tailing, containing predominantly the gangue minerals.  

Ores of economic value can be classed as metallic or non-metallic, according to the use 

of the mineral. Certain minerals may be mined and processed for more than one 

purpose. In one category the mineral maybe a metal ore, for example, when it is used to 

prepare the metal, as when bauxite is used to make aluminium. The alternative is for the 

compound to be classified as a non-metallic ore, for example, when bauxite or natural 

aluminium oxide is used to make material for refractory bricks or abrasives. 

 

3.2 Beneficiation Process Plant Description 

 

The definition of beneficiation is any process that improves (benefits) the economic 

value of the ore by removing the gangue minerals, which results in a higher-grade 

product (concentrate) and a waste stream (tailings). The effective role of the 

Beneficiation Process Plant illustrated in Figure 3-2, is to separate the bauxite ore 

stream into two streams, product and tailings (waste). The separation size will be known 

as the cut-point. The cut-point value is determined by the general handle-ability of the 

ore. If the product ore stream is too fine, then unnecessary transport delays and 

production loss will be encountered due to transfer chute blockages and unnecessary 

spillage. 
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Figure 3-2 Concept Beneficiation Process Plant 

The classification process block diagram is described in the Figure 3-3. The plant 

consists of the three separation stages, the first, separation of organic material by the 

Trommel, the second, hydrocylones [2] and the third, flat-bed classifiers [3]. Each stage 

of separation targets a nominal cut point resulting in a final product size reporting to the 

product belt for transportation to the export facility. 

 

 

Figure 3-3 Symbolic Representation of the Separation Process 

The classification point of the bauxite ore is based on the ‘handleability’, or the ability 

of the ore to flow through the process without causing blockages, spillage or flow 

limitations. The handleability characteristic is specific to the ‘run-of-mine’ ore of the 

geographical area and the complexity of the ore handling process.  

The process objective of the bauxite beneficiation plant (target mineral processing 

plant) is to separate the size fractions less than ~150μm, from the run-of-mine ore. The 
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size fraction less than ~150μm generally contributes to an increase in ‘stickiness’ of the 

ore, resulting in blockages within the downstream ore handling equipment. 

3.3 Process Control Objectives 

 

Before the control improvements implemented by this research, the operators limit the 

target feed rate of the plant to the estimated equivalent of 2000 dry product tonnes per 

hour (dpt/h) in order to avoid problems with plant equipment, particularly the classifiers 

and pumps. This feed-rate limit would be set at a (unknown) margin below what the 

plant was actually capable of at any particular time, so that small variations in plant 

performance and feed type (consisting of varying proportions of sized material) can be 

accommodated by the plant without manual adjustment. Still, the operators need to be 

vigilant because of the possibility of extreme feed type changes or equipment problems 

which would reduce the plant capabilities below even this margin. 

This feed rate limit margin (which causes low utilisation of plant capacity) can be 

reduced significantly by an automatic control scheme which explicitly takes into 

account each of the plant’s operating constraints (both process and equipment) when 

determining the maximum plant feed rate for that moment in time.  

The constraints within the processing plant would include pump speeds, density, flow 

and pressure limits at cyclone feed and the number of classifier valves open on each 

unit. Usually, there will be an additional operator set feed rate limit which helps to 

account for unmeasured plant constraints such as Trommel screen loading. At any point 

in time, one “unit operation” (depending on feed type and equipment condition) of the 

plant will tend to limit the maximum plant capacity. The Plant Constraint Control 

Scheme will set the plant feed rate such that the constraining plant variable is kept up 

close to the constraint variable’s limit, thereby maximising the plant feed rate for that 

set of operating circumstances. The feed rate is continuously updated as changes in the 

feed type and equipment availability and condition cause the constraint to move 

between plant unit operations and vary in severity.   

For a wide range of plant feed rate, a control scheme can manipulate the recycle/water 

addition and cyclone-feed conditions (density and flow) to maintain the cyclone cut-size 
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as close as possible to design. At the time of writing, the density and flow conditions at 

the cyclone feed vary considerably due to the manual setting of feed flow while other 

feed conditions are changing. 

The well-known Plitt (1976) cyclone model includes an equation which can be used to 

predict the size for which 50% of the particles in the feed report to the underflow of the 

cyclone. This point will be referred to as the d50 cut-size of a cyclone. Normally for 

good accuracy, these equations need to be calibrated to the actual performance of the 

cyclones. However, one of the features of the set of Plitt equations is that, without 

calibration, it can still be used to predict cyclone performance with reasonable accuracy. 

Without calibration, they should also be suitable for predicting variability in the d50. 

The Plitt d50 equation has been used here, with cyclone dimensions from the relevant 

Linatex cyclone manual and using the default correction coefficient of 1.0. Plitt (1976) 

for d50 (Plitt modelled the corrected efficiency curve and hence calculated the corrected 

cut size d50c) has defined the Equation (3-1) estimating the d50c. 

𝐝𝟓𝟎𝐜 =
𝒂𝑫𝒄

𝒃𝑫𝒊
𝒄𝑫𝒐

𝒅𝒆(𝟔.𝟑𝝓)

𝑫𝒖
𝒇
𝒉𝒈𝑭𝟑(𝝆𝒔−𝝆𝒍)

𝟎.𝟓
       (3-1) 

where  

𝒅𝟓𝟎𝒄 Corrected d50 (µ𝒎) 

𝐷𝑐  Cyclone diameter (cm) 

𝐷𝑖  Cyclone inlet diameter (cm) 

𝐷𝑜  Overflow diameter (cm) 

ϕ Volumetric fraction of solids in feed (% solids) 

𝐷𝑢 Underflow diameter (cm) 

ℎ Free vortex height (cm) 

𝑄 Volumetric flow rate of feed (L/min) 

𝜌𝑠 Solid density (𝑔/𝑐𝑚3) 

𝜌𝑙  Liquid density (𝑔/𝑐𝑚3) 
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Recommended values for the constants are 𝑎 =  2.69 × 103  and 𝑏 =  0.46, 𝑐 =  0.6, 

𝑑 =  1.21, 𝑓 =  0.71, 𝑔 =  0.38 and 𝑖 =  0.45. 

We to calculate the d50 during periods of operation. To correctly represent, periods of 

operation, the estimated d50 is calculated from the cyclone feed conditions using 

historical values of feed flow and density and number of cyclones, but only while the 

plant has feed on (>1000 tph). The data sheet indicates a design d50 of 142 microns. 

The average d50 estimated from the operating conditions and cyclone model (140.5 µm) 

agrees well with design values. 

Before the control improvement is implement as part of this research, there is wide 

variation of the d50 over time (standard deviation 26.7 µm). In particular, it appears that 

the density variations make a large contribution to the d50 variation. From the equation, 

a slurry SG change 1.5 to 1.4 will reduce the d50 by 70 microns (at a flow-rate of 

3100m³/h). Such density changes are typically caused by changes to plant feed rate 

without a corresponding change to the cyclone feed flow. 

Although cyclone feed flow and density cannot be independently regulated (for a given 

plant-feed rate of solids), increasing the cyclone flow (and also recycle or water 

addition) decreases the density, both of which will cause a decrease in d50. So varying 

the flow can manipulate the cyclone d50 cut-size over a wide range. Clearly, this 

manipulation can only be done within the operating envelope of the cyclone: above 

minimum feed flow and below maximum rated pressure. A small level of density/flow 

independence can be introduced by adding more water and backing out recycle, but in 

the interests of minimising water addition, this is ignored. 

As feed rate changes, the different parts of the plant react in a sequence as the increased 

flow has an effect. However, because the plant has a slurry recycle back to the front-end 

of the plant, some corrections to the plant control cannot wait until the local control 

schemes notice a local change (disturbance) to the unit operation. It is much better to 

deliberately coordinate all the plant’s unit operations so that the plant can more quickly 

respond to a feed rate change (or, for example, a module being shutdown). 

For such plant coordination, this capability requires feedforward control between the 

feed rate and other parts of the plant, and between various interacting parts of the plant 

units themselves. In particular, an integrated plant control would be expected to include 

the major feed forward elements: 
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• Around the level control of the Trommel Tank, calculating a mass-balance for 

solids and water to ensure fast feed-forward control (from feed rate, cyclone 

feed flow and recycle density) of tank level with feedback control only being 

required to trim the level to the set point. It is expected that most of the level 

control would be achieved through manipulation of the recycle flow, to 

minimise water usage. 

• Calculating the correct cyclone feed flow to maintain cyclone d50. This would 

be based on the plant feed rate, the number of cyclones on-line and recycle 

density. 

3.4 Mineral Processing Plant Performance 

 

The mineral processing plant introduced in Chapter 2 and illustrated in Figure 3-4, 

classifies the Feed [1] into two size fractions. The classification point (d50) is where 

particle sizes less than the d50 is considered fines or tailings and sizes above the d50 are 

classified as product. There are four (4) process variables that are to be coordinated to 

achieve the classification point of the process (operating point). The five process 

variables are as follows: 

• d50 – Classification Point [5] (calculated) 

• DT1202 Cyclone Feed Density [6d] 

• FT1202 Cyclone Feed Flow [6f] 

• FT1352 Recycle Feed Flow [8] 
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Figure 3-4 Mineral Processing Plant (under assessment) 

 

The plant regulatory performance is shown in the histograms of Figure 3-5. The 

variability in the calculated d50 is wide (d50 set point is 150𝜇𝑚), leading to 

misclassification of the Feed [1] into the plant. This misclassification results in product 

sized ore sent to tailings for storage, leading to lost revenue for the operation. 

 

 

(a) d50 – Classification Point [5] 
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(b) DT1202 Cyclone Feed Density [6d] 

 

(c) FT1202 Cyclone Feed Flow [6f] 

 

(d) FT1352 Recycle Feed Flow [8] 

Figure 3-5 Process Control Baseline Performance  

The dynamics of the recycle water/slurry addition to the cyclone feed includes a 

transport lag. This lag causes a delay in process response to a control action attempting 

to correct for variations in Feed [1]. To achieve plant stability to a target operating 
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point, disturbances and transport lags must be managed by coordinating the process unit 

operations within the mineral processing plant.  

3.5 Concluding Remarks 

 

The mineral processing plant has been introduced and the process and control 

challenges presented. The target operating point for the mineral processing plant is the 

d50 classification point. It is shown (in Figure 3-5) that the variability of the process 

variables identified for assessment exhibit significant variation. This variability will be 

reduced by the implementation of the methodology outcomes and validated by an 

extended SISO Harris Index control performance assessment.  

The operating point for mineral processing plants vary, however classification processes 

present common challenges. The knowledge of the challenges and process performance 

indicators assists when identifying the objectives within the mineral processing plants. 

These objectives then provide direction when identifying the process and control 

variables for performance assessment.  

Upon completion of the control performance assessment, the mineral processing plant 

will be used to demonstrate the application of the methodology proposed within this 

research. The demonstration of the methodology on a real industrial plant tests the 

robustness and reliability of the methodology, as operational challenges also influence 

the approach to the design of the methodology.  
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4 HARRIS INDEX: KNOWLEDGE 

PUBLISHED BEFORE THIS RESEARCH 

The Harris Index methodology is central to closed loop assessment approaches.  The 

purpose of this chapter is to present the Harris Index, providing an explanation of the 

technique as it applies to SISO and MIMO systems. The chapter will firstly introduce 

the Harris Index control assessment technique then discuss the literature detailing both 

SISO and MIMO Harris Index procedures.  

The chapter will also discuss the difference between SISO and MIMO Harris Index 

techniques. The differences extend to mathematical execution and the ability to apply 

the technique to industrial applications.  

The SISO system definition has been introduced, rapid assessment techniques for 

process performance assessment discussed, then Åström’s definition of MVC walked 

through. This section will now investigate the research within this area, to establish the 

importance to industry. 

The literature illustrates that the application of the Harris Index to SISO systems is 

mature however the MIMO system domain remains unchartered. The stochastic 

research is extensive with the development of the interactor matrix to quantify and 

incorporate process interactions into the Harris Index performance technique. Having 

understood the impracticalities of the MIMO Harris Index assessment application of the 

stochastic techniques researchers have developed approaches that avoid the need for the 

interactor matrix. Limitations still exist as the ability to discover the process dynamics 

and interactions remains a challenge. 
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4.1 Introduction 

 

The Harris Index methodology consists of several steps. Each step has an aim for 

example the modelling of the process under assessment, to establish a predictive 

capability. The chapter will explore the approaches adopted within each step by 

researchers to achieve the goal of each step in the Harris Index control performance 

technique. As a demonstration a practical example will apply the procedure to an 

industrial SISO system. The MIMO Harris Index technique will then be introduced. The 

MIMO Harris Index technique is significantly different from the SISO system 

technique. The limitations of the Harris Index MIMO system technique will be 

discussed and theoretical examples presented. The applicability of the Harris Index 

MIMO assessment procedure to an industrial plant will also be discussed highlighting 

deficiencies and alternative research efforts bridging the theoretical to industrial 

application.  

It is common to be presented with a time series plot of a process variable with the aim 

to assess the performance of the control structure that is in effect. The knowledge of the 

control strategy structure is limited and the ability to extract the detail and 

characteristics of the system from the data are also challenging. The control strategy 

complexity can vary from a single controller to complex interconnected controllers with 

interacting dynamics. To begin assessing the performance of these control strategies, a 

benchmark must be established to compare the current performance. This benchmark 

must be considered as optimum or the ideal strategy structure.  

Harris (1989) proposes the use of the Minimum Variance Control (MVC) performance 

as the best theoretical control performance benchmark. The Minimum Variance Control 

objective is to remove the predictable variation in the process variable (PV) in a single 

process dead time. When applying this control strategy to industry one can challenge 

the applicability of this approach. With inherent equipment and process limitations it is 

impractical to remove all predictable variation from the process variable due to the 

unlimited control actions required.  Eriksson et al. (1994) discusses the limitations of a 

MVC as the benchmark due to the theoretical performance of the controller. 

Commercial applications must also be considered when reviewing Controller 

Performance Assessments within this area of research. Jelali (2006) identified the 
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following commercial applications within the Controller Performance Assessment 

market. 

 

Company (web address) Product name (acronym) 

Matrikon (www.matrikon.com) ProcessDoctor 

ExperTune (www.expertune.com) PlantTriage 

ProControl Technology 

(www.pctworld.com) 

PCT Loop Optimizer Suite (PCT LOS)a 

ABB (www.abb.com) OptimizeIT Loop Performance Manager 

(LPM) 

Honeywell (www.acs.honeywell.com) Loop Scout 

Emerson Process Management 

(www.emersonprocess.com) 

EnTech Toolkit, DeltaV Inspect 

ControlSoft (www.controlsoftinc.com) INTUNE 

KCL (www.kcl.fi) KCL-Control-Performance Analysis (KCL-

CoPA) 

OSIsoft (www.osisoft.com) PI ControlMonitor 

AspenTech (www.aspentech.com) Aspen Watch 

Control Arts Inc. (www.controlartsinc.com) Control Monitor 

Invensys (www.invensys.com) Loop Analyst 

PAS (www.pas.com) ControlWizard 

Metso Automation 

(www.metsoautomation.com) 

LoopBrowser 

PAPRICAN (www.paprican.ca) LoopMD 

Table 4-1 Commercially available control-performance assessment and tuning 

products 

A brief assessment of the commercial applications illustrated capability in the individual 

loop assessment with automatic detection of control loop performance identification. 
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Hagglund (2005), states that, the monitoring tools cannot be implemented in systems 

that only have access to the signals of the control loop. Additional information such as 

operating conditions, controller parameters, and values of auxiliary signals are needed 

when monitoring the performance of control loops. 

The generic nature of the Controller Performance Assessment applications, results in 

implementation of these tools challenging. Visual indicators, such as tree maps, have 

been adopted to move the process and economic performance analysis to the control / 

process engineer. However, this leads to issues of competency and variation of results 

due to the subjective interpretation of visual tools. 

4.2 Harris Index Literature Review 

 

The importance of controller performance assessment was identified by Thornhill et.al 

(1999), where a vision for controller performance monitoring was set out by D. Kozub 

of the Shell Development Company. He presented challenges for the research 

community to develop tools and methodologies for automated technology. Not only is 

performance information sought; ideally the monitoring system should aid the 

prioritisation of control problems. His paper also sets out goals for the diagnosis of the 

reasons for loss of performance once a poorly performing loop has been detected, for 

example by determination of dynamic response characteristics such as the extent of 

under-damped or oscillatory behaviour. The literature and commercial applications 

explore the controller performance assessment at an individual controller level and 

automate the assessment tasks, however the results are still open to interpretation.  

Grimble et.al (2001), also states that most automation benchmarks, developed in the 

process control sector have been limited to assess the performance of control loops 

within the manufacturing or production process, without directly relating them to the 

economics of the process. Grimble et.al (2001), continues to clarify the benefits of 

integrating business and process control benchmarks and applying the benchmark 

concepts to industrial plant and management systems as; increased productivity and 

efficiency, enhanced management and supervision and economic optimization. 
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Shardt (2012), highlights efforts from Thornhill et.al (2001); Seppala (2002); Huang 

(2005); McNabb and Qin (2005); Xia (2006); Yu and Qin (2009). Huang, presents the 

practical enormity of Eastman Kodak, recently reporting regular loop monitoring on 

over 14,000 PID loops. Huang also acknowledges the success in research and 

applications of univariate control monitoring, but concludes that applications of multi-

variate control performance assessment remains a challenge. 

Shardt (2012), illustrates that the primary issue in using the minimum-variance-based 

performance index is that it requires knowledge of additional information about the 

open-loop process, such as the time delay or the interactor matrix, that may not be easy 

to obtain. This is especially a problem with the interactor matrix, since a complete plant 

model is required in order to calculate it. 

Huang (1997), identifies the normalised performance index proposed by Desborough 

and Harris (1992). Reporting Kozub and Garcia (1993) developing a similar measure of 

performance defined as closed-loop potential (CLP). Lynch and Dumont (1993) have 

applied a similar idea to the monitoring of a pulp-mill process. Tyler and Morari (1995) 

have extended the same idea to SISO processes with non-minimum-phase and/or 

unstable poles. Ericksson and Isaksson (1994), Rhinehart (1995), Miao and Seborg 

(1995) and Tyler and Morari (1995b) have also suggested alternative performance 

assessment and monitoring schemes for practical consideration. The mathematical 

complexity of the approaches however proves rapid implementation challenging.    

Jelali (2006) summaries additional extensions of the Harris Index to MIMO systems by 

Ettaleb (1999), Ko and Edgar (2001) and McNabb and Qin (2003). Jelali, generalises 

that the construction of the interactor matrix cannot be achieved by the knowledge of 

time delays. Huang, Shah and Fujii (1997), show that the interactor matrix can however, 

be estimated from closed-loop data. Ettaleb (1999), Ko and Edgar (2001) and McNabb 

and Qin (2003) have investigated the possibility of eliminating the requirement to 

develop the interactor matrix to simplify the calculation of the multi-variable 

performance index. 

Ettaleb (1999) investigates Harris Index extension opportunities for MIMO performance 

indices, without the need for the development of the interactor matrix. Ettaleb also 

highlights the importance of accurate dead time estimations and proposes an offline 

extended Least-Squares technique for parameter identification and time delay 
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estimation. The approach is an open loop Harris Index extension, which due to the 

requirement of disabling the controller (open loop) proves to be impractical in an 

industrial application. 

Ettaleb’s algorithm consists of the following steps:  

1. Determine the delays between process inputs and outputs 

2. Determine the process output MA or AR model to obtain the estimated sequence 

a(t). 

3. Determine the estimated lower output variance bounds of different outputs by 

use of equation proposed. 

4. Determine the performance indices associated with different outputs. 

 

When applying this concept to a lime kiln, Ettaleb must firstly determine a model to fit 

the process response; which in this case is assumed to be a First Order plus Dead-Time 

model (FOPDT). To determine the time delay the process inputs must be bumped or a 

disturbance artificially injected. To achieve a plant-wide MIMO controller performance 

assessment; to disturb each process will not be tolerated, while operating. Secondly, to 

establish a transfer function model for each process interaction introduces assumptions 

of the process dynamics; requires the accuracy of the model to be validated before each 

assessment and involves mathematical capabilities of a tool or implementer to fit each 

model to the time series plot. Finally, the bounded concept accepts that the performance 

of the controller operates within a band of acceptable control. The conclusion drawn 

from the assessment of the resultant performance indices is still open for interpretation. 

For the kiln example, the hot end and feed end temperatures are relatively well 

controlled while the control of the excess of oxygen may not be. 

Jelai (2007) studied application of the Harris Index to load disturbances injected by set-

point variation. Perrier and Roche (1992), Ko and Edgar (2000), modified the MVC 

index to include set-point variations in the inner loop of cascade controls. Seppala, 

Harris and Bacon (2002), discussed the influence of set-point changes on the Harris 

Index and demonstrated the benefits of a decomposition of the control error into 

components resulting from set-point changes and a set-point detrended signal. 

Thornhill, Cox, and Paulonis (2003) and McNabb and Qin (2005) examined the reasons 
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why control performance during set-point changes differs from the control performance 

during operation at a constant set-point. 

Research efforts in alternative controller performance assessment techniques are 

extensive varying from open to closed-loop approaches. Shardt (2012) illustrates, a 

performance measure based on closed-loop potential. The solution is based on the 

multi-step optimal prediction error. Two data-driven subspace algorithms have been 

developed to compute the optimal prediction errors and closed-loop potentials. This 

research only considers the extension of the Harris Index SISO controller performance 

assessment principle. 

A deliberately de-tuned controller may have a specific control objective to utilise the 

surge capacity or the process characteristics to dampen disturbances within the process. 

Control engineers can easily misinterpret this performance if assessed with an incorrect 

control objective in mind; i.e. if a controller is performing ‘slowly’ then it can be 

deemed to need attention; whereas if the controller is aggressively tuned it may rapidly 

pass the disturbance through to the downstream or interconnected processes without 

dampening. Downstream or interconnected controllers may need to then manage 

disturbances within the local process as well as disturbances passed from the 

interconnected process. This research will aim to determine the ‘best’ regulation of the 

disturbances within the process plant; to maximise the economic benefit of the 

operation. 

Hagglund (2005), re-enforces the opinion that if a controller is conservatively tuned or 

behave in a ‘sluggish’ manner, the controller needs to be re-tuned. In the applications 

discussed, this opinion maybe the incorrect approach. The challenge is assessing the 

objective of the controller.  

The literature shows that the application of the Harris Index to SISO systems is mature, 

however the MIMO system domain remains unchartered. The stochastic efforts are 

extensive with the development of the interactor matrix to quantify and incorporate 

process interactions into the Harris Index performance technique. By understanding the 

impracticalities of the MIMO Harris Index assessment application of the stochastic 

techniques researchers have developed approaches that avoid the need for the interactor 

matrix. Limitations still exist because the ability to discover the process dynamics and 

interactions remains a challenge. 
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4.3 Minimum Variance Introduction 

 

Minimum variance control (MVC), also referred to as optimal 𝐻2 control and first 

derived by Åström (1979), is the best possible feedback control for linear systems in the 

sense that it achieves the smallest possible closed-loop output variance. Åström states 

that the solution to the minimum-variance control problem is thus closely related to the 

solution of the prediction problem. The design of a minimum-variance controller 

requires a perfect system model and a perfect disturbance model which results in a 

complete cancellation of the error (other than measurement noise) one sample time after 

the process dead time delay, 𝜏. 

4.3.1 Test for Minimum Variance 

 

Before the Harris Index control performance technique is applied to a process, a rapid 

assessment can be conducted to establish the process performance against minimum 

variance. Auto-correlation function (ACF) is a fundamental assessment technique which 

illustrates the performance of the process. The auto-correlation function output provides 

the capability to conduct a visual assessment of the process variable (PV) for minimum 

variance performance without the need to disrupt the process. Visual interpretation of 

the dynamic response characteristics of the output of the ACF allows the existing 

control performance to be categorised. Jelali (2010) illustrates, a slowly decaying 

autocorrelation output implies an under-tuned controller, while an oscillatory auto-

correlation output generally implies an over-tuned controller.  

The auto-correlation function is widely used in industry, identifying the presence of 

non-randomness within a dataset and to identify the structure of a time series model if 

the dataset is determined to be non-random. Box and Jenkins (1976) define the auto-

correlation function as: 

𝒓𝒌 =
∑ (𝒚𝒊−�̅�)(𝒚𝒊+𝒌−�̅�)
𝑵−𝒌
𝒊=𝟏

∑ (𝒚𝒊−�̅�)𝟐
𝑵
𝒊=𝟏

       (4-1) 

where 𝑦1, 𝑦2, … , 𝑦𝑁 are the sampled process variables (PV) and 𝑘 is the sample time 

steps. 
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The process illustrated in Figure 4-1 can be interpreted as marginally stable. The 

repetitive oscillations in the ACF output indicate an over-tuned controller, however 

stability is achieved due to the eventual decay in the correlation characteristic. Industrial 

examples of response characteristics are illustrated in Figure 4-2. SISO systems 

assessed include two Dense Medium sump levels within a Coal Handling Processing 

Plant (CHPP).   

 

Figure 4-1 ACF Analysis of a SISO System Process Variable (PV) 

  

(a) Dense Medium Sump Level 

(Module 1 Process Unit) 

(b) Dense Medium Sump Level 

(Module 2 Process Unit) 

Figure 4-2 ACF analysis of Dense Medium Sump Level(s) 

 

Figure 4-2 (a) illustrates a high performing level control with minimal lag constants 

while Figure 4-2 (b) presents an unstable over-tuned controller controlling a sump level. 

Jelali states that statistically significant values of the estimated auto-correlations 
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existing beyond the process dead time provide evidence that the current controller is not 

minimum variance. If only few slightly significant values exist beyond, 𝜏, the 

performance is close to that of Minimum Variance performance. 

4.3.2 Minimum Variance Control Definition 

 

The fundamental concept of Minimum Variance Control is to construct an algorithm to 

control the future based on the application of prediction methods. With this ability to 

predict the future, the system has the capability to make judgements knowing the future 

implications. It is understood however, predictions are not without error and if the error 

is larger than the actual signal variance the result maybe be worst. The Minimum 

Variance concept is summarised by Gawthrop (2009) as minimum variance control: 

predict future system outputs and adjust the current control signal to give the future 

system output a desired value. 

Gawthrop (2009) continues illustrating that Minimum Variance Control was developed 

as an approach to the control of systems with process dead time with particular 

application to the paper-making industry. It was developed in a discrete-time stochastic 

setting, but was extended over a number of years to include both deterministic and 

continuous-time formulations. Although initially orientated towards system with 

process dead time by using the idea of prediction, it was seen to be a special case of a 

wider class of methods: generalised minimum variance control. 

Both, minimum variance control and its extension to generalised minimum variance 

control are based on predicting a single process dead time into the future.  

Minimum variance control and its extensions are based on the notion of predicting the 

future output of a dynamic system based on: 

1. a model of the dynamic system 

2. a model of the disturbances affecting the system 

3. current and past measurements of the system input and output. 

Åström (1997) states that in steady-state regulation it makes sense to express the criteria 

in terms of steady-state variances of the control variable and the process output. For 
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regulation of systems with one output, the criterion may be to minimise the variance of 

the output. This leads to a cost function of: 

𝑱𝑴𝑽 = 𝑬𝒚
𝟐(𝒌)         (4-2) 

where 𝐸 denotes the mean value and it is assumed that the scales are chosen so that 𝑦 =

0 corresponds to the desired set point. A control law that minimises the criterion is 

called minimum-variance control. The criterion may also be expressed as  

𝑱∞ = 𝐥𝐢𝐦
𝑵→∞

𝑬 {
𝟏

𝑵
∑ 𝒚𝟐(𝒌)𝑵
𝒌=𝟏 }        (4-3) 

Theoretically the design of minimum-variance controller requires a perfect system 

model and a perfect disturbance model and will result in a complete cancellation of the 

error (other than measurement noise) one sample time after the process dead time, τ.  

Assuming the process dynamics are stable we can introduce an inverse or backward-

shift operator 𝑞−1. The model is given as: 

𝒚(𝒌) =
𝑩𝟏(𝒒)

𝑨𝟏(𝒒)
𝒖(𝒌) +

𝑪𝟏(𝒒)

𝑨𝟐(𝒒)
𝒆(𝒌)       (4-4) 

𝒚(𝒌) =
𝑩𝟏

∗(𝒒−𝟏)

𝑨𝟏
∗(𝒒−𝟏)

𝒒−𝒅𝒖(𝒌) +
𝑪𝟏
∗(𝒒−𝟏)

𝑨𝟐
∗(𝒒−𝟏)

𝒆(𝒌)      (4-5) 

Introducing 𝑑 as the predicted time step of 𝑘. The predicted value of 𝑦 can be 

represented as: 

𝒚(𝒌 + 𝒅) =
𝑩𝟏

∗(𝒒−𝟏)

𝑨𝟏
∗(𝒒−𝟏)

𝒖(𝒌) +
𝑪𝟏
∗(𝒒−𝟏)

𝑨𝟐
∗(𝒒−𝟏)

𝒆(𝒌 + 𝒅)     (4-6) 

To establish optimal prediction a model for 𝑦(𝑘) is formulated. 

Consider the signal model for 𝑦 as: 

𝒚(𝒌) =
𝑪𝟏(𝒒)

𝑨𝟐(𝒒)
𝒆(𝒌) =

𝑪𝟏
∗(𝒒−𝟏)

𝑨𝟐
∗(𝒒−𝟏)

𝒆(𝒌)       (4-7) 

where 𝐴2
∗
 and 𝐶1

∗
 are the reciprocals of 𝐴2 and 𝐶1, that is, 𝐴2

∗(𝑞−1) = 𝑞−𝑛𝐴2(𝑞) and 

𝑞−1 is the backward shift operator. 

Åström (1997) defines the minimum-variance control law as: 

𝒖(𝒌) = −
𝑮(𝒒)

𝑩(𝒒)𝑭(𝒒)
𝒚(𝒌)         (4-8) 
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Using the MVC, the minimum value of the output variance (minimum variance), is 

achieved using the following objective function: 

𝑱𝒎𝒊𝒏(𝒌) = 𝐦𝐢𝐧
𝒖(𝒌)

𝑬{𝒚𝟐(𝒌 + 𝝉)} = 𝑬{𝑬𝝉(𝒒)𝜺(𝒌 + 𝝉)} = (∑ 𝒆𝒊
𝟐𝝉−𝟏

𝒊=𝟎 )𝝈𝜺
𝟐 ≡ 𝝈𝑴𝑽

𝟐       

          (4-9) 

where 𝜎𝜀
2 is the (disturbance) noise variance. Note that 𝜎𝑀𝑉

2  is equal to the variance of 

the prediction error  − �̂� . The achieved output of the closed-loop system under MVC is: 

𝒚(𝒌) = 𝑬𝝉(𝒒)𝜺(𝒌).         (4-10) 

Note that whereas the controller itself may require the specification of the system model 

and disturbance model, both are not needed for the MVC-based performance 

assessment. The adoption of MVC as a benchmark does not imply that it should be the 

goal towards which the existing control should be driven, or that it is always practical, 

desirable, or even possible to implement. Nevertheless, the performance limit set by the 

MVC exceeds all other (linear) controllers; hence, it serves as an appropriate benchmark 

against which the performance of other controllers may be compared. 

4.4 Harris Index SISO Procedure Description 

 

The interpretation of the Harris Index performance assessment procedure applied to an 

industrial plant is defined as: 

STEP 1: Estimation of the Process Dead Time, 𝜏 

i. Obtain the process dead time, d, for the univariate case. 

STEP 2: Estimation of Minimum Variance Performance 

ii. Fit an ARMA model to the de-trended, closed-loop operating data from the 

closed-loop system time-shifted by the process dead time (obtained in step (i)), 

without any set point changes. 

iii. Calculate the minimum variance using 𝜎𝑀𝑉
2 = (∑ 𝑓𝑡

2𝑑−1
𝑖=0 )𝜎𝑒

2 for the univariate 

case and ∑ = ∑ 𝐹𝑖𝛴𝑒𝐹𝑖
𝑇𝑑−1

𝑖=0𝑀𝑉  for the multivariate case. 
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STEP 3: Estimation of the Overall Performance Index (Harris Index), 𝜂𝑀𝑉(𝜏) 

iv. Calculate the overall performance index using 𝜂𝐻 =
𝜎𝑀𝑉
2

𝜎𝑦
2  for the univariate case 

and 𝜂 =
𝑡𝑟𝑎𝑐𝑒 (∑ )𝑀𝑉

𝑡𝑟𝑎𝑐𝑒 (∑ )𝑦
 for the multivariate case. 

The structure of this procedure is described in the following sections. 

4.5 STEP 1: Estimation of the Process Dead Time, 𝜏 

 

Harris (1989) defines the discrete time delay 𝜏 is defined as the number of whole 

periods of delay in the process: 

𝝉 = 𝟏 + 𝒇 = 𝟏 + 𝒊𝒏𝒕(
𝑻𝒅

𝑻𝒔
),        (4-11) 

where 𝑇𝑑 is the (continuous) process delay arising from true process dead time or 

estimated process dead time, and 𝑇𝑠 denotes the sampling time, 𝑓 is the number of 

integer periods of delay. 

Figure 4-3 illustrates a first-order open loop system with an introduced load disturbance 

to extract the desired process characteristics.  The process dead time is known as the 

time at which the output begins to respond to the change in input. The example in 

Figure 4-3 consists of a process dead time of 5 minutes. 

 

Figure 4-3 Step response of a first order system with process dead time 
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The research field of open loop Time-Delay Estimation (TDE) provides many technique 

groupings. Bjorklund (2003) lists the following groupings for consideration: 

1. Time-delay approximation methods. The input and output signals are 

represented in a certain basis and the time-delay is estimated from an 

approximation of the relation (a model) between the signals in this basis. 

The time-delay is not an explicit parameter in the model. Depending on the 

basis there are several subclasses: 

a. Time domain approximation methods. The basis consists of impulse 

functions 𝛿(𝑡 − 𝑡𝑛). The time-delay is the delay for the impulse 

response to start (become nonzero). Finding the maximum of the 

cross-correlation between input and output, which is a common 

method, is in principle the same thing. Methods that over-

parameterize the numerator of a transfer function model, also belong 

to this class. 

b. Frequency domain approximation methods. The basis consists of 

complex sinusoids 𝑒𝑖𝜔𝑡. The time-delay is estimated from the phase 

of the time-delay 𝑒−𝑖𝜔𝑇𝑑. A time-delay is an equivalent to a phase 

shift. 

c. Laguerre domain approximation methods. The time-delay is 

estimated from a relation between the input and output signals 

expressed in continuous-time or discrete-time Laguerre functions. 

2. Explicit time-delay parameter methods. The time-delay is an explicit 

parameter in the model. 

a. One-step explicit methods. The time-delay and the other model 

parameters are estimated simultaneously. Two variants are possible: 

i. Model and estimate the time-delay as a continuous parameter 

in a continuous-time model. The time-delay is thus not 

restricted to be a multiple of the sampling interval but can be 

a subsample time-delay. 
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ii. Model and estimate the time-delay as a discrete parameter in 

a discrete-time model. Estimating several models, e.g. ARX 

models, with a complete set of time-delays and choosing the 

best is of this subclass. 

b. Two-step explicit methods. Alternating between estimating the time-

delay and the other parameters. 

c. Sampling methods. Utilising the sampling process to derive an 

expression for the time-delay.  

3. Area and moment methods. These methods utilize relations between the 

time-delay and certain areas above or below the step response 𝑠(𝑡) and 

certain moments of the impulse response ℎ(𝑡)  (integrals of the type 

∫ 𝑡𝑛ℎ(𝑡)𝑑𝑡). There are two independent steps: 1) Estimate or measure the 

step or impulse response. 2) Estimate the time-delay from these responses. 

4. Higher-order statistics (HOS) methods. Their main advantage is that noise 

with a symmetric probability density function (PDF), eg. Gaussian 

theoretically can be removed completely by HOS. 

The challenge however is to estimate the process dead time from a closed loop dataset, 

incorporating a varying input signal, 𝑢. Harris (1992) assumed the process dead time is 

known, which in most cases is not. Thornhill recognised this and proposed a prediction 

time delay constant, 𝑏, which was aimed to replace the estimated process dead time 

constant, 𝜏 (Table 4-2). Harris (1996), however argues that if the estimated process dead 

time 𝜏, is not equal to the true process dead time, 𝑇𝑑, of the operating industrial process, 

than the benchmark is no longer Minimum Variance Control. Harris continues 

illustrating that control performance within the time interval (error) between the true 

process dead time, 𝑇𝑑, and the prediction time delay, 𝑏, cannot be assessed.  

The adoption of a constant prediction horizon or system delay intervals introduces a 

nonstationary Harris Index assessment index with a varying actual dead time. This drift 

will be proportional to the variation in system delay over time, introduced by 

degradation in equipment condition such as valve and pump impeller wear. To establish 

an accurate, representative assessment index a system time delay must represent a true 

delay characteristic at the assessment time, k. 
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Loop Type Sampling interval (s) Prediction time delay, b (s) 

Pressure 20 100 

Liquid Flow 10 30 

Temperature 60-120 360-600 

Steam or gas flow 60 300 

Level 20 100 

Table 4-2 Recommended CLPA parameters for generic refinery loops 

4.6 STEP 2: Estimation of Minimum Variance Performance 

 

This stage of the procedure is to categorise the process as an ARMA or ARIMA 

process. A model will be fitted to the process characteristic. Research efforts have 

identified many ways to achieve this objective, to which will be explored in this section. 

The results of the Harris Index control assessment with varying time series modelling 

techniques will be illustrated. The time series modelling technique adopted will also 

depend on the process characteristics to be assessed. The process characteristics will be 

a time invariant representation of an industrial application. The mean however could be 

stationary or non-stationary depending whether the process set point is manipulated 

over the sampled period. 

Desborough and Harris (1992) state that the actual model used to fit the closed loop 

output data is not important, so long as it adequately fits the data and that an estimate d-

step ahead (process dead time estimation) of the forecast error. Therefore, the procedure 

is not limited to the moving average (MA) or the autoregressive moving average 

(ARMA) model. 

Wei (1990), illustrates that if the time-series is stationary then the ARMA approach 

applies. The industrial process examined in this thesis assumes a constant operating set 

point categorising the system as stationary. Stationary time-series processes have a 

constant mean 𝜇𝑡  and variance 𝜎𝑡
2. If the target process set point of the plant changes 

with respect to time, then the ARIMA modelling approach will apply. The classification 

of the process modelling approach will be a challenge for this research. The intent is to 
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avoid a visual inspection to classify the process, as human interpretation can lead to 

misclassification of the process category. An approach addressing this challenge could 

involve the reduction of the assessment time window restricting the model characteristic 

to ARMA processes. 

The following sections will describe the principles of the identification of the ARMA 

process paradigm and validating the quality of the model. 

4.6.1 Mathematical Process Model Description 

 

ARMA models can be described by a series of equations. The equations are somewhat 

simpler if the time series is first reduced to zero-mean by subtracting the sample mean. 

This research will adopt, the mean-adjusted series as given by 

𝑦𝑡 = 𝑌𝑡 − �̅�,       𝑡 = 1,…𝑁        (4-12) 

where 𝑌𝑡 is the original time series, �̅� is its sample mean, and 𝑦𝑡 is the mean-adjusted 

series.  

A subset of ARMA models are the so-called autoregressive, or AR models. An AR 

model expresses a time series as a linear function of its past values. The order of the AR 

model tells how many lagged past values are included. The simplest AR model is the 

first-order autoregressive, or AR(1), model: 

𝑦𝑡 + 𝑎1𝑦𝑡−1 = 𝑒𝑡         (4-13) 

Where 𝑦𝑡 is the mean-adjusted series per sample t, 𝑦𝑡−1 is the series in the previous 

sample, 𝑎𝑡 is the lag – 1 autoregressive coefficient, and 𝑒𝑡 is the noise. The noise also 

given as: the error, the random-shock, and the residual. The residuals 𝑒𝑡 are assumed to 

the random in time (not autocorrelated), and normally distributed. Be rewriting the 

equation for the AR(1) model in terms of 𝑦𝑡 is given by: 

𝑦𝑡 = −𝑎1𝑦𝑡−1 + 𝑒𝑡         (4-14) 

The AR(1) model has the form of a regression model in which 𝑦𝑡 is regressed on its 

previous value. In this form, 𝑎1 is analogous to the negative of the regression 

coefficient, and 𝒆𝒕 to the regression residuals.  
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Higher-order autoregressive models include increased lagged 𝑦𝑡 terms as predictors. For 

example, the second-order autoregressive model, AR(2), is given by: 

𝑦𝑡 + 𝑎1𝑦𝑡−1 + 𝑎2𝑦𝑡−2 = 𝑒𝑡        (4-15) 

Where 𝑎1, 𝑎2 are the autoregressive coefficients on lags 1 and 2. The 𝑝𝑡ℎ order 

autoregressive model, AR(p) includes lagged terms on seconds t – 1 to t – p. 

The order of the autoregressive model is a function of the computational load and time 

tolerated to generate each result. The prediction accuracy of the model increases as the 

order increases. 

For demonstration the industrial plant application will adopt a 10th order autoregressive 

model, AR(10) represented by: 

𝑦𝑡 + 𝑎1𝑦𝑡−1 + 𝑎2𝑦𝑡−2 + 𝑎3𝑦𝑡−3 + 𝑎4𝑦𝑡−4 + 𝑎5𝑦𝑡−5 + 𝑎6𝑦𝑡−6 + 𝑎7𝑦𝑡−7 + 𝑎8𝑦𝑡−8 +

𝑎9𝑦𝑡−9 + 𝑎10𝑦𝑡−10 = 𝑒𝑡        (4-16) 

The challenge is to determine the appropriate order for the model considering accuracy 

and time constraints. The moving average (MA) model is a form of ARMA model in 

which the time series is regarded as a moving average (unevenly weighted) of a random 

disturbance series 𝑒𝑡. The first-order moving average, or MA(1), model is given by: 

𝑦𝑡 = 𝑒𝑡 + 𝑐1𝑒𝑡−1         (4-17) 

Where 𝑒𝑡, 𝑒𝑡−1 are the residuals at times t and t – 1, and 𝑐1 is the first-order moving 

average coefficient. MA models of higher order than one include more lagged terms. 

For example, the second order moving average model, MA(2), is: 

𝑦𝑡 = 𝑒𝑡 + 𝑐1𝑒𝑡−1 + 𝑐2𝑒𝑡−2        (4-18) 

The letter q is used for the order of the moving average model. The second-order 

moving average model is MA(q) with q = 2. 

The autoregressive model includes lagged terms on the time series itself, and that the 

moving average model includes lagged terms on the noise and residuals. 

Autoregressive-moving-average, or ARMA, models include both types of lagged terms. 

The order of the ARMA model is included in parentheses as ARMA(p,q), where p is the 

autoregressive order and q the moving-average order. The simplest ARMA model is 

first-order autoregressive and first-order moving average, or ARMA(1,1): 

𝑦𝑡 + 𝑎1𝑦𝑡−1 = 𝑒𝑡+𝑐1𝑒𝑡−1        (4-19) 



Chapter 4 Harris Index: Knowledge Published Before This Research 

 

     49 

Given that the regression residual 𝑒𝑡 has been defined by the difference between the 

observed value of the dependant variable (y) and the predicted value (�̂�). The variance 

𝜎𝑀𝑉
2  is given by: 

𝜎𝑀𝑉
2 =

∑𝑒𝑡

𝑁
          (4-20) 

Where 𝑁 is the number of samples. 

4.6.2 Process Modelling Procedure 

 

The ARMA modelling methodology is defined in three steps. Step A, is to categorise 

the process. Identification consists of specifying the appropriate structure (AR, MA or 

ARMA) and the order of model. Identification is generally achieved by visual 

identification of the output of the autocorrelation function (ACF) and partial 

autocorrelation function (PACF). This research will aim to remove the subjective 

human judgement characteristics, a goodness-of-fit approach will be investigated. 

Step B will estimate the coefficients of the model. Coefficients of AR models can be 

estimated by least-squares regression. Estimation of parameters of MA and ARMA 

models usually requires a more complicated iteration procedure (Chatfield 2004). In 

practice, estimation is fairly transparent to the user, as it accomplished automatically by 

computational capability with little or no user interaction. 

Step C, is to check the model. This step is also called diagnostic checking, or 

verification (Anderson 1976). Two important elements of checking are to ensure that 

the residuals of the model are random, and to ensure that the estimated parameters are 

statistically significant. 

4.6.3 STEP A: Categorise the Process 

 

The classical method of model identification described by Box and Jenkins (1970) is to 

judge the appropriate model structure and order from the appearance of the plotted ACF 
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and PACF. The identification of ARMA models from the ACF and PACF plots is 

difficult and requires much experience for all but the simplest models.  

The ACF of an AR(1) model declines geometrically as function of lag. For example, the 

ACF of series that follows an AR(1) model with coefficient 𝑎1 = 0.7 is 

{0.7, 0.72, 0.73, 0.74} at lags 1 – 4. The PACF of the AR(1) process at lags k > 1 is zero, 

because if the model is AR(1), all autocorrelation is removed by the AR(1) model. In 

summary, the diagnostic patterns of ACF and PACF for an AR(1) model are: 

• ACF: declines in geometric progression from its highest value at lag 1 

• PACF: cuts off abruptly after lag 1 

The opposite types of patterns apply to an MA(1) process: 

• ACF: cuts off abruptly after lag 1 

• PACF: declines in geometric progression from its highest value at lag 1 

Theoretical ACF and PACF for two AR(1) processes with large and small 

autoregressive coefficients. The ACF and PACF in both cases follows the diagnostic 

patterns described above.  

The theoretical patterns of decay of the ACF and PACF can be visually compared with 

the estimated ACF and PACF of a time series to decide whether the series was likely 

generated by an AR(1) process. The theoretical decay patterns can be difficult to discern 

for actual time series especially if the series is short. Higher-order AR, MA, and ARMA 

processes also have characteristic theoretical patterns for decay of the ACF and PACF, 

as illustrated in Figure 4-4. The decay patterns are more complicated than those 

illustrated for the AR(1) model. Generally, however, the PACF cuts off after lag p for 

an AR(p) process, and the ACF cuts of abruptly after lag q for an MA(q) process. 
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Figure 4-4 Diagnostic Output of an example ARMA process 

4.6.4 STEP B: Estimation of the Model Coefficients 

 

The estimation of the model coefficients from an operating dataset can be calculated, 

irrespective of the controller installed on the process. The regression parameters 

𝛽0, 𝛽1, 𝛽2, … , 𝛽𝑘 in the linear regression model are unknown. Therefore, they must be 

estimated from data (observations of 𝑦, 𝑥1, 𝑥2, … , 𝑥𝑘). Let 𝑏0, 𝑏1, 𝑏2, … , 𝑏𝑘 denote 

estimates of the unknown parameters. The observed system is then given by: 

𝑦 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 +⋯+ 𝛽𝑘𝑥𝑘 + 휀      (4-21) 

So calculating the estimation of 𝑦, the following is given: 

�̂� = 𝑏0 + 𝑏1𝑥1 + 𝑏2𝑥2 +⋯+ 𝑏𝑘𝑥𝑘       (4-22) 

where �̂� is the prediction of 𝑦. 

Now let 𝑦𝑖and �̂�𝑖 denote the observed and predicted values of the dependent variable for 

the 𝑖th observation to be 𝑒𝑖 = 𝑦𝑖 − �̂�𝑖. We then consider the sum of squared residuals 

𝑆𝑆𝐸 = ∑ (𝑦𝑖 − �̂�𝑖)
2𝑛

𝑖=1         (4-23) 
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Intuitively, if any particular values of 𝑏0, 𝑏1, 𝑏2, … , 𝑏𝑘 are good point estimates, they 

will make (for 𝑖 = 1,2, … , 𝑛) the predicted value �̂�𝑖 fairly close to the observed value 𝑦𝑖 

and then will make SSE fairly small. We define the least squares point estimates to be 

the values of 𝑏0, 𝑏1, 𝑏2, … , 𝑏𝑘 that minimize SSE. 

4.6.5 STEP C: Checking the Model 

 

The ARMA model must be checked for adequacy. Anderson (1976) termed this process 

of validation diagnostic checking or verification. This verification process is to identify 

any departures of fit and to highlight discrepancies in the model. Upon detection of 

inadequacy the verification process will present performance indicators leading to 

modifications within the modelling process. The indicators will be used for further 

model fitting and checking efforts. 

The assessment of the model adequacy to the sampled dataset is achieved by the 

examination of the model residuals. The model residuals are known as the difference 

between the sampled dataset and the fitted values. 

Chatfield (1975) presents an example of a first order AR model, the true errors are given 

by: 

𝒛𝒕 = 𝒙𝒕 − 𝜶𝒙𝒕−𝟏         (4-24) 

The modelling effort will estimate 𝛼 by least squares, therefore the fitted value will be 

�̂�𝑥𝑡−1 subsequently the residual �̂�𝑡 is given by 

�̂�𝒕 = 𝒙𝒕 − �̂�𝒙𝒕−𝟏         (4-25) 

The first check is to confirm the randomness of the residuals. The randomness 

characteristics can be assessed by applying the auto-correlation function to the residuals 

𝑟𝑘. The auto-correlation output will be statistically insignificant for all lags except 0 if 

the residuals are uncorrelated. 

The second check is to confirm that the calculated model coefficients are significantly 

different from zero (0). Anderson (1976) presents an example as an explanation. A time 

series process has been modelled as a MA(1) (Moving Average First-order). The model 

is questioned and suggested that a first-order ARMA model maybe appropriate 
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(ARMA(1,1)). The efficient fit MA(1) and overfit ARMA(1,1) results are given in 

Table 4-3. 

 

Model Model Coefficients S.E. of estimates 𝜃𝑎
2 

MA(1) 𝜃 = 0.845  0.038 0.833 

ARMA(1,1) 
∅̂ = −0.004  0.82  

𝜃 = 0.851  0.041 0.830 

Table 4-3 MA and ARMA model results 

The ARMA(1,1) overfit does not substantially decrease the variance �̂�𝑎
2. The overfit has 

parameters which are not significantly different from those of the efficient fit (MA(1)). 

It is also considered that if the model coefficients are not ‘significantly’ different from 

zero, model simplification should be considered. The reduction of the model complexity 

is achieved by the model order. An indication of the ideal or efficient model order is 

given by the model coefficient number significantly greater than 0. 

4.7 STEP 3: Estimation of the Overall Performance Index 

(Harris Index), 𝜂𝑀𝑉(𝜏) 

 

The normalised form of the Harris performance index, 𝜂𝑀𝑉, is defined in Equation (4-

26), to characterise the performance of feedback control schemes. 𝜂𝑀𝑉 is attractive 

because it provides a measure of the proximity of control to minimum variance control, 

which is the optimal feedback control provided that the process can be described by a 

linear transfer function with additive disturbance.  

𝜂𝑀𝑉(𝜏) =
𝜎𝑀𝑉
2

𝜎𝑦
2 .         (4-26) 

This index value will be within the interval [0, 1], where values close to unity indicate 

good control with respect to the theoretically achievable output variance. ‘0’ indicated 

the worst performance, including unstable control.  
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Jelali (2010) states there are two advantages for using this index over a simple error 

variance metric: 

1. Taking the ratio of the two variances results in a metric that is (supposedly) 

independent of the underlying disturbances – a key feature in an industrial 

situation, where the disturbances can vary widely. 

2. The metric is scale independent, bounded between 0 and 1. This is an important 

consideration for a plant user, who might be faced with evaluating hundreds or 

even thousands of control loops with different PV scales/ranges. 

Exact distributional properties of the estimated performance indices are complicated and 

not amenable to a closed-form solution. Desborough and Harris (1992) approximated 

first and second moments for the estimated performance indices and resorted to a 

normal theory to develop approximate confidence intervals. Asymptotically, the 

performance indices are ratios of correlated quadratic forms, and as such the 

distributions of the performance indices are non-symmetric. 

Refinements to the confidence intervals developed in Desborough and Harris (1992) can 

be obtained with little extra computational effort, by resorting to the extensive statistical 

literature on the distributional properties of quadratic forms (Harris, 2004). 

In practice, it is often sufficient to use moving windows to study the change in 

performance of the process over time. 

4.8 Harris Index SISO Conclusion 

 

The Harris Index SISO Control Performance Assessment technique is summarised in 

three primary steps, estimation of the dead time, then the estimation of minimum 

variance performance and then the estimation of the overall performance index. The 

execution detail of the processes is illustrated in Figure 4-5. 
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Figure 4-5 Harris Index SISO Control Performance Assessment Flowchart 

To increase the accuracy of the Harris Index control performance assessment of a SISO 

system the process dead time needs to be representative of the process dead time under 

assessment. The challenge for the SISO Harris Index control performance assessment is 

the step from offline scholastic modelling to industrial online implementations. 

Addressing this challenge is a key contribution of this research. Chapter 5 through to 

Chapter 8 will detail the implementation of an industrial plant-wide online Harris Index 

control performance assessment. Commercial products have demonstrated this 

capability for SISO-only applications.  

The following sections will introduce the MIMO Harris Index control performance 

assessment. 

4.9 Harris Index MIMO Introduction 

 

A general MIMO system can be constructed of linear combinations of SISO systems. 

All dynamics and interactions are represented within each SISO system. The 
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fundamental difference between the SISO and MIMO Harris Index control performance 

assessment is the introduction of the interactions between each system. 

The interactions between the individual SISO systems are quantified by the introduction 

of the interactor matrix. With the incorporation of individual system interactions the 

assessment of multivariable control strategies can be considered. 

The section is organised as follows: the introduction of the interactor matrix methods to 

and the demonstration of then how to use the interactor matrix to derive the 

multivariable variant of MVC. The FCOR algorithm introduced by Huang et al., 1997 is 

then discussed. As the interactor matrix is challenging to determine, and consequent 

control assessment difficult, an assessment procedure that does not require the interactor 

matrix is proposed in Section 4.9.6.  

4.9.1 Harris Index MIMO Background 

 

The primary reason that the Harris index has proved to be very popular is because it is 

relatively simple to calculate for a given system. However, when the approach is 

extended to multivariable systems, the required knowledge of the systems dynamics and 

the computational burden of the algorithm increase significantly. 

The interactor matrix which allows the feedback control-invariant term of the outputs to 

be extracted, is essential in the calculation of the MVC benchmark for multivariable 

systems that include delay terms. The examples of calculating multivariate MVC 

benchmark that involve the interactor matrix directly are techniques introduced in 

Harris et al. (1992) and Huang et al. (1997). However, both the concept and calculation 

of the interactor matrix are complicated and usually unrealistic. As a consequence, the 

practical application of the MVC benchmark to multivariable systems has been hindered 

significantly. The simplification or elimination of the interactor matrix from the MVC 

benchmark calculation is therefore an important aim. McNabb and Qin (2003) 

suggested the use of a subspace approach to obtain the extended interactor matrix from 

a system state-space model. Ko and Edgar (2001) estimated the expected output 

measurements under minimum variance control by extracting the first few Markov 

parameters from open- or closed-loop data. 
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However, these two techniques require a priori knowledge of the full system model or 

its impulse response coefficients, which are normally challenging to obtain or estimate 

accurately and would typically require specific plants tests. This requirement is typically 

unacceptable and any successful controller performance monitoring metric should not 

require plant tests to be conducted. 

To address the issues associated with the interactor matrix, several researchers have 

suggested avoiding the calculations of the true value of the MVC benchmark and 

instead, benchmarking the control performance using the upper and lower bounds of the 

MVC benchmark. 

The introduction of the interactor matrix is important not only because it solves the 

multivariable minimum variance control problem but also it provides a basic tool to 

show the performance assessment index for multivariable processes.  

4.9.2 Interactor Matrix: Background 

 

Assuming the system is described by an ARMA process given by the form: 

𝑨(𝒒−𝟏)𝒚(𝒕) = 𝑩(𝒒−𝟏)𝒖(𝒕)       (4-27) 

with 𝐴(𝑞−1) and 𝐵(𝑞−1) and 𝑦(𝑡) and 𝑢(𝑡) denote the 𝑚 × 1 output vector and 𝑟 × 1 

input vector, respectively. 𝐴(𝑞−1) and 𝐵(𝑞−1) are 𝑚×𝑚 and 𝑚 × 𝑟 polynomial 

matrices. 

The model (4-27) is equivalent to a left difference operator representation of the form 

𝑫𝑳(𝒒)𝒚(𝒕) = 𝑵𝑳(𝒒)𝒖(𝒕)        (4-28) 

We shall denote by 𝑇(𝑧) the input-output transfer function corresponding to the model 

(4-27).  

Initially, we will assume, for simplicity, that the number of inputs, 𝑚, is equal to the 

number of outputs, 𝑟.  

In the multivariable case it turns out that the delay structure of the transfer function 

matrix can also be specified in terms of a polynomial matrix 𝜉(𝑞). The following result 

applies to the multivariable case. 
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For a given transfer function there exists a polynomial matrix, 𝜉(𝑞), known as the 

interactor matrix, satisfying: 

i. det 𝜉(𝑞) = 𝑞�̅�, where �̅� is an integer 

ii. lim
𝑧→∞

𝜉(𝑧)𝑇(𝑧) = 𝐾, where 𝐾 is a nonsingular matrix 

In many cases of interest, 𝜉(𝑞) can be taken to have one of the following two simple 

forms: 

SIMPLE: 𝜉(𝑞) = 𝑞𝑑𝐼 

where 𝑑 is a single delay associated with every output. 

DIAGONAL: 𝜉(𝑞) = 𝑑𝑖𝑎𝑔[𝑑1⋯𝑑𝑚] 

where 𝑑𝑖𝑗 = delay between the 𝑗𝑡ℎ input and the 𝑖𝑡ℎ output, 

𝑑𝑖 = min
𝑗
𝑑𝑖𝑗 

Here 𝑑𝑖 represents the delay to the 𝑖𝑡ℎ output. 

The Interactor Matrix is classified in three categories: simple interactor matrix; diagonal 

interactor matrix and the unitary interactor matrix. 

4.9.3 Interactor Matrix: Unitary 

 

The interactor matrix can be calculated from the plant transfer-function matrix, for 

example using the algorithm given by Rogozinski et al. (1987), or estimated from plant 

data, as suggested by Huang and Shah (1999). 

Generally, the algorithms for determining the interactor matrix require a priori 

knowledge of the entire transfer matrix, which can be gained from open-loop 

identification. To weaken these requirements, Shah et al. (1987) have suggested a 

method consisting of: (i) estimating the first few Markov parameters from closed-loop 

data via a (relatively high-frequency) dither signal or set-points changes and (ii) 

factorising the interactor directly from the estimated Markov parameters. 
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Huang and Shah (1999) detail the procedure for calculating the interactor matrix. It 

applies for systems having a full rank n  m and proper rational polynomial transfer 

function matrix, i.e., 𝑟𝑎𝑛𝑘(𝑮𝑝) = min (𝑛,𝑚) and lim
𝑞−1→0

𝑮𝑝(𝑞) < ∞. 

Procedure. Computation of the unitary interactor matrix. 

(i) Construct the matrices 𝑮′ and 𝑲′. 

(ii) Compute a singular value decomposition (SVD) of 𝑮′ as 

𝐺′ = 𝑈𝛴𝑉𝑇 = [𝑈1 𝑈2] [
𝛴𝑟 0
0 0

] [
𝑉1
𝑇

𝑉2
𝑇], 

where [𝑼1, 𝑼2] and [𝑽1, 𝑽2]
𝑇  are orthogonal matrices, the columns of 

𝑼2 span the null space of 𝑮′ in the sense that 𝑼2
𝑇𝑮′ = 0, 𝛴𝑟 is a full rank 

diagonal matrix and the rows of 𝑽1
𝑇span the row space of 𝑮′. 

(iii) Check if 

𝑟𝑎𝑛𝑘(𝑮′) ≥ 𝑟𝑎𝑛𝑘(𝑲′) = 𝑟𝑎𝑛𝑘(𝑲) = min (𝑛,𝑚) 

and if each row of 𝑲′  is within the row space spanned by 𝑽1
𝑇  or 

orthogonal to the row space spanned by 𝑽2
𝑇, i.e., 

𝑲′𝑽2 = 0. 

These conditions, when fulfilled, also determine the order of the 

interactor matrix 𝜏 =  𝑚𝑖𝑛(𝑛,𝑚). Note that the condition in Equation 

6.11can be simplified by writing 

𝑲′𝑽2 = [𝑲, 0,… ,0] [

𝑽21
𝑽22
⋮
𝑽2𝜏

] = 𝑲𝑽21, 

where 𝑽21 is the upper partition of 𝑽2 with its row dimension the same 

as the column dimension of 𝑮𝑝. Thus, the aforementioned condition is 

equivalent to 

𝑲𝑽21  =  0, 

or even 

𝑽21  =  0. 
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if 𝑲 (or 𝑮𝑝) is a square matrix or is an 𝑛 ×  𝑚 non-square matrix with 

𝑛 >  𝑚. 

(iv) If the conditions are not satisfied, expand the block-Toeplitz matrix by 

adding more Markov parameters until they are satisfied. 

(v) Construct a block matrix of the first 𝜏 Markov parameters as 

𝛬 = [

𝑮0
𝑮1
⋮
𝑮𝜏

]. 

Apply the recursive algorithm of Rogozinski et al. (1987) and Peng and Kinnaert 

(1992), to give the interactor matrix 𝑫. 

4.9.4 Interactor-Matrix-Based Minimum Variance Control Law 

 

The interactor matrix techniques have been introduced, the next step is applying this 

matrix to the minimum variance principle establishing the control law. The minimum 

variance control law can easily be extended to the multivariable case if the unitary 

interactor matrix is known, which is a strong requirement for controller performance 

assessments. 

 If we define a variable �̅�(𝑡) by the difference equation 

�̅�(𝑡) = 𝜉(𝑞)𝑦(𝑡)        (4-29) 

Then �̅�(𝑡) is related to 𝑢(𝑡) and 𝑦(𝑡) by a model of the following predictor form: 

�̅�(𝑡) = 𝛼(𝑞−1)𝑦(𝑡) + 𝛽(𝑞−1)𝑢(𝑡)       (4-30) 

where 

i. 𝛼(𝑞−1) = 𝛼0 + 𝛼1𝑞
−1 +⋯+ 𝛼𝑛𝑞

−𝑛 

ii. 𝛽(𝑞−1) = 𝛽0 + 𝛽1𝑞
−1 +⋯+ 𝛽𝑛𝑞

−𝑛 

iii. 𝛽0 is nonsingular. 

iv. �̅�(𝑡 − 𝑑) is a known function of 𝑦(𝑡), 𝑦(𝑡 − 1), … 
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To develop a minimum variance control law, we define a filtered desired output, �̅�∗(𝑡), 

by: 

�̅�∗(𝑡) = 𝜉(𝑞)𝑦∗(𝑡)         (4-31) 

We then choose 𝑢(𝑡) to bring �̅�(𝑡) to �̅�∗(𝑡). Properties of the resulting feedback control 

system are described in the following: 

The feedback control law that brings �̅�(𝑡) to �̅�∗(𝑡) has the following form: 

𝛽(𝑞−1)𝑢(𝑡) = �̅�∗(𝑡) − 𝛼(𝑞−1)𝑦(𝑡)       (4-32) 

The resulting closed-loop system is described by: 

�̅�(𝑡) = �̅�∗(𝑡);               𝑡 ≥ 𝑑        (4-33) 

The closed-loop system is characterised by 

[
𝜉(𝑞) 0

𝐴(𝑞−1) −𝐵(𝑞−1)
] [
𝑦(𝑡)
𝑢(𝑡)

] = [
𝜉(𝑞)𝑦∗(𝑡)

0
] 

lim
𝑡→∞

[𝑦(𝑡) − 𝑦∗(𝑡)] = 0 

We note that the minimum variance control law does not now lead to perfect tracking of 

the desired output 𝑦∗(𝑡). Instead, the filtered outputs �̅�(𝑡) track the filtered desired 

outputs �̅�∗(𝑡). We see that 𝑦(𝑡) will converge to 𝑦∗(𝑡) after a possibly nonzero 

transient produced by the dynamics of 𝜉(𝑞). 

Consider the definition of �̅�(𝑡) as: 

�̅�(𝑡) = 𝜉(𝑞)𝑦(𝑡)         (4-34) 

where: 

𝜉(𝑞) = [
𝑞 0

−𝑞3 + 2𝑞2 𝑞3
]        (4-35) 

The ARMA model of a system can be considered as 

𝐴(𝑞−1)𝑦(𝑡) = 𝐵(𝑞−1)𝑢(𝑡)        (4-36) 

𝐴(𝑞−1) = [
(1 + 𝑞−1)(1 + 2𝑞−1) 0

0 (1 + 3𝑞−1)(1 + 4𝑞−1)
]   (4-37) 

𝐵(𝑞−1) = [
𝑞−1 + 2𝑞−2 𝑞−1 + 2𝑞−2

𝑞−1 + 4𝑞−2 𝑞−1 + 3𝑞−2
]      (4-38) 

The prediction equality gives: 
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𝜉(𝑞) = 𝐹(𝑞)𝐴(𝑞−1) + 𝐺(𝑞−1)       (4-39) 

where by equating coefficients 

𝐹0 = [
0 0
−1 1

] 

𝐹1 = [
0 0
5 −7

] 

𝐹2 = [
1 0
−13 37

] 

𝐺0 = [
−3 0
29 −175

] 

𝐺1 = [
−2 0
26 −444

] 

Giving: 

𝜉(𝑞)𝑦(𝑡) = 𝛼(𝑞−1)𝑦(𝑡) + 𝛽(𝑞−1)𝑢(𝑡) 

𝛼(𝑞−1) = 𝐺0 + 𝐺1𝑞
−1 

𝛽(𝑞−1) = [𝐹0𝑞
3 + 𝐹1𝑞

2 + 𝐹2𝑞][𝐵(𝑞
−1)] 

𝛽(𝑞−1) = 𝛽0 + 𝛽1𝑞
−1 

𝛽0 = [
1 1
6 8

] = 𝐾 non-singular 

𝛽1 = [
2 1
122 98

] 

Finally the minimum variance control law is 

[
𝑢1(𝑡)
𝑢2(𝑡)

] = [
1 1
6 8

]
−1

{(
𝑦1
∗(𝑡 + 1)

−𝑦1
∗(𝑡 + 3) + 2𝑦1

∗(𝑡 + 2) + 𝑦2
∗(𝑡 + 3)

) − [
−3 0
29 −175

] [
𝑦1(𝑡)
𝑦2(𝑡)

]

− [
−2 0
26 −444

] [
𝑦1(𝑡 − 1)

𝑦2(𝑡 − 1)
] − [

2 1
122 98

] [
𝑢1(𝑡 − 1)

𝑢2(𝑡 − 1)
]} 

4.9.5 Assessment Based on the Interactor Matrix 

 

There exist many approaches/algorithms to assess the performance of multivariable 

systems from routine-operating data. Examples are the FCOR approach (Huang et al., 

1997; Huang and Shah, 1999), the spectral-factorisation-based approach (Harris et al., 

1996a) and the admissible minimum-variance and minimum ISE control approaches for 
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multivariable processes with unstable zeros (Tsiligiannis and Svoronos, 1989). In this 

section, we describe the computationally simple FCOR performance assessment 

algorithm, largely based on the descriptions by Huang et al. (1997) and Huang and Shah 

(1999). 

The implementation of the FCOR algorithm consists of the following steps. 

Procedure MIMO FCOR algorithm (Huang et al., 1997). 

1. Filter the (mean-centred) process output data y(k) by an appropriate time-

series model to obtain the “whitened” sequence (k) (Equation 2.41). 

2. Form an a priori knowledge or estimate of the interactor matrix D(q) and 

transform y(k) to the interactor-filtered form: �̃�(𝑘)  =  𝑞−𝜏  𝑫(𝑞) 𝒚(𝑘). 

3. Calculate the covariance 𝛴�̃�𝜀 between �̃�(𝑘) and 𝒆(𝑘) up to lag 𝜏 −  1 and 

the auto-covariances 𝛴𝒚  and 𝛴휀  using the 𝒚(𝑘)  and  휀(𝑘)  sequences, 

respectively, and the offset 𝛿 =  𝐸{𝒚(𝑘)}  −  𝒚𝑟𝑒𝑓 if any. 

4. All required information is now available to calculate the performance 

indices. 

An example consider the system with K12 = 0.5 and the disturbance transfer matrix: 

𝐺𝜀(𝑞) =

[
 
 
 
 

1

1 − 0.5𝑞−1
𝑞−1

1 − 0.6𝑞−1

𝑞−1

1 − 0.7𝑞−1
1

1 − 0.8𝑞−1]
 
 
 
 

 

With the unitary interactor matrix determined, we compute the Diophantine identity as: 

�̃�𝜀 = 𝑞
−𝜏𝑫𝑮𝜀 = [

−0.9578𝑞−1 −0.2873𝑞−1

0.2873 − 0.8142𝑞−1 −0.9578 − 1.0536𝑞−1
]

⏟                              
𝐹

+ 𝑞−2�̃�. 

The minimum variance term can be written as:  

휀̃(𝑘) = �̃�휀(𝑘) = |[
0 0

0.2873 −0.9578
] + 𝑞−1 [

−0.9578 −0.2873
−0.9291 −1.0536

]| 휀(𝑘). 

This explicit expression can always be estimated from routine operating data under any 

feedback control with a priori knowledge of the unitary interactor matrix. If we assume 

the disturbances be unit-variance noises, i.e., 𝛴𝜀 = 𝐸{휀휀
𝑇} = 𝑰, then the minimum 

variance can be calculated as: 
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𝛴𝑚𝑣 = 𝑣𝑎𝑟{𝑦(𝑘)|𝑚𝑣} = [
1.1629 −0.5431
−0.5431 2.8104

]  

and with the quadratic performance measure (H2 norm) as: 

𝐸{𝑦𝑇𝑦}𝑚𝑣 = 𝑡𝑟𝑎𝑐𝑒(𝛴𝑚𝑣) = 3.9733. 

A data set of 3000 samples has been used to determine the performance indices for the 

system output controlled by the multi-loop MV controller based on two single loops 

without interaction compensation: 

𝐺𝑐(𝑞) = [
𝐾𝑐

0.5−0.2𝑞−1

1−0.5𝑞−1
0

0
0.25−0.2𝑞−1

(1−0.5𝑞−1)(1+0.5𝑞−1)

]  

with 𝐾𝑐  =  1. The multivariable performance index has been calculated as  

𝜂 =
𝑡𝑟𝑎𝑐𝑒(𝛴𝑚𝑣)

𝑎𝑐𝑡𝑢𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒
=
3.9733

6.2805
≈ 0.63 

and the individual output performance indices as  

[
𝜂𝑦1
𝜂𝑦2
] = 𝑑𝑖𝑎𝑔 {[

1.1629 −0.5431
−0.5431 2.8104

] [
2.2175 0
0 4.0630

]
−1

} ≈ [
0.52
0.69

]. 

4.9.6 Assessment without Knowledge of the Interactor Matrix 

 

A major problem of the assessment of MIMO control systems described so far is the 

need for the interactor matrix, which is not unique and generally requires the complete 

knowledge of the entire transfer matrix of the system at hand. Some methods and 

procedures for performance assessment without knowledge of the interactor matrix will 

be briefly described in this section. Generally, these approaches will lead to suboptimal 

but practical performance benchmarks, which can be estimated from routine operating 

(closed-loop) data with a minimum of a priori knowledge. 

It was Ettaleb (1999) who first proposed to define an absolute lower bound on the 

achievable value for each output variance, thus avoiding the need to identify the 

interactor matrix. Ko and Edgar (2001b) developed a method which integrates the 

calculation of interactor matrix and the estimation of performance index without 
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explicitly calculating the interactor matrix. However, this approach still needs to have 

the Markov matrices of the system transfer function matrix as a priori. 

Huang et al. (2004) developed a truly model-free and interactor-free method to calculate 

the performance index directly from input/output data without the knowledge of 

interactor matrix or Markov matrices. With this algorithm, there is no need to know 

interactor matrix, Markov parameters, or transfer function matrices. The only 

information needed is two sets of data, one open-loop experiment data and one closed-

loop routine operating data. 

Recently, it has been proven by Xia et al. (2006) that, given the diagonal delay matrix 

𝑫𝑖/𝑜 =  𝑑𝑖𝑎𝑔( 𝜏𝑖, 𝑚𝑖𝑛) with the order 𝜏, the least conservative lower bound of 𝐽𝑙𝑚𝑣 ≤  𝐽𝑚𝑣 

for the minimum variance can be found by calculating the MV performance index using 

𝑫 =  𝑫𝑖/𝑜 =  𝑑𝑖𝑎𝑔( 𝜏𝑖, 𝑚𝑖𝑛), which yields a significant simplification of the 

performance assessment of MIMO control systems. Similar approaches to simplify the 

MVC-based performance assessment of multivariable systems can be found by Huang 

et al. (2006). Particularly, two data-driven subspace algorithms have been proposed to 

compute the optimal prediction errors and closed-loop potentials. 

The thesis proposes a practical method and procedure to assess the performance of the 

multivariable control systems (detailed in Chapter 5), requiring only closed-loop data 

from normal process operation and the knowledge of time delays. 

4.10 Concluding Remarks 

 

MVC benchmarking in the multivariable case has been shown to be formally similar, 

but much more involved than in the univariate case, as it normally requires the 

knowledge or estimation of the interactor matrix. Although many methods for its 

factorisation or estimation exist, this task remains very difficult to handle and needs a 

complete process model or at least its first Markov parameters. Both indices are easily 

computable and can be found from routine operating data and require only the 

knowledge of the time delays between each pair of system inputs and outputs. This 

represents a much weaker assumption than requiring complete process information or 
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needing for the highly undesirable external excitation of the process to estimate the 

interaction matrix. 

Multivariable (MISO/MIMO) systems may be obtained by coupling many SISO 

systems. Within a MISO/MIMO system structure the SISO systems interact with each 

other in unique ways. The control performance assessment of a multivariable system 

must consider the interactions between the SISO systems. The Harris Index (MIMO) 

Multivariable Control Performance assessment considers these system interactions by 

the introduction of an Interactor Matrix, 𝐷 (Harris (1996)).   

To establish the Interactor Matrix, involves open-loop identification of each SISO 

system. Once understood the Interactor Matrix forms the prerequisite for the Harris 

Index Multivariable Control Performance assessment. The Harris Index Multivariable 

Control Performance assessment is summarised in Figure 4-6. 

 

Figure 4-6 Harris Index Multivariable Control Performance Assessment 

Flowchart 

The development of the Interactor Matrix is complex, driving research efforts seeking 

alternative approaches to this conundrum. Huang et al. (2004) has developed an 

algorithm void of the need to establish an Interactor Matrix, Markov parameters or 

transfer function matrices. However, the paradigm requires open-loop and closed-loop 

data sets. The ability to obtain an open-loop data set from an operating industrial plant 

is rare. The challenge still exists to assess the control performance of a multivariable 

(MIMO) system(s) with a non-invasive assessment approach. 
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The fundamentals of the Harris Index Control Performance assessment have now been 

introduced for the SISO and MIMO systems. It should now be clear that there are 

significant differences between the SISO and MIMO approaches. The application of the 

stochastic structure of the SISO Harris Index is clear when investigating applicability to 

industrial processes. The MIMO approach however remains in the stochastic domain 

with significant constraints to transferring the technique to industrial processes with 

limited priori knowledge of the process.  

Researchers have developed alternative approaches to the interactor matrix based Harris 

Index approach however a priori knowledge remains a dominant expectation with the 

approaches. This a priori knowledge of the process constrains the applicability of the 

Harris Index assessment to large scale industrial processes as the effort to develop the 

priori knowledge is significant.  

To address this issue, this thesis presents the OCTOGRAPH Methodology which has 

been grounded on a know-how on dealing with the interconnected processes while 

maintaining closed loop operation. The thesis’ author has developed this capability over 

many years of dealing with MIMO industrial processes. This “know-how” is inbuilt into 

the developed methodology which enables a rapid Control Performance Assessment and 

Control Strategy Development without impacting the process(es) under assessment. 

 

  



Chapter 4 Harris Index: Knowledge Published Before This Research 

 

68 

 

 

 

 

 

 

 

 

 

 

 

 

[LEFT BLANK INTENTIONALLY] 

 

 

 

 

 

 

 

 

 

 



Chapter 5 Industrial Plant Control Performance Assessment of the Desired Operating Point [Assessment of 

the Plant’s Existing Performance] 

 

     69 

5 INDUSTRIAL PLANT CONTROL 

PERFORMANCE ASSESSMENT OF THE 

DESIRED OPERATING POINT 

[ASSESSMENT OF THE PLANT’S 

EXISTING PERFORMANCE] 

In the previous chapters, the industrial plant has been introduced and the Harris Index 

Performance Assessment Technique discussed. The adoption of the Harris Index 

Performance Assessment for industrial plant applications potentially allows for a 

performance assessment to be conducted without the need to interrupt the process. This 

chapter focuses on assessing control performance of the industrial plant introduced in 

Chapter 3 with an approach developed from the techniques discussed Chapter 4. 

5.1 Introduction 

 

To assess an industrial plant such as the Beneficiation Plant introduced in Chapter 3, 

there are multiple required steps. The important process and manipulated variables must 

firstly be identified. Once identified, these variables will form a time series dataset. The 

manipulated to process variable dynamics within the process will then be considered as 

a SISO system and will then have the SISO Harris Index Control Performance 

Assessment applied to them. 

The SISO Harris Index Control Performance Assessment introduced in Chapter 4, can 

be summarised into the following steps: 

1. Estimate the process dead time (eg. Lynch and Dumont, 1996) 

2. Identify the closed loop model relating process output 𝑦 to noise 𝑤. This model 

can be ARMA (Harris, 1989) or other types of time-series models. The 
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identification of this time series model does not require plant testing, but care 

must be taken when selecting the data. 

3. Estimate the minimum variance 𝜎𝑀𝑉
2  from  

𝑣𝑎𝑟{𝑦(𝑘)} ≥ 𝑣𝑎𝑟{𝐹𝑤(𝑘)} = (1 + 𝑓1
2 +⋯+ 𝑓𝑑−1

2 )𝜎𝑤
2 ≡ 𝜎𝑀𝑉

2  

4. Estimate the actual control error variance 𝜎𝑦
2 from the time series data. 

5. Compare 𝜎𝑀𝑉
2  with 𝜎𝑦

2 to create the index and see how far the actual 

performance is from the minimum variance performance. 

The time delay estimation is little addressed in the performance monitoring literature, 

but it is critical for estimating the minimum variance from the data. The identification of 

the time series model is a rather straightforward task. (Qin, 1998) 

5.2 STEP 1: Estimation of the Process Dead Time 

 

The Harris Index technique assumes a constant dead time within the calculation. This 

constant may vary with time, depending on the process under assessment. The typical 

constants for a nominated loop type are illustrated in Table 5-1.  

 

Loop Type Sampling interval (s) Dead time, b (s) 

Pressure 20 100 

Liquid Flow 10 30 

Temperature 60-120 360-600 

Steam or gas flow 60 300 

Level 20 100 

 

Table 5-1 Recommended Closed Loop Performance Assessment parameters for 

generic refinery loops. 

There is an opportunity to improve the Harris Index technique (Harris 1989). The Harris 

Index technique assumes a typical dead time within the calculation.  
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An automatic dead time estimation approach, representative of the process (control 

interactions) under assessment must be developed. The accuracy of the dead time 

estimate will influence the assessment accuracy of the Harris Index technique. The need 

to first identify the loop type will also not be necessary with direct, automatic dead time 

estimation, resulting in rapid formulation of the Harris Index result. 

5.2.1 Improving the Estimation of the Process Dead Time 

 

In a process, the measurable variables interact with each other through the dynamics of 

the process. By analyzing the correlation between them, we can identify the causality 

and validation. Moreover, when computing Pearson’s correlation, causes and effects can 

be recognized by introducing lags in a time series to find the maximum correlation. 

Controller

n

y

d

uer

-

Plant 

(object)

 

r    reference signal or set point 

e   loop feedback error 

Controller  a device that performs a control law (algorithm) 

d  process disturbance 

u   actuating signal or controller output 

Plant (object)   controlled process 

y   controlled variable or process output or process variable (PV) 

n   instrument error or feedback loop disturbance 

 

Figure 5-1 Single Input Single Output System with Closed Loop Control 

 

Considering the process in Figure 5-1, the process dead time, 𝜑𝑝, is the delay of the 

dynamics between input (u) and the output (y) (illustrated in Figure 5-4(c)).  
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To achieve a Minimum Variance Control benchmark the estimated process dead time, 

𝜑𝑒, must be representative of the process dead time, 𝜑𝑝, of the operating industrial 

process (illustrated in Figure 5-2). This section establishes a paradigm to calculate an 

estimated process dead time, 𝜑𝑒, representative of the operating process dead time, 𝜑𝑝, 

from closed loop process data. 

 

Input   𝑢 + 𝑑 (in Figure 5-1) 

Output  𝑦 (in Figure 5-1) 

 

Figure 5-2 Process Dead Time, 𝝋𝒑, for a Time Invariant SISO System 

In a mathematical context, the cross-correlation technique simply provides the 

correlation values for a range of lags. The estimated process dead time, 𝜑𝑒, is 

determined by the cross-correlation method defined in Equation (5.1). 

 

𝜑𝑒 = 𝑢 ⋆ 𝑦 = 𝑢(−𝑡) × 𝑦(𝑡)        (5-1) 

where: 

Process Dead Time 𝜑𝑝 
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𝑢 actuating signal or controller output 

𝑦 controlled variable or process output 

𝑢(−𝑡) complex conjugate of 𝒖(−𝒕) 

 

The modified cross-correlation technique (paradigm) calculates the dominant dead time 

(delay) between two data points (𝑢, 𝑦). The cross-correlation estimates the degree to 

which 𝑢 and 𝑦 are correlated over a range of lags. In this research the dominant dead 

time (lag) characteristic is viewed (interpreted) as the estimated process dead time, 𝜑𝑒, 

of the operating industrial process (SISO). 

The Harris Index Process Dead Time Estimator paradigm is defined in Figure 5-3. The 

paradigm consists of three elements, the detrending algorithm, the cross-correlation and 

cyclic adjustment module.  

 

Figure 5-3 Harris Index Process Dead Time Estimator Paradigm 
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The detrending feature removes any trend characteristics from the dataset, focusing on 

the fluctuations in data. The linear detrend calculation selected within this paradigm 

removes linear increase or decreases in the data.  

The correction calculation removes the time constant influence from cross-correlation 

output. The correction calculation is given as: 

𝝋𝒆 =
𝒍𝒂𝒈

𝟎.𝟑 ×𝑻𝑪
                  (5-2) 

where the 𝒍𝒂𝒈 is the maximum lag identified by the cross-correlation algorithm and TC 

is the actual time constant of the process. 

To ensure the robustness of this paradigm to various operating industrial processes, 

disturbance, 𝑑, added to the controller output (𝑢) and process output (𝑦) must be 

considered. An example introduces Gaussian noise (illustrated in Figure 5-4) to the 

controller output signal (𝑢). 

The aim of this open loop example is to illustrate the Harris Index Process Dead Time 

Estimator paradigm calculating the estimated process dead time, 𝝋𝒆, from an open loop 

process data set. The simulated industrial process in this example has a dead time 

characteristic of 4 time samples (minutes) with no time-constant dynamic. An input 

time invariant sequence 𝑢(𝑡) is considered (Figure 5-4 (a)). The disturbance 

characteristic, 𝑑, is an additive Gaussian noise model. Figure 5-4 (b) illustrates the 

addition of the disturbance (𝑑(𝑡)) to the input sequence (𝑢(𝑡)), defined as 𝑢(𝑡) + 𝑑(𝑡). 

Figure 5-4 (c) illustrates the response of the process to the input sequence in the 

presence of the process dead time. 

The Harris Index Process Dead Time Estimator (illustrated in Figure 5-3) with the 

process input sequence (𝑢(𝑡) + 𝑑(𝑡)) and the process output sequence 𝑦(𝑡) calculates 

the estimated process dead time, 𝜑𝑒, as 4 dead time units (process dead time is 4 

minutes) illustrated in Figure 5-5. 
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(a) 

 

(b) 



Chapter 5 Industrial Plant Control Performance Assessment of the Desired Operating Point [Assessment of 

the Plant’s Existing Performance] 

 

76 

 

(c) 

Figure 5-4 Process Dynamics – Input (MV) / Output (PV) sequence 

 

Figure 5-5 The process dead time component of the ‘closed loop’ in samples, is 4 

lags 

 

Implementation of the paradigm to various operating industrial processes requires 

further investigation to understand the accuracy and robustness of this calculation. The 



Chapter 5 Industrial Plant Control Performance Assessment of the Desired Operating Point [Assessment of 

the Plant’s Existing Performance] 

 

     77 

effect of the time-constant within the process, will corrupt the dead-time estimation, 

potentially leading to the identification of the estimated process dead time, 𝜑𝑒, 

challenging. 

5.2.2 Dead Time Estimation with Control Instability 

 

The maintenance of physical equipment within the industrial plant is critical to the 

reliability of the operation. Maintenance of the control schemes within the plant are also 

as important. Control schemes are tuned and configured based on the operating and 

equipment conditions of the plant at the time. As the plant operating conditions change, 

varying feed types and degradation of plant equipment such as valve wear, control 

schemes and processes may become unstable or oscillatory.  

This section explores the challenges of estimating the dead time, when the process 

under closed-loop control and the control scheme and process exhibit oscillatory and 

marginally unstable characteristics. The investigation adopts a control system structure 

illustrated in Figure 5-6.  

 

r(s)   Reference Signal (set point) 

uc(s)  Controller Output (manipulated variable) 

u(s)  Actuator Output to Process 

y(s)  Process Output 

x(s)  Process Variable 

ds(s)  Supply (input) disturbance (through material and energy input flows) 

dL(s)  Loading disturbances on the process, often caused by downstream process demands 

n(s)    The noise on the measured variables 

Figure 5-6 Basic Control Structure with Disturbance Elements 
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A controller (𝐺𝑐(𝑠)) has been configured and tuned to control the process (𝐺(𝑠)). The 

initial configuration incorporates no disturbances, therefore 𝑑𝑠(𝑠), 𝑑𝐿(𝑠) and 𝑛(𝑠) are 

zero (0). The performance of the controller output (u) (blue line) and the process output 

(y) (green line) are illustrated in Figure 5-7. The process output (y) exhibits a non-

minimum phase response phenomenon however this does not influence the accuracy of 

the result. 

 

Figure 5-7 Closed Loop Response Dead Time 10mins TC-5mins Noise 0 

The ability to estimate the dead time is illustrated in Figure 5-8. The Harris Index Dead 

Time Estimator paradigm was performed on the process (𝐺(𝑠)) illustrated in Figure 5-7 

by the process output (𝑦) (actual dead time of 10 minutes). The calculated dead time 

(estimation) result is 9 minutes illustrated in Figure 5-8. The estimation error of 1 

minute is a result of the presence of a time constant of 5 minutes. 

The investigation now focuses on the influence of disturbances on the stability of the 

process and importantly the estimation of the dead time with the existence of 

oscillations and marginal stability characteristics. This investigation maintains constant 

values for the controller tuning parameters (Proportional Integral Derivative (PID) 

values will remain constant). The FOPDT process characteristics (𝐺(𝑠)) will also 

remain constant (Dead time of 10 minutes and Time Constant (TC) of 5 minutes). The 

disturbance value, shown in Figure 5-6 as 𝐷𝑠(𝑠), will be changed to represent changes 

in the process resulting from equipment performance degradation or process 

characteristic changes such as changes in feed ore type. 
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where 𝑟 = 0.66 and 𝜑𝑒 = 9 minutes 

Figure 5-8 Cross-correlation Results – Dead Time = 10mins Time Constant = 

5mins 𝑫𝒔(𝒔) = 0 

The injection location of the disturbance (Gaussian noise) is illustrated in the Figure 

5-6. With the injection of the Gaussian noise (𝐷𝑠(𝑠)) into the process the dead time 

constant identification becomes challenging using the cross-correlation technique. 

The constant noise amplitude of 1 was introduced to 𝐷𝑠(𝑠), with the controller and 

process parameters remaining constant as discussed. The time series result is illustrated 

in Figure 5-9. It can be observed that the controller output (𝑢) (blue line) is actively 

controlling the process (𝑦) (green line) (𝐺(𝑠)) in the presence of a disturbance (𝐷𝑠(𝑠)). 
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Figure 5-9 Closed Loop Response Dead Time 10mins TC-5mins Noise 1 

An estimation of the dead time is now conducted on this scenario to understand the 

impact of the disturbance on the ability to calculate the dead time. Figure 5-10 

illustrates the result of the cross-correlation of 𝑢 and 𝑦. 

 

where 𝑟 = 0.60 and 𝜑𝑒 = 11 minutes 

Figure 5-10 Cross-correlation Results – Dead Time = 10mins Time Constant = 

5mins 𝑫𝒔(𝒔) = 1 

The dead time estimation paradigm successfully estimates the actual process dead time 

of 10 minutes, calculating a process dead time of 10 minutes. The disturbance effects 

are increased in a stepped manner, 𝐷(𝑠) is increased from 1 to 10, then 20 and finally 
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30. The time series outputs detailing the controller output, 𝑢, and the process output, 𝑦 

are illustrated in Figure 5-11 to Figure 5-13. 

 

Figure 5-11 Closed Loop Response Dead Time 10mins TC-5mins Noise 10 

PID(P=0.2,I= 5.0,D= 0.0, HL=10.) 

 

Figure 5-12 Closed Loop Response Dead Time 10mins TC-5mins Noise 20 

PID(P=0.2,I= 5.0,D= 0.0, HL=10.) 
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Figure 5-13 Closed Loop Response Dead Time 10mins TC-5mins Noise 30 

PID(P=0.2,I= 5.0,D= 0.0, HL=10.) 

Calculating the estimation of the actual process dead times of the scenarios illustrated in 

Figure 5-11 to Figure 5-13, results in the estimated dead times in Table 5-2. 

 

Noise (D(s)) 

Amplitude 
Estimated Dead Time Estimation Error                                                                                                            

(Actual Process Dead Time – Estimated Process Dead Time) 

1 10 minutes 0 minutes 

10 7 minutes - 3 minutes 

20 25 minutes + 15 minutes 

30 11 minutes + 1 minutes 

Table 5-2 Estimated Dead Time Comparison 

Modifying the controller configuration does lead to the ability of the dead time 

estimation paradigm to calculate the dead time of the process. The controller 

configuration was changed from P = 0.2, I = 5.0, D = 0.0 to P = 0.5, I = 25.0, D = 0.0 

while also increasing the high limit of the controller output, 𝑢, from 10 to 30. The 

increase in the high limit of the controller output is to avoid any saturation events that 

may influence the result. The time series performance of the modified controller 

performance is illustrated in Figure 5-14. 
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Figure 5-14 Closed Loop Response Dead Time 10mins TC-5mins Noise 20 (Tuned 

Controller PID(P=0.5,I= 25.0,D= 0.0, HL=30.)) 

 

The cross-correlation was then calculated with the controller output, 𝑢 and the process 

output, 𝑦. The calculated estimated dead time, 𝜑𝑒, is 1 minute, which is not 

representative of the actual process dead time of 10 minutes. The cross-correlation is 

illustrated in Figure 5-15. The remaining sections will address this deficiency in the 

dead time estimation technique in the presence of control instability. The cyclic 

adjustment technique is proposed, which pre-conditions the dataset (𝑢, 𝑦) before 

applying the detrending and cross-correlation algorithms. 
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where 𝑟 = 0.24 and 𝜑𝑒 = 1 minutes 

Figure 5-15 Closed Loop Dead Time 10mins TC-5mins Noise 20 (Tuned 

Controller) 

5.2.3 Cyclic Adjustment – Modelling Approach 

 

This research introduces a method to adjust for controller and process oscillations, 

improving the accuracy of the dead time estimation algorithm. Figure 5-11 to Figure 

5-14 show that for a constant PID tuning set, increasing the noise within the loop 

degrades the control performance, introducing instability. This problem is common 

within an industrial plant. The increase in noise simulated, represents instrumentation 

noise or equipment performance issues such as the inability of a control valve to 

maintain a desired position. Table 5-2 shows that in the presence of control instability, 

the estimation of the process dead time is challenging. This section proposes an 

algorithm to accurately estimate the process dead time in the presence of control 

instability. The algorithm is represented in Figure 5-16. 
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Figure 5-16 Cyclic Model Adjustment Algorithm 

The approach is to fit a periodic regression model to the dataset (𝑢 and 𝑦). The 

oscillation is modelled, then subtracted from the observations (𝑢 and 𝑦). 

The dominant oscillatory component in the given time series is assumed to be a sine 

wave with a fixed period and amplitude. This can be approximated using a curve-fitting 

method in the time domain over a short period of data only such as 1000 samples of 1 

second intervals. 

A dataset can be constructed with the time index of the sine wave as an input, or x-axis, 

and the observation as the output, or y-axis. 

Once the dataset is prepared, a fit function with the x-axis values (time units), y-axis 

values (observations), and the order of the polynomial. The order controls the number of 

terms, and in turn the complexity of the curve used to fit the data. 

Ideally, the curve that describes the oscillatory nature of the dataset will suit. The 

resulting model takes the form in Equation (5-3). 

The resulting model takes the form: 

𝑦 = 𝑥50𝛽1 + 𝑥
49𝛽2 + 𝑥

48𝛽3 +⋯+ 𝛽51        (5-3) 

where 𝑦 is the fitted value, x is the time index (minutes), and β1 to β50 are the 

coefficients found by a least-squares curve-fitting algorithm. 

Applying the algorithm fits the curve, estimates the value for time step in the dataset, 

and plots the resulting oscillatory model (red) over the top of the original dataset (green 

line). The cyclic adjusted dataset is also depicted (blue line). The data presented in 

Figure 5-17 provides an illustration of the expected results in the time domain. An 
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application will be discussed that is specific to the problems illustrated in Figure 5-11 to 

Figure 5-14. 

 

Figure 5-17 Cyclic Modelling Fitting of a Process Variable 

5.2.4 Dead Time Estimation with Cyclic Adjustment 

 

The Cyclic Model Adjustment Algorithm has been introduced and applied to an 

example time series dataset. This section tests whether the dead time estimation is 

improved by application of the algorithm improving the dead time estimation result 

with control instability. Figure 5-18 illustrates a closed loop first order process with a 

time constant of 5 minutes and a dead time of 10 minutes. The controller controlling 

this process has a PID algorithm structure with a tuning set of P = 0.2, I = 5.0 and D = 

0.0. The controller at approximately time 800 minutes experiences saturation events due 

to the high limit setting of the controller output (u) of 10.0.   
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Figure 5-18 Closed Loop Response Dead Time 10mins TC-5mins Noise 20 

PID(P=0.2,I= 5.0,D= 0.0, HL=10.) 

When applying the cross-correlation technique to the process and controller time series 

dataset illustrated in Figure 5-18, it resulted in an inaccurate estimation of the dead 

time. The dead time estimated was 25 minutes as illustrated in Figure 5-19. 

 

where 𝑟 = 0.83 and 𝜑𝑒 = 25 minutes 

Figure 5-19 Cross-correlation Results - Oscillating Process and Controller 

To address the inaccuarcies of the dead time estimation, the modelling cyclic 

adjustment technique will be applied to the process (y) and controller (u) datasets. The 
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results of applying a least-squares polynominal model to the process and controller 

datasets is illustrated in Figure 5-20 and Figure 5-21. 

The term pre-conditioned refers to the original dataset (𝑢 or 𝑦) with the fitted 

polynominal subtracted, depicted in blue in Figure 5-20 and Figure 5-21. 

 

Figure 5-20 Controller (u) dataset (Pre-conditioned) 

 

Figure 5-21 Process (y) dataset (Pre-conditioned) 
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Figure 5-22 illustrates the comparison between the raw (original) dataset and the pre-

conditioned dataset. Oscillation characteristics are still evident, which can be further 

reduced by an increase in modelling accouracy. 

 

Figure 5-22 Pre-conditioned / Raw Datasets 

Now the pre-conditioned datasets have been calculated, the cross-correlation technique 

is now applied to determine if there has been an improvement in dead time estimation of 

the process. 
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where 𝑟 = −0.70 and 𝜑𝑒 = 10 minutes 

Figure 5-23 Cyclic Adjustment Cross-correlation Results - Oscillating Loop 

Figure 5-23 illustrates that the accuracy of the dead time estimation paradigm has 

improved from the initial estimate of 25 minutes to 10 minutes, which is now a true 

representation of the process dead time illustrated in Figure 5-18. An additional 

illustration of the cross-correlation result with a maximum lag of 10 minutes is depicted 

in Figure 5-24. 

 

Figure 5-24 Cyclic Adjustment Cross-correlation [Re-scaled] - Oscillating Loop 
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The estimated process dead times for the nominated process variables to be used in Step 

3 of the Harris Index Assessment is given in Table 5-3. 

 

Loop Type Sampling interval (secs) Dead time, b (secs) 

Classification Point (d50) 5 1 

Cyclone Feed Flow (FT_1202) 5 10 

Cyclone Feed Density (DT_1202) 5 25 

Recycle Feed Flow (FT_1352) 5 10 

Table 5-3 Estimated Process Dead Time of Process Variables with the Industrial 

Plant 

5.3 STEP 2: Estimation of Minimum Variance Performance 

The process variables selected for the performance assessment are the Classification 

Point (d50), the Cyclone Feed Flow (FT_1202), the Cyclone Feed Density (DT_1202) 

and the Recycle Feed Flow (FT_1352). Using the estimated dead time will improve the 

accuracy of the Harris Index assessment. The Harris Index relies on the accuracy of the 

modelling technique adopted, to calculate an accurate representation of the control 

performance. The results of the Harris Index control assessment with varying time 

series modelling techniques will be illustrated. The time series modelling technique 

adopted will also depend on the process characteristics to be assessed. The process 

characteristics will be a time invariant representation of an industrial application.  

Desborough and Harris (1992) state that the actual model used to fit the closed loop 

output data is not important, so long as it adequately fits the data and that an estimate d-

step ahead (process dead time estimation) of the forecast error. The model selected here 

is an AR model. Illustrations of the prediction accuracy of the process variables 

assessed is given in Figure 5-25 – Figure 5-28. The error of the predicted component 

(the modelled time series characteristic) and the actual time series characteristic is also 

depicted within each figure. The actual time series PV error from setpoint is labelled, 

“Original Error”, the modelled times series with the predicted process dead time is 
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labelled “Predictable Part” and the error between the original error and the predictable 

part is labelled “Estimated MVC Error”. 

 

 

Figure 5-25 d50 Classification Performance Model and MVC Error 

 

Figure 5-26 Cyclone Feed Flow Performance Model and MVC Error 
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Figure 5-27 Cyclone Feed Density Performance Model and MVC Error 

 

Figure 5-28 Recycle Feed Flow Performance Model and MVC Error 
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5.4 STEP 3: Estimation of the Overall Performance Index 

(Harris Index) 𝑅2 

 

The SISO Harris Index control performance assessment was firstly conducted on the 

d50 (Figure 5-25) to calculate the current performance score and to understand potential 

improvement margins. The improvement margins are calculated by the Achievable 

Variability Reduction Ratio (AVRR) and the MVC Achievable Standard Deviation 

(MASD). The descriptions of these calculations are given in Table 5-4 to Table 5-7.  

The d50 Classification Harris Index Control Performance Assessment results are 

illustrated in Table 5-4. 

 

Assessment Description Result Result Description 

Harris Index (𝑅2) 0.78 0.0 is approaching MVC performance / 1.0 is poor 

AVRR 0.46 MVC Standard Deviation / Original Standard Deviation 

MASD 9.5 The original MASD was 20.0 

Table 5-4 d50 Control Performance Assessment Results Matrix 

There are both throughput and yield improvements obtainable from improved cyclone 

cut-size control.  Figure 3-5 (a) illustrates that in some periods the d50 is almost 50% 

higher than in others, potentially resulting in additional “product” being sent to the 

tailings stream, resulting in a reduction in the plant’s yield.  The AVRR shows that there 

is an achievable PV standard deviation of 46%. Of greater concern is the variation to 

d50 significantly finer than the nominal d50.  During these periods, a larger proportion 

of the fines (tails) will be redirected to the classifiers, increasing the solids mass flow 

through the unit.  Operation of the classifiers with too much fine material could 

overload them further.  Given that the classifiers represent one of the main bottlenecks 

of the plant operation, minimising such excursions of the cyclone d50 would help 

increase the plant capacity. 
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A cyclone feed control scheme could easily calculate the optimal flow for any plant feed 

rate to maintain a consistent cyclone cut size (within flow and density operating 

constraints). 

The Cyclone Feed Flow Harris Index Control Performance Assessment results are 

illustrated in Table 5-5. 

 

Assessment Description Result Result Description 

Harris Index (𝑅2) 0.77 0.0 is approaching MVC performance / 1.0 is poor 

AVRR 0.48 MVC Standard Deviation / Original Standard Deviation 

MASD 2e+02 The original MASD was 4.2e+02 

Table 5-5 FT1202 Control Performance Assessment Results Matrix 

The Cyclone Feed Flow Harris Index assessment results (illustrated in Table 5-5) also 

demonstrates capability for control performance improvement. AVRR shows that a 

potential of 48% reduction in PV standard deviation is achievable. 

The Cyclone Feed Density Harris Index Control Performance Assessment results are 

illustrated in Table 5-6. 

 

Assessment Description Result Result Description 

Harris Index (𝑅2) 1.00 0.0 is approaching MVC performance / 1.0 is poor 

AVRR 0.01 MVC Standard Deviation / Original Standard Deviation 

MASD 0.00091 The original MASD was 0.076 

Table 5-6 DT1202 Control Performance Assessment Results Matrix 

The Cyclone Feed Density Harris Index assessment results, however illustrate that there 

is minimum opportunity for improvement of the control performance as the AVRR is 

1%. 

The Recycle Feed Flow Harris Index Control Performance Assessment results are 

illustrated in Table 5-7. 
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Assessment Description Result Result Description 

Harris Index (𝑅2) 0.75 0.0 is approaching MVC performance / 1.0 is poor 

AVRR 0.50 MVC Standard Deviation / Original Standard Deviation 

MASD 76 The original MASD was 1.5e+02 

Table 5-7 FT1352 Control Performance Assessment Results Matrix 

The Recycle Feed Flow Harris Index assessment results show that the opportunity to 

reduction the PV standard deviation by 50%. The variability reduction of the Recycle 

Feed Flow and the Cyclone Feed Flow, coupling with the Cyclone Feed Density 

performance will increase the overall performance of the industrial plant. 

5.5 Computational Effort  

 

The computational complexity of the estimation can be illustrated as the resources 

needed by the computer and the number of datapoints required for an accurate 

representation of the performance of the control scheme. The resources are defined as 

time units in real-time, required storage capacity of the computer memory and 

computational processing capability measured in gigahertz per core.  

The number of data points for each Harris Index Assessment was 65536 points (single 

process variable). The total number of process variables assessed was 13, resulting in 

851968 total data points. The resources allocated for this computational effort was an 

Intel i7 2.70Ghz with an installed memory (RAM) capacity of 8.00GB. The time to 

execute a Harris Index Performance Assessment on each variable is approximately 0.9 

seconds. This results in a total time duration of 11.7 seconds for the nominated 13 

variables within this research.   
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5.6 Concluding Remarks 

 

Huang et. al. (1999) states that using minimum variance control (Harris Index 

Performance Assessment) as the benchmark does not mean that one has to implement 

such a controller on the actual process. This benchmark control may or may not be 

achievable in practice depending on process invertibility and other physical constraints 

on the processes. However, as a benchmark, it provides useful information such as how 

good the current controller performance is compared to the minimum variance 

controller and how much “potential” there is to improve controller performance further. 

If the controller indicates good performance measure relative to minimum variance 

control, further tuning or re-designing of the control algorithm is neither necessary nor 

helpful. In this case, if further reduction of process variation is desired, implementation 

of feedforward control or re-engineering of the process itself maybe necessary. On the 

other hand, if the controller indicates a poor performance measure, further analysis such 

as process identification and control strategy re-design may be necessary since the poor 

performance measure maybe due to constraints such as control action limits. 
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6 OCTOGRAPH – A METHODOLOGY FOR 

RETURNING THE INDUSTRIAL PLANT TO 

THE DESIRED OPERATING POINT 

The chapter will introduce the main contribution of the research. The methodology 

proposed will develop an automated representation of the control strategies with an 

industrial plant. The methodology then identifies deficiencies of the installed control 

strategies within the plant. A control strategy is then developed, to address the identified 

structural deficiencies.  

The methodology is proposed in a block diagram detailing each module to be discussed. 

Section 6.2 discusses the identification of critical process and manipulated variables 

within the industrial plant. Section 6.3, then presents a Directed Graph (DG), 

visualizing the relationship between each process variable. The influence of each 

process variable must then be understood. Capturing the causality between process 

variables will establish the relationships to be represented as a graphed industrial plant. 

The methodology will identify areas of the industrial plant that do not have automatic 

control. The relationship between the process variables will enable prototypical control 

structures to be developed. Identification of the potential loop tuning improvement has 

been achieved using the Harris Index Assessment discussed in Chapter 4 and the Harris 

Index Dead Time Estimator Algorithm proposed in Chapter 5. The implementation of 

this methodology and re-tuning of existing control loops will return the industrial plant 

to the desired operating point. 

6.1 Introduction 

 

The desire for production and yield performance increases is constant within the 

operating environment of an industrial processing plant. While the focus on 

performance increases are important, interruptions to the operating plant (production) 
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are generally not supported. This research has taken on several problems facing process 

control improvement activities within industry. The challenges are: (i) no disruption to 

production, including open-loop step testing; (ii) minimum instrumentation required; 

and (iii) in-field information availability. 

It is important for control engineers to have an efficient tool to monitor and assess 

whether the existing control system structure and performance enables the desired plant-

wide production performance. Monitoring and assessment of control performance 

should not disturb routine operation of the processes i.e, normal operating mode of the 

plant. And indeed, in 1994, Eriksson and Isaksson (1994), “in the short term, such a tool 

probably has to be a stand-alone unit with its own software that hooks on to and collects 

data straight from the input of the process computer; in the long term, such a function 

will be an integral part of any commercial control system”. 

When a control re-design is necessary a methodology must identify how the new control 

strategy must be structured. Within an industrial processing plant there are many 

challenges to improving the structure of the control strategy. Some of the challenges 

include the identification of the control structures, operating mode of the control 

(manual versus automatic) and the desired coupling of the process variables within the 

industrial plant to maximize production performance.  

For a methodology to successfully and rapidly propose a robust control strategy to 

return an industrial plant to the desired operating point, it should include: 

• Transportable across various processes / industrial plants and operating 

locations. 

• Scalable to achieve large control structure development. 

• Non-invasive to the process having no open loop investigations or disabling 

control interactions. 

• Able to identify areas for control strategy improvement within the industrial 

plant. 

• As automated as possible. 

The methodology depicted in Figure 6-1, aims to address all the challenges introduced. 

The methodology requires a time series dataset from the industrial plant field 

instrumentation. The dataset consists of process variables sampled, at a frequency 
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appropriate to the dynamics of all the variables. The critical process variables within the 

industrial plant will vary across applications. However, examples of typical process 

variables include flow, pressure, temperature, speed (such as disc filter rotation speed), 

valve position (which could also be considered as a manipulated variable – MV), tank 

level or tonnes transported per hour such as material on a conveyor belt (interpreted 

from a weightometer). 
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Figure 6-1 OCTOGRAPH – A Methodology for Returning the Industrial Plant to 

the Desired Operating Point  
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6.2 Plant Process Variables Identification 

 

The methodology uses time series data recorded from an industrial plant. The installed 

field instrumentation and recording (data logging) systems to obtain and store 

information will vary from industrial plant. The methodology is robust to varying 

hardware system configurations. The sampling frequency of the data point from the 

field instrumentation must be considered, to present a reliable and accurate 

representation of the process. Control loop execution times need to be considered if the 

sampling frequency increases. Dataset pollution (such as aliasing) will become relevant 

as the sampling frequency increases. To mitigate the potential effects of sampling 

frequency pollution the sampling frequency of five (5) seconds has been selected. The 

sampling interval allows for latency through the control system architecture layers. 

The full set of the process variables within the industrial plant will be extensive. The 

approach is to consider all field analogue instrumentation initially, as the methodology 

is intended to identify the ideal couplings and consequently the significant process 

variables for improvement.  
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Figure 6-2 An Industrial Plant - Bauxite Classification Process 
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The classification of the process and manipulated variables within the Industrial Plant 

are defined by analogue inputs (process variables) and manipulated analogue outputs 

(such as motor speed commands or demanded valve positions, to be known as 

manipulated variables). 

Plant Location Label Description PV / MV Units 

[5] A_PT_1320_P Cyclone Feed Pressure PV kPa 

[5] A_DT_1202_P Cyclone Feed Density PV SG 

[6] A_FT_1202_P Cyclone Feed Flow PV m3/h 

Tailings Tank A_FT_1680_P Tailings Tank Discharge Flow PV m3/h 

[8] A_FT_1352_P Recycle Discharge Flow PV m3/h 

Trommel Tank A_LT_1101_P Trommel Tank Level PV % 

Tailings Tank A_ATP03_VSD_SPDF_P Tailings Tank Discharge Pump1 Speed MV % 

Tailings Tank A_ATP04_VSD_SPDF_P Tailings Tank Discharge Pump 2 Speed MV % 

Tailings Tank A_LT_1670_P Tailings Tank Level PV % 

Recycle Tank A_LT_1351_P Recycle Tank Level PV % 

Trommel Tank A_VT_1203_P Trommel Tank Volumetric Level PV % 

[3] A_WIC1336_FWT_PV_P Classifier 6 Level PV % 

[3] A_WIC1335_FWT_PV_P Classifier 5 Level PV % 

[3] A_WIC1334_FWT_PV_P Classifier 4 Level PV % 

[3] A_WIC1333_FWT_PV_P Classifier 3 Level PV % 

[3] A_WIC1332_FWT_PV_P Classifier 2 Level PV % 

[3] A_WIC1331_FWT_PV_P Classifier 1 Level PV % 

Underflow Tanks A_ASUP03_VSD_SPDF_P Underflow Tank 3 Pump Speed MV % 

Underflow Tanks A_ASUP02_VSD_SPDF_P Underflow Tank 2 Pump Speed MV % 

Underflow Tanks A_ASUP01_VSD_SPDF_P Underflow Tank 1 Pump Speed MV % 

Underflow Tanks A_LT_1343_P Underflow Tank 3 Level PV % 

Underflow Tanks A_LT_1342_P Underflow Tank   Level PV % 

Underflow Tanks A_LT_1341_P Underflow Tank 1 Level PV % 

Product Belt A_AP01_WGT Product Belt Flowrate PV t/h 

Table 6-1 Node Allocation within the Industrial Plant 
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Returning to the Industrial Plant of Figure 6-2 the identified process (PV) and 

manipulated (MV) variables in Figure 6-2  are detailed in Table 6-1. 

6.3 Directed Graph (Digraph) modelling by process 

knowledge 

 

Process topology and cause / effect relationships have been modelled by several authors 

using multiple techniques. The causal relationships between variables can be described 

by causal graphs. Ligeza and Koscielny (2008) extend the causal graph technique to 

AND/OR causal graphs to describe logical causal relationships. 

Ligeza (1996), however highlights some challenges when restricting the area of focus to 

minimize the domain. The examples specifically mentioned relate to fault-diagnostic 

paths. Mosterman and Biswas (1999) further describe dynamic relationships between 

variables. The method proposed captures signatures of predicted paths. 

Levval (1994) introduced qualitative transfer functions, while Montmain and Gentil 

(2000) proposed differential equations to be integrated into causal graphs. Cheng (2011) 

improved the correctness of these approaches by introducing complicated algorithms. 

Pastor (2000), Alonso (2003), Fagarasan (2004) and Jan (2007) investigated comparable 

or improved approaches, all of which depend on mathematical models. Górny (2001) 

illustrates how to directly generate diagnostic models, from available Matlab/Simulink 

models. 

Iri et al. (1979) introduces the Signed Directed Graph (SDG) as a technique to present a 

qualitative graphical model to describe the topology and causality of industrial 

processes, including material flow and information flow paths. SDGs add signs to nodes 

and arcs including more information. SDGs aid in clarifying the internal relationships 

between variables and which of them are to be used to develop control strategy 

structures. 

Maurya et al. (2003a; 2003b; 2004) introduced the method of modeling SDGs on 

mathematical equations. The modeling of SDGs however can be achieved practically 

from process knowledge, readily available from a plant’s existing Piping and 



Chapter 6 OCTOGRAPH – A Methodology for Returning the Industrial Plant to the Desired Operating 

Point 

 

106 

Instrumentation Diagrams (P&IDs). Although a simple form of modeling, SDGs can 

capture precise process connectivity information from direct relationships between 

variables, based on causality. Fedai and Drath (2005), Yim et al. (2006) developed 

methods to capture the connectivity between variables within a PI&D. Whereas 

Thambirajah et al. (2009) utilised the Computer Aided Engineering Exchange (CAEX) 

as a standard format to extract the relevant information for modelling. Once the SDG 

has been developed, a validation effort with plant operating process data will be used to 

confirm the correctness of the model’s representation.  

Bauer et al. (2007) and Bauer and Thornhill (2008) proposed several pairwise causality 

methods based on process data, although developing a causal network or representing 

the topology only from data is challenging, if not impossible, unless process knowledge 

is introduced. When the scale of a process is large, Yang et al. (2012) illustrates that 

most of the data-based methods are essentially pattern recognition, which is difficult to 

be combined with knowledge-based or model-based methods. Moreover, using these 

data-based methods, one is likely to run into a lot of redundancy and errors. 

This subsection is structured, firstly to introduce the concept of a simple graph. 

Additional capability is then introduced, the Directed Graph (DG). The DG is then 

applied to a process unit, then expanded to model interactions between units. To then 

understand the interactions between process variables the causality is then introduced 

and applied. The control strategy to improve the process performance of the industrial 

plant, returning it to the desired operating point is then discussed. Directed Graph 

Traversal techniques are explored and then applied to the DG to identify the 

deficiencies in the existing control strategy. Process variable interrelationships are 

identified leading to recommendations to be implemented within the Industrial Plant. 

6.3.1 A Simple Graph (G) Description 

 

Deo (1974) defines a linear graph (or simply a graph) as 𝑮 = (𝑽,𝑬) consisting of a set 

of objects 𝑽 = {𝒗𝟏, 𝒗𝟐, … } called vertices, and another set 𝑬 = {𝒆𝟏, 𝒆𝟐, … }, whose 

elements are called edges, such that each edge 𝒆𝒌 is identified with an unordered pair 

(𝒗𝒊, 𝒗𝒋) of vertices. The vertices 𝒗𝒊, 𝒗𝒋 associated with edge 𝒆𝒌 are called the end 
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vertices of 𝒆𝒌. The most common representation of a graph is by means of a diagram, in 

which the vertices are represented as points and each edge as a line segment joining its 

end vertices. Often this diagram itself is referred to as a graph. The object shown in 

Figure 6-3, for example is a graph. 

Deo (1974) states that this definition permits an edge to be associated with a vertex pair 

(𝒗𝒊, 𝒗𝒋). Such an edge having the same vertex as both its end vertices is called a self-

loop. Edge 𝒆𝟑 in Figure 6-3 is a self-loop. Also note the definition allows more than one 

edge associated with a given pair of vertices, for example, edges 𝒆𝟓 and 𝒆𝟔 in Figure 

6-3. Such edges are referred to as parallel edges. 

 

Figure 6-3 A Graph with five vertices and seven edges. 

Deo (1974) defines a simple graph as a graph that has neither self-loops nor parallel 

edges. Deo re-enforces that when drawing a graph, it is immaterial whether the lines are 

drawn straight or curved, long or short: what is important is the incidence between the 

edges and vertices. For example, the two graphs drawn in Figure 6-4 (a) and (b) are the 

same, because incidence between edges and vertices is the same in both cases. 

  

(a) (b) 

Figure 6-4 Same Graph drawn differently. 
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6.3.2 A Directed Graph (DG) Description 

 

Deo (1974) defines a directed graph (or a digraph)  𝑮, consisting of a set of vertices 𝑽 =

{𝒗𝟏, 𝒗𝟐, … }, a set of edges 𝑬 = {𝒆𝟏, 𝒆𝟐, … }, and a mapping Ѱ that maps every edge onto 

an ordered pair of vertices (𝒗𝒊, 𝒗𝒋). For example, Figure 6-5 shows a digraph of the 

simple graph illustrated in Figure 6-3. A digraph is also referred to as an oriented graph. 

 

Figure 6-5 Directed graph with five vertices and seven edges 

In a digraph, Deo (1974) describes an edge is not only incident on a vertex but is also 

incident out of a vertex and incident into a vertex. The vertex 𝑣𝑖, which edge 𝑒𝑘 is 

incident out of, is called the initial vertex of 𝑒𝑘. The vertex 𝑣𝑗  , which 𝑒𝑘 incident into, 

is called the terminal vertex of 𝑒𝑘. In Figure 6-5, 𝑣5 is the initial vertex and 𝑣4 is the 

terminal vertex of edge 𝑒7. An edge for which the initial and terminal vertices are the 

same forms a self-loop, such as 𝑒5.  

The number of edges incident out of a vertex 𝑣𝑖 is called the out-degree (or out-valence 

or outward demidegree) of 𝑣𝑖 and is written 𝑑+(𝑣𝑖). The number of edges incident into 

𝑣𝑖 is called the in-degree (or in-valance or inward demidegree) of 𝑣𝑖 and is written as 

𝑑−(𝑣𝑖). In Figure 6-5, for example, 

𝑑+(𝑣1) = 3, 𝑑−(𝑣1) = 1,

𝑑+(𝑣2) = 1, 𝑑−(𝑣2) = 1,

𝑑+(𝑣5) = 4, 𝑑−(𝑣5) = 0.

 

It is not difficult to prove that in any digraph, 𝐺 the sum of all in-degrees is equal to the 

sum of all out-degrees, each sum being equal to the number of edges in 𝐺; that is, 

∑𝑑+(𝑣𝑖) =∑𝑑−(𝑣𝑖)

𝑛

𝑖=1

𝑛

𝑖=1
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An isolated vertex is a vertex in which the in-degree and the out-degree are both equal 

to zero. A vertex 𝑣 in a digraph is called pendant if it is of degree one, that is, if 

𝑑+(𝑣) + 𝑑−(𝑣) = 1. 

Two directed edges are said to be parallel if they are mapped onto the same ordered pair 

of vertices. That is, in addition to being parallel in the sense of undirected edges, 

parallel directed edges must also agree in the direction of their arrows (and initial and 

terminal vertices). In Figure 6-5, edges 𝑒8, 𝑒9, and 𝑒10 are parallel, whereas edges 𝑒2 

and 𝑒3 are not. 

Since many properties of directed graphs are the same as those of undirected ones, it is 

often convenient to disregard the orientations of edges in a digraph. Such an undirected 

graph obtained from directed graph 𝐷𝐺 will be called the undirected graph 

corresponding to 𝐺. 

Given an undirected graph 𝐻, we can assign each edge of 𝐻 some arbitrary direction. 

The resulting digraph, designated by �⃗⃗�  is called an orientation of 𝐻 (or a digraph 

associated with 𝐻). Note that while a given digraph has a unique (within isomorphism) 

undirected graph corresponding to it, a given undirected graph can have multiple 

orientations.  

6.4 Causality Capture Between Process Variables 

The DG will be used to capture and represent the structure of the dead times in the 

plant-wide process. This process dead time will be validated by the causality coefficient. 

Firstly, though a comparison of the Pearson’s and Spearman’s coefficients will be 

discussed. 

Hauke and Kossowski (2011) state that correlations between variables can be measured 

with the use of different indices (coefficients). Pearson’s coefficient (𝒓), Spearman’s 

rho coefficient (𝒓𝒔), and Kendall’s tau coefficient (τ) are well known methods. Kendall 

(1938), introduced a correlation coefficient that can be used as an alternative to 

Spearman’s rho for data in the form of ranks. It is a simple function of the minimum 

number of neighbour swaps needed to produce one ordering from another. The main 

advantages of using Kendall’s tau is that its distribution has slightly better statistical 
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properties, and that there is a direct interpretation of this statistics in terms of 

probabilities of observing concordant and discordant pairs. Spearman’s coefficient is 

computationally simpler than Kendall’s tau. Nowadays the calculation of Kendall’s τ 

poses no problem. Kendall’s τ is equivalent to Spearman’s rs in terms of the underlying 

assumptions, but they are not identical in magnitude, since their underlying logic and 

computational formulae are quite different.  

Hauke and Kossowski (2011) states that Kendall’s τ and Spearman’s 𝒓𝒔 imply different 

interpretations. Spearman’s 𝒓𝒔 is considered the same as the regular Pearson’s 

correlation coefficient in terms of the proportion of variability accounted for, whereas 

Kendall’s τ represents a probability, i.e., the difference between the probability that the 

observed data are in the same order versus the probability that the observed data are not 

in the same order.  

Spearman’s rank correlation coefficient is a nonparametric (distribution-free) rank 

statistic proposed as a measure of the strength of the association between two variables. 

It is a measure of a monotone association that is used when the distribution of data 

makes Pearson’s correlation coefficient undesirable or misleading. Spearman’s 

coefficient is not a measure of the linear relationship between two variables. It assesses 

how well an arbitrary monotonic function can describe the relationship between two 

variables, without making any assumptions about the frequency distribution of the 

variables. Unlike Pearson’s product-moment correlation coefficient, it does not require 

the assumption that the relationship between the variables is linear, nor does it require 

the variables to be measured on interval scales; it can be used for variables measured at 

the ordinal level. In principle, 𝒓𝒔 is simply a special case of Pearson’s product-moment 

coefficient in which the data are converted to ranks before calculating the coefficient. 

6.4.1 Calculating Causality from Closed Loop Plant Data 

 

Yang et, al. (2012) illustrates that in an industrial process, variables are interacting. By 

analyzing the cross-correlation between them, we can identify the causality (and an 

estimate of the process dead time). Although correlation does not imply causality, it can 

be used as a validation. Moreover, when computing Pearson’s correlation, causes and 
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effects can be recognized by introducing lags in a time series to find the maximum 

correlation value. 

Yang et, al. (2012) assumes that x and y are time series of n observations with means 𝜇𝑥 

and 𝜇𝑦 and standard deviations 𝜎𝑥 and 𝜎𝑦, respectively. Then the Cross-Correlation 

Function (CCF) with an assumed lag 𝑘 is 

𝜙𝑥𝑦 =
E[(𝑥𝑖 − 𝜇𝑥)(𝑦𝑖+𝑘 − 𝜇𝑦)]

𝜎𝑥𝜎𝑦
 

The expectation can be estimated by the sample CCF as: 

�̂�𝑥𝑦(𝑘) =

{
 
 

 
 
∑ (𝑥𝑖 − 𝜇𝑥)(𝑦𝑖+𝑘 − 𝜇𝑦)
𝑛−𝑘
𝑖=1

(𝑛 − 𝑘)𝜎𝑥𝜎𝑦
      if   𝑘 ≥ 0,

∑ (𝑥𝑖 − 𝜇𝑥)(𝑦𝑖+𝑘 − 𝜇𝑦)
𝑛
𝑖=1−𝑘

(𝑛 + 𝑘)𝜎𝑥𝜎𝑦
      if   𝑘 < 0.

 

The cross-correlation function coefficient (r) is used as the causal indicator and the 

corresponding lag as the estimated process dead time between these two variables. The 

two time-series datasets are computed with a nominal dead time between the two 

variables. The cross-correlation is calculated producing a correlation coefficient (r) and 

the corresponding lag. The nominal dead time is then increased by a defined step (in 

this application 1 dead time unit is applicable), and the cross-correlation is re-calculated.  

This is repeated, developing an array of correlation strengths with corresponding lags. 

The maximum correlation strength of the array is then assumed to indicate the estimated 

lag between the two time-series datasets. Experiments on the Industrial Plant illustrated 

in Chapter 3, led to a correlation strength cut-off threshold of ±0.7. Correlation 

coefficients above this threshold illustrate representative dead time estimations.   

Process characteristics such as a dominant time constant, noise or the number of 

samples within the sampled data window will affect the certainty of the estimation, so 

care should be taken when using this dead time estimation. 

In summary, the largest cross-correlation coefficient, along with the corresponding 

correlation lag provides an estimated time delay for each edge in the DG. Bauer and 

Thornhill (2008) uses this technique to develop a cause and effect map. Yang et al. 

(2012) however illustrates the following shortcomings of the cross-correlation technique 

for the purpose of causality as: 



Chapter 6 OCTOGRAPH – A Methodology for Returning the Industrial Plant to the Desired Operating 

Point 

 

112 

• The nonlinear causal relationship does not necessarily show up in correlation 

analysis. For example, if 𝑦 equals the square of 𝑥 with the time delay of one 

sampling time, then, based on the time-delayed cross-correlation, this obvious 

causality cannot be found because all the values are small relative to a threshold. 

This can be explained because the true correlation should be zero. 

• Correlation simply gives us an estimate of the dead time. The sign of the delay is 

an estimate of the directionality of the signal flow path, however with a priori 

knowledge of the flowsheet the directionality is already set. In addition, the 

trend of the dead time in a time series is ignored, and values at different time 

instances are regarded as samples of the same random event.  

Tangirala et al. (2005) constructed a visualization tool termed as the power spectral 

correlation map. The proposed colour map is based on a new measure defined as the 

power spectral correlation index, which is a non-centered correlation between the 

spectra of measurements. Yang et al. (2012) states that this is an intuitive way for 

human beings to observe correlation, especially for identification of similar groups of 

variables, so therefore we are going to use this approach in this thesis. 

Based on these correlations with directions, one can construct a causal network. 

Because the cross-correlation has the property of a transitive relation, some correlations 

can be explained by sequential direct causal relations. For example, the causality from 

vertices 𝐴 to 𝐶 can be a combined result of causal relations from 𝐴 to 𝐵 and from 𝐵 

to 𝐶. Pairwise data analysis cannot recognize this difference without process 

knowledge. In addition, other related variables can affect the correlation between two 

variables to lessen the intensity, which may interfere the analysis results. In any case, a 

correlation high enough, whether direct or indirect, should be explained by an arc or a 

path in the corresponding DG. This is a means of validating DGs which are based on 

cross-correlation. 

6.4.2 Calculating Causality from Transfer Entropy 

 

Information transfer is another method to determine the causal relation between 

variables. Schreiber (2000) defined a method to be known as transfer entropy. Transfer 
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entropy between y and x is defined in Equation (6-1) and Yang et al. (2012) describes as 

the measure of information transfer from y and x. 

𝑡(𝑥|𝑦) = ∑𝑝(𝑥𝑖+ℎ, x𝑖, y𝑖) ∙ log
𝑝(𝑥𝑖+ℎ|x𝑖, y𝑖)

𝑝(𝑥𝑖+ℎ|x𝑖)
      (6-1)     

where 𝑝 means the complete or conditional Probability Density Function (PDF), x𝑖  =

 [𝑥𝑖 , 𝑥𝑖−𝜏, . . . , 𝑥𝑖−(𝑘−1)−𝜏], y𝑖  = [𝑦𝑖, 𝑦𝑖−𝜏, . . . , 𝑦𝑖−(𝑘−1)−𝜏], 𝜏 is the sampling period, and ℎ 

is the prediction horizon.  

Silverman (1986) defines probability density function (PDF) estimation as the 

construction of an estimate of the density function from the observed data. Silverman 

(1986) discusses the application of non parametric estimation. Non parametric 

estimation requires less rigid assumptions to be made about the distribution of the 

observed data. Silverman reviews the published estimation techniques listing the non 

parametric density estimation techniques as:  the naive estimator introduced by Fix and 

Hodges (1951) in an unpublished report; Rosenblatt (1956), discussed both the naive 

estimator and the more general kernel estimator. Whittle (1958) formulated the general 

weight function class of estimators; while the orthogonal series estimator was 

introduced by Cencov (1962). The nearest neighbour estimate was first considered by 

Loftsgaarden and Quesenberry (1965), while the variable kernel method is due to 

Breiman, Meisel and Purcell (1977). The maximum penalized likelihood approach was 

first applied to density estimation by Good and Gaskins (1971). The reflection and 

replication techniques were introduced and illustrated by Boneva, Kendall and Stefanov 

(1971), while the transformation technique is discussed by Copas and Fryer (1980).  

This research will adopt the variable kernel method due to its robustness. The kernel 

estimator function is defined in Equation (6-2), with the PDF defined by Equation (6-3). 

𝐾(𝑣) =
1

√2𝜋
𝑒−

1

2
𝑣2

         (6-2) 

�̂�(𝒙) =
𝟏

𝒏𝒉
∑ 𝑲(

𝒙−𝒙𝒊

𝒉
)𝒏

𝒊=𝟏                             (6-3) 

where ℎ is the window width, also called the smoothing parameter or bandwidth by 

some authors and 𝑛 is the number of samples. A common method of computing an 

initial ℎ is proposed by Silverman (1986) defined in Equation (6-4). 
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𝒉 = (𝟒𝝅)−𝟏/𝟏𝟎[(𝟑 𝟖⁄ )𝝅−𝟏/𝟐]
−𝟏/𝟓

𝝈𝒏−𝟏/𝟓 ≈ 𝟏. 𝟎𝟔𝝈𝒏−𝟏/𝟓     (6-4) 

This is known as the “normal reference rule-of-thumb” approach since it is the optimal 

bandwidth for a particular family of statistical distributions, in this case the normal 

family. 

Yang et al. (2012) proposes for the multivariate case (𝑞 dimensional), that the 

estimation of PDF is: 

�̂�(𝑥1, 𝑥2, … , 𝑥𝑞) =
1

𝑁ℎ1…ℎ𝑞
∙∑𝐾 (

𝑥1 − 𝑥𝑖1
ℎ1

)…𝐾 (
𝑥𝑞 − 𝑥𝑖𝑞

ℎ𝑞
)

𝑁

𝑖=1

 

where 

ℎ𝑠 = 𝑐�̇�(𝑥𝑖𝑠)𝑖=1
𝑁 ∙ 𝑁−1/(4+𝑞) 

for 𝑠 =  1, . . . , 𝑞, and the notation is the same as the univariate case. 

Yang et al. (2012) states that transfer entropy shows the information transfer in each 

direction. Thus this method provides more insight into causality for complex systems 

especially for the case with recycles. 

In summary, this method is general when compared to the cross-correlation approach. 

The transfer entropy can reveal the essential relationship without a clearly expressed lag 

component. When applying the Transfer Entropy method, the process dead time (lag) 

cannot be estimated. This estimation deficiency prevents the arc signs and the weights 

in the DG to be established. Lungarella et al. (2007) details alternative methods to 

capture the causality between time series such as Granger causality and predictability 

improvement. 

The transfer entropy has advantages and disadvantages, however when paired with the 

cross-correlation method, the process characteristic insights are increased. It has been 

discussed within this chapter, that neither the transfer entropy nor cross-correlation 

methods can be used independently to produce a more accurate result than the 

combination of both methods. 
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6.5 Directed Graph Traversal 

 

To discover the installed control strategies within a process unit and importantly the 

interconnected processes, the process unit must be modelled. The interconnection of the 

process units of the industrial plant are derived. Once established the directed 

characteristic of the graphed industrial plant illustrates the process and control flow 

throughout the process. When traversing the directed graph, the process coupled with 

the control signal direction should be continuous. When not continuous a deficiency in 

the control strategy is identified.   

6.5.1 Process Unit Modelling by Directed Graph (DG) 

 

The Directed Graph (DG) and the validation method of causality (cross-correlation 

combined with transfer entropy), have been introduced. The application to a process 

unit within an industrial plant is now discussed. 

Yang et al. (2012) states for a single unit, several physical quantities reflect the 

characteristics of the process. The following three types of relationships between these 

variables can be described as Differential and Algebraic Equations (DAEs): DEs, which 

reflect dynamic causal relationships (Type I), AEs with causal meaning, which include 

driving force equations, functional relationships, and other algebraic equalities (Type 

II), and AEs with no causal relationships (Type III) (Yang et al., 2010b). For the first 

two types, Maurya et al. (2003a) summarized the modeling methods. Oyeleye and 

Kramer (1988) state that the third type can be used as redundant constraints to remove 

irrelevant solutions. 

Based on these methods, a DG of a plant can be obtained from qualitative knowledge 

instead of Differential Algebraic Equations. For example, consider a classification 

process including two tanks and a hydrocyclone cluster as shown in Figure 6-6 (which 

is a process area of the proposed industrial plant used within this research), where 𝐿1  

and 𝐿2 are the level in Recycle Tank and Trommel Tank (respectively), 𝐾1 and 𝐾2 are 

the pump speeds in the discharge section of pipe from the corresponding tank, 𝐹1 and 𝐹2 
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are inlet flowrates to the Trommel Tank. The Differential Algebraic Equations for the 

given process are as follows: 

𝑨
𝒅𝑳𝟏
𝒅𝒕

= (𝑭𝟏 + 𝑭𝟐) − 𝑭𝟑, (6-5) 

𝐹3 = 𝐾2 (6-6) 

𝐹2 = 𝐾1 (6-7) 

𝐾1 = 𝛽𝜙 (6-8) 

𝐾2 = 𝛼𝐿2, (6-9) 

𝑑50 =
𝑎𝐷𝑐

𝑏𝐷𝑖
𝑐𝐷𝑜

𝑑𝑒(6.3𝜙)

𝐷𝑢
𝑓
ℎ𝑔𝐹3(𝜌𝑠−𝜌𝑓)

0.5
  (6-10) 

 

where A is the cross-sectional area of the Trommel Tank and 𝛼 and 𝛽 are the 

proportional coefficient of the control law.  𝜙 represents Cyclone Feed Density 

(measured in percent solids) and d50 is the classification point of the hydrocyclone 

configuration. From these DAEs, a DG can be built as shown in Figure 6-7, where 

Figure 6-7(a) is obtained from Eqn. (6-1) (Type I), Figure 6-7 (b) and (c) from Eqns. (6-

2) to (6-5) (Type II), and Figure 6-7 (d) is a combination of them. This DG can also be 

obtained from process knowledge that a tank’s level is determined by the inlet and 

outlet flow rates and the outlet flow rate is affected by the level and the valve position. 

 

Figure 6-6 Scheme of a Classification Circuit 
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The interpretation of Eqn. (6-5) – (6-10) result in the following Directed Graph 

representations. 

 

  

(a) (b) (c) 

 

(d) 

 

Figure 6-7 Directed Graph Representation of the Classification Circuit 

The presence of a feedback controller is represented by a solid line arc as illustrated by 

the interconnection between 𝐿𝑥 to 𝐾𝑥. The dotted line arc designates a process 

relationship or manual control action (Control Room Operators manually manipulating 

process variable setpoints) as illustrated by the interconnection between 𝐹3 and 𝑑50. 

The modelling should be representative although the fidelity of the model is not 

important in determining the graphed representation of the plant. In the process 

industry, standard units, such as tanks and classification vessels, could be modeled and 

saved as templates or modules for reuse. One can build DGs for special units by using 

the qualitative information obtained from process knowledge as well as first-principles 

or mathematical models. When all the process units are modeled, they should be 

connected according to the plant process flowsheet. 
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6.5.2 Plant-Wide Modelling by Directed Graph 

 

The industrial plant is an interconnection of process areas. The interconnection of these 

units incorporates signal and material flows. Upon establishing the interconnections of 

the variables within a process area, edges and arcs can now present the transportation 

paths between process areas. Yang et, al. (2012) states that the directions of arcs should 

be consistent with the transportation paths. The arcs should be connected to 

corresponding variables in different units. Yang’s research uses the process flow 

diagram illustrated in Figure 3-2. The abstract nature of the diagram is purposeful, as 

Process and Instrumentation Diagrams (P&IDs) are not readily available. Yang et al. 

(2012) suggests that an efficient way of deriving these transportations is via P&IDs (if 

available) in which both material flow and information flow (control signal) are shown. 

DGs can be built by unfolding the units in P&IDs as unit DGs and connecting them 

according to process and signal flow directions. The ability of DGs to illustrate the 

connectivity and topology between process areas within an Industrial Plant allows the 

graph to be traversed by the nominated algorithm. This traversal and identification of 

the Hamiltonian path will prove to be the ideal control strategy structure.  

6.5.3 Directed Graph Traversal 

 

Deo (2017) defines a walk as a finite alternating sequence of vertices and edges, 

beginning and ending with vertices, such that each edge is incident with the vertices 

preceding and following it. No edge appears more than once in a walk. A vertex, 

however may appear more than once. In Figure 6-8 (a), for example, 

𝑣1 𝑎 𝑣2 𝑏 𝑣3 𝑐 𝑣3 𝑑 𝑣4 𝑒 𝑣2 is a walk shown with heavy lines. A walk is also referred to 

as an edge train or a chain. The set of vertices and edges constituting a given walk in a 

graph 𝐺 is clearly a subgraph of 𝐺. 
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(a) An Open Walk (b) A Path of Length Three 

Figure 6-8 A walk and a path 

Deo (1974) defines a Hamiltonian path (or traceable path) in a graph 𝐺 that traverses 

every vertex of 𝐺. Determining such paths within the graph is classified as NP-

complete. An example of a Hamiltonian Path is illustrated in Figure 6-9.  

 

Figure 6-9 A Hamiltonian Path 

When applying the Hamiltonian path algorithm to the Directed Graph presented in 

Figure 6-7(d), the path does not resolve as illustrated in Figure 6-10. The cause of this 

fault is the inability to traverse past the 𝑑50 node, due to the direction of the 

information from ϕ. This fault will prove, in the implementation (Chapter 7), to be the 

actual control strategy deficiency to resolve, which once addressed will return the 

industrial plant to the desired operating point. 
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Figure 6-10 Digraph Hamiltonian Path Fault 

6.6 Concluding Remarks 

 

The initial components of the methodology to return the industrial plant to the desired 

operating point has been introduced. The methodology has the capability to model the 

structure the industrial process areas with only process knowledge, constructing a 

Directed Graph (DG). With the DG, a directed graph traversal algorithm is introduced, 

to establish the Hamiltonian path between each process variable (or node).   
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7 INDUSTRIAL PLANT CASE STUDY 

The chapter is structured to firstly derive a model of the industrial plant by developing a 

DG based on the interconnection between process areas. A directed graph traversal 

approach will then be applied to the DG establishing the Hamiltonian path. The shortest 

path result will illustrate the ideal control strategy structure for the plant. The existing 

installed control strategy will be compared to the ideal to identify areas for control 

improvement.  

7.1 Introduction 

 

The methodology illustrated in Chapter 6 identifies the process and manipulated 

variable interconnections including the control influences within an industrial plant. 

This chapter will apply the output of the methodology against the actual installed and 

operating control loops within the industrial plant. This application exercise is to build 

confidence. The paradigm will automatically discover the control strategies, pairs the 

variables correctly to aid in the development of an automatic control strategy that will 

assist returning the operating point of the plant to the desired target. 

Once the outputs of the methodology have been validated, the connection of the 

proposed control strategy to the existing control loops must be understood. The control 

block diagram and associated process characteristic equations are introduced. This 

block diagram is then interpreted for deployment in Appendix B. 
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7.2 STEP 1: Determining the Plant Process Variables  

 

Consider the Industrial Plant illustrated in Figure 7-1. Duffy et. al (2016) describe the 

node and dead time relationships utilised by the graphed representation of the industrial 

plant. Before interpreting the graphed representation of the industrial plant, the 

classification and location of the nodes must be first identified.  

Table 7-1 allocates a Node letter to each measured variable, process or manipulated 

within the industrial plant. These variables are obtained from the industrial plant’s 

instrumentation list/survey, such as flowmeters or density gauges or speed commands to 

motors connected to centrifugal pumps. 

 

To Tailings Dam

Tailings 

Tank

Classifier 

[3] 

Cyclone 

[2]

Recycle 

Tank

Dewatering Screen

Trommel

Roller Sizer

Underflow 

Tanks

Output: Train Load Out

Process Water [7]

Input: Feed [1]

Rejects

Trommel 

Tank

Product Belt

Cyclone 

Feed Pump 

[4] [6]

[5]

[8]

 

Figure 7-1 The Industrial Plant Bauxite Classification Process 
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Node 

Letter 

Plant Location Label Description PV / 

MV 

Units 

[A] [5] A_PT_1320_P Cyclone Feed Pressure PV kPa 

[B] [5] A_DT_1202_P Cyclone Feed Density PV SG 

[C] [6] A_FT_1202_P Cyclone Feed Flow PV m3/h 

[D] Tailings Tank A_FT_1680_P Tailings Tank Discharge Flow PV m3/h 

[E] [8] A_FT_1352_P Recycle Discharge Flow PV m3/h 

[F] Trommel Tank A_LT_1101_P Trommel Tank Level PV % 

[G] Trommel Tank A_CFP_VSD_SPDF_P Cyclone Feed Pump Speed MV % 

[H] Tailings Tank A_ATP03_VSD_SPDF_P Tailings Tank Discharge Pump 1 

Speed 

MV % 

[I] Tailings Tank A_ATP04_VSD_SPDF_P Tailings Tank Discharge Pump 2 

Speed 
MV % 

[J] Tailings Tank A_LT_1670_P Tailings Tank Level PV % 

[K] Recycle Tank A_LT_1351_P Recycle Tank Level PV % 

[L] Trommel Tank A_VT_1203_P Trommel Tank Volumetric Level PV % 

[M] [3] A_WIC1336_FWT_PV_P Classifier 6 Level PV % 

[N] [3] A_WIC1335_FWT_PV_P Classifier 5 Level PV % 

[O] [3] A_WIC1334_FWT_PV_P Classifier 4 Level  PV % 

[P] [3] A_WIC1333_FWT_PV_P Classifier 3 Level PV % 

[Q] [3] A_WIC1332_FWT_PV_P Classifier 2 Level PV % 

[R] [3] A_WIC1331_FWT_PV_P Classifier 1 Level PV % 

[S] Underflow Tanks A_ASUP03_VSD_SPDF_P Underflow Tank 3 Pump Speed MV % 

[T] Underflow Tanks A_ASUP02_VSD_SPDF_P Underflow Tank 2 Pump Speed MV % 

[U] Underflow Tanks A_ASUP01_VSD_SPDF_P Underflow Tank 1 Pump Speed MV % 

[V] Underflow Tanks A_LT_1343_P Underflow Tank 3 Level PV % 

[W] Underflow Tanks A_LT_1342_P Underflow Tank 2 Level PV % 

[X] Underflow Tanks A_LT_1341_P Underflow Tank 1 Level PV % 

[Y] Product Belt A_AP01_WGT Product Belt Flowrate PV t/h 

[Z] Input: Feed [1] A_AF11_WGT Plant Feedrate PV t/h 

Table 7-1 Node Allocation within the Industrial Plant 
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7.3 STEP 2: Directed Graph Development 

 

A Directed Graph (DG) of the industrial plant can be obtained from qualitative 

knowledge instead of Differential Algebraic Equations. The industrial plant includes 

multiple process areas interconnected allowing material and signal flow between each 

unit. As per the defined methodology sequence, we first start by capturing the basic 

models of the plant unit areas. The process consists of five tanks, Trommel Tank (TT), 

Tailings Tank (TTT), Recycle Tank (RT), Dewatering Screen Underflow Tank (DUT) 

and the Classifier to which will be modelled as a tank characteristic (CT). The 

Dewatering Screen will be modelled as a flow splitter, dividing the ore stream in two 

and the Cyclone [2] unit will be modelled with a classification performance calculation 

(Plitt).  

Each process area of the industrial plant will be firstly identified and modelled. Once 

the DG for each area is developed, the interconnections between each process unit will 

be established. The edge weights must then be calculated to develop the Direct Graph 

(DG) of the industrial plant. The DG will then allow the Hamiltonian path to develop a 

control strategy to return the plant to the desired operating point. The process and 

manipulated variables discussed within this section are identified and labeled as detailed 

in Table 7-1. 

7.3.1 Recycle Tank Process Unit Modelling 

 

The process unit representation of the Recycle Tank (RT) and Recycle Discharge Pump 

is illustrated in Figure 7-2.  
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Figure 7-2 Recycle Tank Process Unit 

As observed the process variables within this process unit are different from the 

Trommel Tank Process Unit. The discharge pump speed is controlled however the 

process data is unavailable. This is a common challenge that must be overcome. The 

Recycle Tank Discharge Pump Speed will be incorporated within the model, however 

the pump speed [𝑆𝑅𝐷𝑃] will be estimated via the Recycle Flow [𝐸]. [𝐾] represents the 

level in the tank Recycle Tank (RT), [𝐸] is the discharge flowrate from the Recycle 

Tank. [𝐹2] and [𝐹3] are inlet flowrates to the RT. The DAE for the given process are as 

follows: 

 

𝑨
𝒅𝑲

𝒅𝒕
= ([𝑭𝟓] + [𝑭𝟖]) − [𝑬], (7-1) 

[𝐸] =
[𝑆𝑅𝐷𝑃]

𝛼
 (7-2) 

[𝑆𝑅𝐷𝑃] = 𝛼[𝐸], (7-3) 

 

where A is the cross-sectional area of the Recycle Tank (RT) and 𝛼 is the proportional 

coefficient of the control law. From these DAEs, a DG can be built as shown in Figure 

7-3, where Figure 7-3(a) is obtained from Eqn. (7-1) (Type I), Figure 7-3(b) and Figure 

7-3(c) from Eqns. (7-2) and (7-3) (Type II), and Figure 7-3(d) is a combination of them 

representing the DG for the Recycle Tank Process Unit. The interpretation of Eqn. (7-1) 

– (7-3) result in the following DG representations. 
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(a) (b) (c) 

 

(d) 

Figure 7-3 Directed Graph Representation of the Recycle Tank Process Area 

7.3.2 Tailings Tank Process Unit Modelling 

 

The process unit representation of the Tailings Tank (TTT) and the series Tailings 

Discharge Pumps (Pump 1 and Pump 2) is illustrated in Figure 7-4.  

 

Figure 7-4 Tailings Tank Process Unit 

In Figure 7-4, [𝐽] represents the level in the Tailings Tank (TTT), [𝐻]  and [𝐼] are the 

pump speeds of the discharge pumps (Tailings Discharge Pump 1 and 2), [𝐷] is the 

discharge flowrate from the Tailings Tank. Due to the unavailability of process data of 
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the inflow flowrate to the Tailings Tank the flow will be labelled [𝐹1]. The DAEs for 

the given process are as follows: 

 

𝑨
𝒅𝑱

𝒅𝒕
= ([𝑭𝟏]) − [𝑫], (7-4) 

[𝐷] = [𝐻][I] (7-5) 

[I] = 𝛼[𝐽], (7-6) 

[H] = 𝜃[𝐼], (7-7) 

 

where A is the cross-sectional area of the Tailings Tank (TTT) and 𝛼 and 𝜃 are the 

proportional coefficient of the control law associated with the level control and master / 

slave control of the pump configurations. From examination of these DAEs, a DG can 

be built as shown in Figure 7-5, where Figure 7-5(a) is obtained from Eqn. (7-4) (Type 

I), Figure 7-5(b) and Figure 7-5(c) from Eqns. (7-5), (7-6) and (7-7) (Type II), and 

Figure 7-5(d) is a combination of them. 

The interpretation of Eqn. (7-4) – (7-6) result in the following DG representations. 

 

  

(a) (b) (c) 

 

(d) 

Figure 7-5 Directed Graph Representation of the Tailings Tank Process Unit 

Operation 
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7.3.3 Dewatering Screen Underflow Tanks Process Unit Modelling 

 

The process unit representation of the Dewatering Screen Tank (DUT) and Underflow 

Discharge Flow Pump 1 is illustrated in Figure 7-6.  

 

Figure 7-6 Dewatering Screen Underflow Tank Process Unit 

In Figure 7-6, [𝑋] represents the level in the Dewatering Screen Underflow Tank 

(DUT), [𝑈]  is the pump speed of the discharge pump (Underflow Discharge Pump 1, 

however within the plant there is 2 additional tank and pump assemblies). The DAEs for 

the given process are as follows: 

 

𝑨
𝒅𝑴

𝒅𝒕
= [𝑭𝟕] − [𝑭𝟖] (7-8) 

[𝑌] = [𝐹6] − [𝐹7] (7-9) 

[𝐹8] = [𝑈] (7-10) 

[𝑈] = 𝛼[𝑋], (7-11) 

 

where A is the cross-sectional area of the Dewatering Screen Underflow Tank (DUT) 

and 𝛼 is the proportional coefficient of the control law. By these DAEs, a DG can be 

built as shown in Figure 7-7, where Figure 7-7(a) is obtained from Eqn. (7-8) (Type I), 

Figure 7-7(b) from Eqns. (7-9), (7-10) and (7-11) (Type II), and Figure 7-7(d) is a 

combination of them. This DG can also be obtained from process knowledge that the 
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level is determined by the inlet and outlet and the outlet flow rate is affected by the level 

and the valve position. The interpretation of Eqn. (7-8) – (7-11) result in the following 

DG representations. 

   

(a) (b) (c) 

 

(d) 

Figure 7-7 Directed Graph Representation of the Dewatering Screen Underflow 

Process Unit Operation 

 

7.3.4 Classifier Process Unit Modelling 

 

The process unit representation of the Classifier Tank (CT) and the Classifier Discharge 

Valve(s) (three of) is illustrated in Figure 7-8.  
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Figure 7-8 The Classification Process Unit 

In Figure 7-8, [𝑀] represents the level (height) in the Classifier Tank (CT) and [𝑉𝐶𝑥] is 

the position of the discharge valves. The DAEs for the given process are as follows: 

𝑨
𝒅𝑴

𝒅𝒕
= [𝑭𝟒] − [𝑭𝟓] (7-12) 

[𝐹𝐶𝑇] = [𝑉𝐶𝑥]√𝑀 (7-13) 

[𝑉𝐶𝑥] = 𝛼[𝑀]. (7-14) 

 

where 𝜶 is the proportional coefficient of the control law. By these DAEs, a DG can be 

built as shown in Figure 7-9, where Figure 7-9(a) is obtained from Eqn. (7-12) (Type I), 

Figure 7-9(b) from Eqns. (7-13) and (7-14) (Type II) and Figure 7-9(d) is a combination 

of them. This DG can also be obtained from process knowledge that the level (height) is 

determined by the inlet and outlet and the outlet flow rate is affected by the level and 

the valve position. 

 

  

(a) (b) (c) 
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(d) 

Figure 7-9 Directed Graph Representation of the Classifier Process Unit Operation 

7.3.5 Cyclone Process Unit Modelling 

 

The process unit representation of the Classification Circuit is illustrated Figure 7-10.  

 

Figure 7-10 Scheme of a Classification Circuit 

The DAEs for the given process are as follows: 

𝑨
𝒅𝑭

𝒅𝒕
= ([𝑭𝟏] + [𝐄]) − [𝐂] (7-15) 

[𝐶] = [G] (7-16) 

[𝐺] = 𝛼[F] (7-17) 

𝑑50 =
𝑎𝐷𝑐

𝑏𝐷𝑖
𝑐𝐷𝑜

𝑑𝑒(6.3𝜙)

𝐷𝑢
𝑓
ℎ𝑔𝐹3(𝜌𝑠−𝜌𝑓)

0.5
  (7-18) 

𝑆 =
𝑎(𝐷𝑢 𝐷𝑂⁄ )𝑏(𝐷𝑢

2 + 𝐷𝑂
2)𝑐ℎ𝑑𝑒(0.54𝜙)

𝐷𝑐
𝑓
𝐻𝑔

 (7-19) 
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[𝐹4] = 𝑆 × [𝐶] (7-20) 

[𝐹9] = [𝐶] − [𝐹4] (7-21) 

[𝐵] = 𝛼[S𝑅𝐷𝑃] (7-22) 

 

where A is the cross-sectional area of the Trommel Tank (TT) and 𝛼 is the proportional 

coefficient of the control law, S is volumetric flowrate in underflow / volumetric 

flowrate in overflow, 𝐷𝑢 is the spigot diameter, 𝐷𝑂  is the vortex finder diameter, 𝐷𝑐 is 

the cyclone diameter, 𝜙 is the volume fraction solids in the feed (represented by 

[𝐵] within the model), ℎ is vortex finder to spigot distance and 𝐻 is slurry feed head. 

Plitt recommends the following values for hydrocyclone operating with free discharge 

𝑎 =  3.79, 𝑏 =  3.31, 𝑐 =  0.36, 𝑑 =  0.54, 𝑓 =  1.11 and 𝑔 =  0.24. 

By these DAEs, a DG can be built as shown in Figure 7-11, where Figure 7-11(a) is 

obtained from Eqn. (7-15) (Type I), Figure 7-11(b) from Eqns. (7-16), Figure 7-11(c) 

from Eqns. (7-20), (7-21) and (7-22) (Type II), Figure 7-11(d) from Eqns. (7-16) and 

(7-17), Figure 7-11(e) from Eqns. (7-16), (7-18) and (7-22) and Figure 7-11(f) is a 

combination of them. The interpretation of Eqn. (7-15) – (7-22) result in the following 

Directed Graph representations. 

 
  

(a) (b) (c) 

 

 

 

(d) (e)  
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(f) 

Figure 7-11 Directed Graph Representation of the Classification Circuit 

7.3.6 Plant-Wide Modelling by Directed Graph 

 

Each process area within the industrial plant has now been modelled in DG form. The 

task now is to interconnect each process area’s DG to represent the DG of the entire 

industrial plant. 

 

Figure 7-12 Process Unit Interconnection 
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The Directed Graph representation of the Industrial Plant is illustrated in Figure 7-13. 

 

Figure 7-13 Graphed Representation of the Interconnected Process Units 

7.4 STEP 3: Directed Graph Development - Causality 

Capture between Nodes 

The dead time relationship and correlation strength (𝑟) is now calculated between each 

node. Edge connections between each node are validated, by the cross-correlation 

strength, abs(r) > 0.5 and a process dead time value < 1000 secs but > 0 secs. These 

thresholds provide a mechanism to validate the interconnections between each node.   

The existence of an automatic controller within this control loop (as opposed to a 

Control Room Operator, considered a manual controller in the control loop), is 

determined by a cross-correlation strength, 𝑟 > 0.7 and is illustrated by edge connection. 
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The dotted edge connection indicates a manual control loop, such as a Control Room 

Operator manipulating the set points of control loops to maintain process objectives. 

When examining the causality relationship between 𝑎 (Cyclone Feed Pressure), 𝑏 

(Cyclone Feed Density) and 𝑐 (Cyclone Feed Flow), it is assumed that the dead time 

between the Cyclone Feed Pressure and the Cyclone Feed Flow to be at or approaching 

zero (0). This assumption is based on the Bernoulli Equation. The reader must be aware 

however that the dead time relationship between the Cyclone Feed Density (𝑏) and 

Cyclone Feed Pressure (𝑎) or Cyclone Feed Flow (𝑐) is dependent the transport lag 

between density meter and pressure meter. 

Table 7-2 details the correlation strengths between each node within the classification 

process area. Table 7-2 illustrates that there is an statistically significant existence of 

control, however it appears that the co-ordination of the process variables is a manual 

action, such as the Control Room Operator (CRO) manipulating the cyclone feed flow, 

as an example. 

 

Edge Correlation Strength 

[A] ↔  [B] 0.53 

[C] ↔ [B] 0.67 

[C] ↔  [E] 0.55 

[A] ↔  [E] 0.57 

[K] ↔  [E] 0.51 

Table 7-2 Correlation Strength of Classification Process Area Edges 

After review of the actual control strategy installed in the control system, there is no 

automatic control strategy between each node within the classification process area. 

After confirmation from the control room operator (CRO), the manipulation of the 

process setpoints is achieved by manually to regulate a desired classification point 

(d50). 
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7.5 STEP 4: Control Strategy Deficiency Identification 

 

The task of searching the minimal spanning tree of the given weighed directed graph is 

commonly formulated and the algorithms solving it can be applied in a rather broad 

range of tasks for different spheres of scientific research. Such tasks occur in biology, 

network theory, chemistry. In a practical task, the optimal spanning tree may be 

calculated many times therefore it is important the algorithm has a fast and efficient 

execution cycle. In some cases, accuracy is even neglected, and the solution is 

approximated. 

 

Figure 7-14 Hamiltonian Path Traversal - Process Unit Interconnection 

The graphed representation of the industrial plant presented in Figure 7-13, is traversed 

to calculate the Hamiltonian Path of the graph. Figure 7-14, illustrates the path 
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traversed. The Hamiltonian Path is illustrated as a ‘red’ line through the plant-wide DG. 

The reader is directed to the node labelled d50. The Hamiltonian path breaks down 

when traversing this node. This shows that there is a deficiency in the control strategy 

when regulating this process variable.  

In addition, there are a further three variables that will not have a control influence 

either directly or via a process path. These variables are the Produce Belt Flowrate [Y], 

the Classifier Tank Overflow [F5], Recycle Tank Overflow [F8] and the Classification 

Performance 𝑑50. The control of the Product Belt Flowrate can be ignored as this is 

simply the production output of the industrial plant and it is assumed that the control 

strategies within the process will aim to maximise and control this variable. The two 

overflow flowrates ([F5] and [F8]) can also be ignored as the discharge from both tanks 

is contained by the downstream tanks.  

The classification performance (𝑑50) is not controlled, which results in a process 

performance issue for the industrial plant. The objective of the process is to classify the 

ore reporting to the plant via [F1] into product and tailings streams. The product stream 

will be loaded on a train for export whereas the tailings will report to the waste storage 

facility. The connectivity of 𝑑50 within the traversed graph needs to be addressed to 

allow this process variable to be controlled. The connectivity will be addressed with an 

implementation of the control strategy within the industrial plant control system 

architecture. With the 𝑑50 uncontrolled leads to a drift in the operating point of the 

plant. 

7.6 Concluding Remarks 

 

The application of the OCTOGRAPH methodology has been demonstrated on the 

industrial plant. The methodology has modelled each process unit within the plant by 

DG modelling and then connected each of these models to establish a plant-wide DG. 

This DG model then allows the process and control paths to be clearly depicted. The 

breakdown of continuous directed path with the combination of control and process 

paths identifies deficiencies in the existing control strategy structure. The classification 

point process variable (𝑑50) is not controlled within the industrial plant. This 
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uncontrolled classification point needs to be controlled to return the industrial plant to 

the desired operating point. The OCTOGRAPH methodology also identifies the variable 

pairings (process or manipulated) to achieve the desired control performance outcome. 

In this example, the Cyclone Feed Flow ([C]) and the Cyclone Feed Density ([B]) must 

be co-ordinated to achieve a stable and controlled classification point. 

The research will now focus on validating this performance increase, after the 

recommended control strategy has been implemented. The validation methodology will 

be the same used in Chapter 5. By using the same methodology, it will remove any bias 

or influence of the assessment process, leading to an measure of performance 

improvement, if any.  

 

  



Chapter 8 Industrial Plant Control Performance Assessment of the Desired Operating Point 

 

     139 

8 INDUSTRIAL PLANT CONTROL 

PERFORMANCE ASSESSMENT OF THE 

DESIRED OPERATING POINT  

The methodology for returning the industrial plant to a desired operating point has been 

discussed and the application of this methodology to an industrial plant has been 

completed. This chapter assesses the control performance of the industrial plant after the 

recommended control strategy modifications. This chapter will determine if a control 

performance improvement has been achieved, as a result of the application of the 

methodology.   

8.1 Introduction 

 

The methodology proposed in Chapter 6 led to the development of a revised control 

strategy that should improve the performance of the mineral processing plant, in this 

case, to restore the classification performance to the nominated operating point. 

The implementation of the control strategy is discussed in Appendix B, illustrating the 

application of the methodology. The control strategy was implemented in the 

programmable logic controller (PLC) within the control system in the mineral 

processing plant illustrated in Figure 2-1.  

The variability of the classification performance (d50), cyclone feed density (DT_1202) 

and cyclone feed flow (FT_1202) have been improved. The reduction in the variability 

of the process variables is a leading indicator to plant-wide performance improvement. 

The ‘pre’ prefix describes the original mineral processing plant performance and the 

‘post’ nominates the performance after the methodology has been applied. 

The performance of the Industrial Plant after the implementation of the control strategy 

structure recommendations detailed in Appendix B, guided by the methodology detailed 
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in Chapter  6 is given by the Plant-Wide Harris Index assessment illustrated in Table 

8-1.  

 

Node Name Node Description Estimated Dead time Harris Index (𝑹𝟐) 

- d50 Classification Point 1 second 0.64 

[B] Cyclone Feed Density 25 seconds 0.95 

[C] Cyclone Feed Flow 10 seconds 0.26 

[E] Recycle Discharge Flow 5 seconds 0.29 

[K] Trommel Tank Volumetric 

Level 

5 seconds 0.95 

Table 8-1 Harris Index assessment (Post Implementation Results) 

To quantify the performance of the industrial plant, the control performance 

assessments for each process area must be coordinated. This coordination will illustrate 

the control performance across the entire plant. The industrial plant performance, will 

be known as the Plant-Wide Control Index (PWCI). 

The plant-wide control index, 𝜔𝑃𝑃, given by Equation (8-2) and derived as follows: 

𝜔𝑡 = (𝑅𝑑50
2 + 𝑅𝐹𝑇1202

2 + 𝑅𝐷𝑇1202
2 + 𝑅𝐹𝑇1352

2 + 𝑅𝐿𝑇1341
2 )𝑡    ( 8-1 ) 

where: 

𝑅𝑑50
2  = SISO Harris Index Assessment of the estimated d50c 𝜇𝑚 

𝑅𝐹𝑇1202
2  = SISO Harris Index Assessment of the Cyclone Feed Flow 𝑚3/ℎ (FT1202) 

𝑅𝐷𝑇1202
2  = SISO Harris Index Assessment of the Cyclone Feed Density (DT1202) 

𝑅𝐹𝑇1352
2  = SISO Harris Index Assessment of the Recycle Feed Flow 𝑚3/ℎ (FT1352)  

𝑅𝐿𝑇1341
2  = SISO Harris Index Assessment of the Trommel Tank Volumetric Level % 

(LT1341) 

The plant performance (increase or decrease) is given by Equation (8.2). Time 𝑡 is 

defined as the time period post the improvement work based on the control performance 

and graphed proposal. Time 𝑡 − 1 is the time period before the implementation of the 

process improvement work. 
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𝜔𝑡 = (𝑅𝑑50𝑐
2 + 𝑅𝐹𝑇1202

2 + 𝑅𝐷𝑇1202
2 + 𝑅𝐿𝑇1341

2 + 𝑅𝐹𝑇1352
2 )𝑡/5 

𝜔𝑡−1 = (𝑅𝑑50𝑐
2 + 𝑅𝐹𝑇1202

2 + 𝑅𝐷𝑇1202
2 + 𝑅𝐿𝑇1341

2 + 𝑅𝐹𝑇1352
2 )𝑡−1/5 

𝜔𝑃𝑃 = 𝜔𝑡 − 𝜔𝑡−1               ( 8-2 ) 

 

The application of Equation (8-2) to the Mineral Processing Plant results in an 

improvement of the Harris Index known as the PWCI, of 26.2%.  

𝜔𝑃𝑃 = (
(0.64 + 0.95 + 0.26 + 0.29 + 0.95)

5
)

− (
(0.78 + 1.00 + 0.78 + 0.89 + 0.99)

5
) 

𝜔𝑃𝑃 = (0.618) − (0.88) 

𝜔𝑃𝑃 = 0.262 (improvement) 

The shift in the Plant-Wide performance is illustrated in Table 8-2. The detailed Harris 

Index Control assessment results are detailed in Figure 8-1 through to Figure 8-8. The 

improvement in plant performance can be observed in the reduction of MVC error. 

Figure 8-2 illustrates an MVC error variability of approximately ±5, an improvement 

from ±20 illustrated in Figure 5-25. 

 

Node 

Name 

Node Description Pre-Implementation 

Harris Index (𝑅2) 

Post-Implementation 

Harris Index (𝑅2) 

Direction of 

Process 

Performance 

- d50 Classification Point 0.78 0.64 Increase 

[B] Cyclone Feed Density 1.00 0.95 Increase 

[C] Cyclone Feed Flow 0.77 0.26 Increase 

[E] Recycle Discharge Flow 0.75 0.29 Increase 

[K] Trommel Tank 

Volumetric Level 

0.99 0.95 Increase 

Table 8-2 Mineral Processing Plant Process Variable Harris Index Performance 

Comparison 
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(a) Pre Improvement Implementation 

 

(b) Post Improvement Implementation 

Figure 8-1 d50 Classification Point (Time Series Distribution) 

 

(a) Pre Improvement Implementation 
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(b) Post Improvement Implementation 

 

Figure 8-2 d50 Classification Control Performance Assessment 

 

The Cyclone Cut Point d50 Harris Index Control Performance Assessment results are 

illustrated in Table 8-3. The table illustrates that there is an improvement in control as 

the Harris Index (𝑅2) approaches 0.00. The Harris Index has improved from 0.78 (see 

Table 5-4) to 0.64 (see Table 8-3). The achievable reduction ratio (AVRR) has 

improved from 0.46 to 0.60 supporting the movement of the Harris Index towards 0.00.  

 

Assessment Description Result Result Description 

Harris Index (𝑹𝟐) 0.64 0.0 is approaching MVC performance / 1.0 is poor 

AVRR 0.60 MVC Standard Deviation / Original Standard Deviation 

MASD 0.46 The original MASD was 0.77 

Table 8-3 d50 Control Performance Assessment Results Matrix – Post 

Improvement Implementation. 



Chapter 8 Industrial Plant Control Performance Assessment of the Desired Operating Point 

 

144 

The improvement of control of the Cyclone Cut Point (d50) results in the improved 

classification performance of the industrial plant, reducing product sized ore sent to 

waste (tailings). 

Figure 7-14 illustrates the inter-relationship of the Cyclone Feed Flow, Cyclone Feed 

Density and Recycle Feed Flow. The control performance of each of these variables 

directly affects the control performance of the Cyclone Classification Point (d50). So, 

when the Cyclone Classification Point control has been improved it will be expected to 

see a control improvement in either or all of the Cyclone Feed Flow, Cyclone Feed 

Density and/or Recycle Feed Flow.  

 

(a) Pre Improvement Implementation 

 

(b) Post Improvement Implementation 

Figure 8-3 Cyclone Feed Flow (FT_1202 Time Series Distribution) 
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(a) Pre Improvement Implementation 

 

(b) Post Improvement Implementation 

Figure 8-4 FT_1202 Cyclone Feed Flow Control Performance Assessment 

 

The Cyclone Feed Flow Harris Index Control Performance Assessment results are 

illustrated in Table 8-4. The Cyclone Feed Flow control performance (illustrated by the 

Harris Index (𝑅2)) has been improvement from 0.77 (see Table 5-5) to 0.26 (see Table 
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8-4). The Reduction Ration (AVRR) also supports this observation with an 

improvement from 0.48 to 0.86. 

 

Assessment Description Result Result Description 

Harris Index (𝑹𝟐) 0.26 0.0 is approaching MVC performance / 1.0 is poor 

AVRR 0.86 MVC Standard Deviation / Original Standard Deviation 

MASD 21 The original MASD was 25 

Table 8-4 FT1202 Control Performance Assessment Results Matrix – Post 

Improvement Implementation. 

 

(a) Pre Improvement Implementation 

 

(b) Post Improvement Implementation 

Figure 8-5 DT_1202 Cyclone Feed Density (Time Series Distribution) 

The Cyclone Feed Density Harris Index Control Performance Assessment results are 

illustrated in Table 8-5. The Cyclone Feed Density control performance (Harris Index 
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(𝑅2)) has been improved from 1.00 as illustrated in Table 5-6 to 0.95 shown in Table 

8-5. The Reduction Ration (AVRR) also supports this observation with an improvement 

from 0.05 to 0.22. 

 

Assessment Description Result Result Description 

Harris Index (𝑹𝟐) 0.95 0.0 is approaching MVC performance / 1.0 is poor 

AVRR 0.22 MVC Standard Deviation / Original Standard Deviation 

MASD 0.0011 The original MASD was 0.051 

Table 8-5 DT1202 Control Performance Assessment Results Matrix – Post 

Improvement Implementation. 

 

 

(a) Pre Improvement Implementation 
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(b) Post Improvement Implementation 

 

Figure 8-6 DT_1202 Cyclone Feed Density Control Performance Assessment 

 

 

(a) Pre Improvement Implementation 
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(b) Post Improvement Implementation 

Figure 8-7 Recycle Feed Flow (FT_1352 Time Series Distribution) 

The Recycle Feed Flow Harris Index Control Performance Assessment results are 

illustrated in Table 8-6. The Recycle Feed Flow also realised a control improvement 

from 0.89 (see Table 5-7) to 0.29 (see Table 8-6). The Reduction Ratio (AVRR) also 

supports this control performance observation with an improvement from 0.34 to 0.84. 

 

Assessment Description Result Result Description 

Harris Index (𝑹𝟐) 0.29 0.0 is approaching MVC performance / 1.0 is poor 

AVRR 0.84 MVC Standard Deviation / Original Standard Deviation 

MASD 6.6 The original MASD was 7.8 

Table 8-6 FT1352 Control Performance Assessment Results Matrix – Post 

Improvement Implementation. 
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(a) Pre Improvement Implementation 

 

(b) Post Improvement Implementation 

Figure 8-8 FT_1352 Recycle Feed Flow Control Performance Assessment 
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8.2 When OCTOGRAPH Is Not Used: A Discussion 

 

The OCTOGRAPH methodology allows for a rapid closed loop control performance 

assessment, identifying control strategy deficiencies, illustrating control couplings to 

return the industrial plant to the desired operating point. This closed loop control 

performance assessment can be done in a real-time and without disturbing the industrial 

plant. 

When the OCTOGRAPH methodology is not used, several challenges need to be 

overcome to produce a result comparable to the OCTOGRAPH outputs. The challenges 

include the following: 

• The co-ordination of the control improvement activities. When there is a need to 

return the operating point to the desired target, the real challenge is where in the 

industrial plant to begin the task as there are so many loops to assess and 

existing control strategies to examine and validate. The OCTOGRAPH 

methodology co-ordinates the improvement activities into a structured proven 

approach. Without a structured approach an improvement in an area of the 

process may cause a degradation in performance in another area. The control 

strategy may also be inappropriate. The corrections in the deficiencies of the 

control strategies co-ordinated with the performance improvements of the 

control loops will achieve the desired performance results. Without this co-

ordination, some improvement opportunities, such as control loop interactions or 

controller re-tuning, may remain unresolved within the industrial plant. 

• Rapid closed-loop performance assessment. The OCTOGRAPH methodology 

rapidly assesses all of the control loops within the industrial plant. The re-tuning 

of a single control loop may result in the improvement expected. Without the 

use of the OCTOGRAPH methodology the ability to discover the single control 

loop within hundreds of control loops within an industrial plant will prove 

challenging. If the control loop is identified, by other means such as specific 

process or operational knowledge, the margin at which the control loop 

performance can be improved must then be calculated.  
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• Specific process knowledge is needed. The OCTOGRAPH methodology can be 

applied to various mineral processing plant. Without the use of the methodology, 

the engineer (or team) assessing and improving the performance of the control, 

must have significant knowledge of the process under improvement. This 

skillset is rare and varied. The OCTOGRAPH methodology is a robust, repetive 

approach to returning the indutrial process to the desired operating point. The 

OCTOGRAPH methodology does not require the need for specific process or 

control knowledge. 

The OCTOGRAPH methodology assists engineers to return the industrial plant to the 

desired operating point within operating constraints of the business. These operating 

constraints include, no interruptions to the process, while not requiring process or 

control knowledge. Without the methodology it is assumed that the engineer (or 

engineering team) will require knowledge of the process within the industrial plant. The 

knowledge of the control strategy and control loop interactions must also be known. 

The development of this capability within the engineer (or engineering team) will take 

significant effort and time. The time spent in developing this knowledge is significant 

lost revenue opportunity for the business due to the industrial plant not operating at the 

desired operating point. 

8.3 Concluding Remarks 

 

The results conclude that a mineral processing plant operating point does drift from the 

nominated operating set point when comparing the results discussed in Chapter 5 to the 

current chapter. By firstly assessing the mineral processing plant with a closed loop 

control performance assessment technique with a focus on the plant-wide interactions, 

the plants control performance is calculated. The challenge then is to determine how to 

improve the performance of the plant to return the plant to the nominal operating point. 

The methodology presented described the interconnections between each of the process 

and manipulated variables in the form of a dead time relationship. By connecting the 

process variables in the shortest path, constructing a control strategy improves the plant 

performance. To prove this, the PWCI was conducted post-implementation of the 
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methodology. The assessment showed a plant performance increase (realised by an 

increase in the PWCI of 26.2%) and also pointed onto the reduction in variability of the 

d50 as illustrated by Figure 8-1. 
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9 CONTRIBUTIONS OF THIS RESEARCH 

9.1 Introduction 

 

A methodology, named OCTOGRAPH, has been developed that identifies how to 

structure the control strategy to return an industrial plant to its desired operating point. 

Within an industrial processing plant there are many challenges to determining the 

control structure. Some of the challenges include the identification of the existence of 

control interactions, the operating mode of control loops (manual versus automatic) and 

the desired coupling of the process variables within the industrial plant to maximize 

production performance. A demonstration of this OCTOGRAPH methodology showed 

the potential improvement to be realised within an industrial plant. 

The OCTOGRAPH methodology recommended a revised control structure aimed at 

returning an industrial plant to the desired operating point. The features of the 

OCTOGRAPH methodology are as follows: 

• Transportable across various processes / industrial plants and operating 

locations. 

• Scalable to achieve large control structure development. 

• Non-invasive to the process having no open loop investigations or disabling 

control loops. 

• Identify areas for control structure improvement within the industrial plant. 

Specific contributions of this research are as follows: 

1. Closed-loop Dead Time Estimation (Harris Index technique improvement)  

• Dead Time estimation with a stable controller (see Section 5.3). 

• Dead Time estimation with a marginally stable controller (see Section 5.3.1 

and Section 5.3.2). 

2. Graph-theory based industrial plant paradigm delivering the 

• identification of the control scheme structures (see Section 5.4.1). 
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• identification of automatic and manual control modes (without knowledge 

of the control modes or control structures) (see Section 5.4.6). 

• identification of industrial plant areas for the implementation of the Process 

Variable Pairing Paradigm (see Section 5.4.7). 

3. Process Variable pairing paradigm delivering a coupling of the plant process 

variables identifying the control structure for development to return the 

industrial plant to the desired operating point (see Section 5.6). 

In addition to the stated contributions, the research outcomes have been presented to the 

community in the form of peer-reviewed conference papers. The following list 

represents the contributed works produced as a result of this thesis: 

1. Duffy, G., Mills, P., Li, Q., Vlacic, L., (2015). On the industrial plant 

performance & operating point drifting phenomenon. In proceedings of Asian 

Control Conference (ASCC). ISBN 978-1-4799-7862-5. 

2. Duffy, G., Mills, P., Li, Q., Vlacic, L., (2016). Extending the Harris Index 

performance assessment technique: A plant-wide focus. In proceedings of 

Australian and New Zealand Control Conference (AUCC). ISBN 978-1-922107-

90-9. 

3. Duffy, G., Mills, P., Li, Q., Vlacic, L., (2017). An On-line Process Dead-time 

Estimation Algorithm. In proceedings of Asian Control Conference (ASCC). 

City of Gold Coast, Australia, 17th – 20th December, 2017. 

4. Duffy, G., Mills, P., Li, Q., Vlacic, L., (2017). A Methodology to Determine the 

Dynamic Relationship Between Process and Manipulated Variables. In 

proceedings of Australian and New Zealand Control Conference (AUCC). City 

of Gold Coast, Australia, 17th – 20th December, 2017. 

5. Duffy, G., Mills, P., Li, Q., Vlacic, L., (2018). OCTOGRAPH. A Methodology 

for returning the industrial plant to the desired operating point. Journal of 

Process Control (Under Consideration). 
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9.2 Concluding Remarks 

 

To improve an industrial plant’s performance with only automation changes is 

challenging, however the return on investment (ROI) is significant. So significant that 

the ROI percentage returned is sometimes not believable. A methodology to 

systematically improve any industrial plant, is needed within the industry. The proposed 

OCTOGRAPH methodology has been demonstrated to generate significant 

improvement to the operating point of an industrial plant. The ability to scale the 

methodology allows for complex processes to be improved.  

This research has proposed a methodology to address the remaining challenge of 

incorrect or deficient control strategies. Once applied the methodology identifies 

deficiencies and recommends the appropriate variable pairings (whether it be process or 

manipulated). This research has implemented the recommendations within the industrial 

plant control system architecture. 

To validate and the recommendations from the OCTOGRAPH methodology the 

industrial plant was then reassessed. The control and process performance improvement 

of the industrial plant was clear.  

Further autonomy of the OCTOGRAPH methodology will allow for rapid deployment 

and possibly continuous identification of the process and control performance 

degeneration. This continuous identification is beyond the current loop tuning 

commercial technology and could provide a site-based process control engineering team 

with a proactive work flow and control structure monitoring, leading to sustained 

improvement practices of the industrial process performance. 

9.3 Future Work 

 

The OCTOGRAPH methodology presented consists of manual and semi-autonomous 

tasks to which produces the various outputs illustrated within this thesis. To increase the 

speed and accuracy of the results generated by this work, there exists further 

opportunity to automate several tasks within the methodology. The dead time estimation 
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calculation relies on the visual inspection of the time series to determine the presence of 

instability. If instability of the controller or the process is detected (by visual inspection) 

then the oscillation algorithm is applied. The visual inspection of the time series is 

laborious and subject to the person’s experience. This variability in the inspection 

technique may affect the accuracy of the result. An algorithm to detect the instability of 

the controller or process will advise and execute the removal of this oscillation of the 

time series. This automation effort will improve the speed and accuracy of the 

calculation of the dead time within each process. This methodology targets industrial 

plants with thousands of interconnected processes so an incremental speed and accuracy 

improvement within a single process will be significant when applying the methodology 

across the entire plant. 

To realise addition speed and accuracy improvements the automation of each step of the 

methodology should be implemented. The vision of this improvement is to input the 

dataset to the methodology, the automated program is executed and the result of a 

proposed control structure to improve the plant performance is generated. The plant-

wide assessment detailed in Chapter 4 and Chapter 8 should also be automated to 

provide a real-time plant-wide control performance assessment of the plant. This feature 

will allow visualization capabilities to be achieved and to provide a real-time control 

performance snap shot of the industrial plant. This real-time control performance 

assessment will allow plant operations improvement teams to coordinate tasks to 

improve the plant performance and measure the improvement once completed. 

The computational effort of a large-scale system implementation, including hundreds of 

control loops, must be considered. The current performance when scaled, may lead to 

time durations unaccepted by engineers. Conducting several Harris Index Performance 

Assessment activities in parallel on computer hardware may assist in improving the 

time to result of the algorithm.  

Control performance assessments of complex industrial plants is the first step is 

improving the performance of the process from an automation perspective. Conducting 

the control performance activities in real-time with visual capabilities will allow 

technical and operational staff to identify degradation in control performance at a 

glance. Figure 9-1 presents a conceptual view of a complex industrial plant. The areas 

represented in red and yellow illustrate the control schemes within the industrial plant 

that exhibiting control performance issues. The visual capability of the graphed 
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industrial plant representation allows the technical and operational staff to quickly 

identify areas of improvement. 

 

Figure 9-1 Conceptual Representation of a Graphed Industrial Plant 

 

The OCTOGRAPH methodology is like any other development, with incremental 

improvements and the addition of features to increase the accuracy of the result will add 

to the value of the solution. As industrial plants become more complex and the technical 

and operations staff, become increasingly rare in remote operations, methodologies such 

as this will become irreplaceable. The capability to rapidly identify problem control 

areas and implement control structures to address these deficiencies, rapidly, will yield 

in production performance, realised by cash flow to the business. 
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APPENDIX A DEPLOYING THE CONTROL BLOCK DIAGRAM 

DESIGN 

 

 

To demonstrate the applicability and effectiveness of the methodology proposed, it must 

be applied. To apply the control block diagram proposed in Chapter 7, the reader must 

first be familiar with control system nomenclature. Once familiar with the control 

system architecture and the interconnections, the programmable logic controller 

program code will be reviewed. This code is the implementation of the control bock 

diagram introduced in Chapter 7. 

 

INTRODUCTION 

This appendix now discusses the environment of control systems terminology and 

application relating to programmable logic controllers and the associated hardware. This 

introduction is applicable to understand how the control block diagrams proposed in 

Chapter 7 translate to an implementation within a control system environment of an 

operating mineral processing plant.  

The appendix firstly reconfirms the open and closed loop definitions and then 

introduces the programmable logic controllers and the associated hardware. The 

definition of continuous process control is defined as it directly relates to the continuous 

approach of the implementation. The language structure within the programmable logic 

controllers is then defined, allowing understanding of the code developed for 

implementation. The deployment methodology is then discussed illustrating the location 

of the code and specific modules. Due to the detail of the logic, each function block 

code diagram is included in Appendix A. 

The process runs continuously. For such an application, continuously means over a 

relatively long period of time. The time period may be measured in minutes, days or 

even months depending on the process. 

The major components of a control system are shown in Figure 11-1. They are divided 

into the general functions that must occur in the system.  



Chapter 11 Appendices 

 

     175 

 

 

Figure 11-1 General Control System 

 

STRUCTURE OF CONTROL SYSTEMS 

The block diagram shown in Figure 11-1 describes a general control system. This 

means that all elements likely to be found in a control system are shown, but the 

elements themselves are not described. The system described is called a closed-loop 

system. Most systems that will be discussed will be closed-loop systems. But first, to 

better understand closed-loop systems, let’s consider an open-loop system. 

 

OPEN-LOOP SYSTEM 

Figure 11-2 depicts a typical open-loop control system. A process is controlled by 

inputting to the controller the conditions believed necessary to achieve the desired result 

and accepting whatever output results.  

Compare Figure 11-2 with Figure 11-1 and note that the process sensors and the 

feedback loop are missing from Figure 11-2 because it is an open-loop system. In an 
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open-loop system, no information is fed back to the controller to determine if the 

desired result is being achieved.  

 

 

Figure 11-2 An Open-Loop Control System 

 

CLOSED-LOOP SYSTEM 

A closed-loop system is a system that measures the actual output of the process and 

compares it to the desired output. Adjustments are made by the control system until the 

difference between the desired and actual output is as small as required. The signal 

conditioning and actuators are not shown for simplicity and can be assumed to be part 

of the controller block if they are necessary. 

 

PROGRAMMABLE LOGIC CONTROLLERS 

A programmable logic controller (PLC) is a special form of microprocessor-based 

controller that uses a programmable memory to store instructions and to implement 

functions such as logic, sequencing, timing, counting and arithmetic in order to control 

machines and processes, illustrated in Figure 11-3. The manufacturers of the PLC install 

and manage the firmware that maintains event and program scheduling allowing the 

control program to be configured using a simple, rather intuitive, form of programming 

language(s). 

 

 

Figure 11-3 A Programmable Logic Controller 
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The term logic is used because programming is primarily concerned with implementing 

logic and switching operations, for example, if A or B occurs switch on C, if A and B 

occurs switch on D. Input devices such as proximity switches categorised as sensors, 

and output devices in the system being controlled, such as motors, valves are connected 

to the PLC. The control engineer then enters a sequence of instructions, a program, into 

the memory of the PLC. The controller then monitors the inputs and outputs according 

to this program and carries out the control rules for which it has been programmed. 

PLC’s have the advantage that the same basic controller can be used with a wide range 

of control systems. To modify a control system and the rules that are to be used, all that 

is necessary is for an engineer to program in a modified set of instructions.  

PLC’s are similar to computers but whereas computers are optimised for calculation and 

display tasks, PLC’s are optimised for control tasks and the industrial environment. 

 

SOFTWARE STRUCTURE FOR CONTINUOUS PROCESS 

CONTROL 

Continuous control of a variable can be achieved by comparing the actual process 

variable (PV) with the desired set point variable. Once compared the error is then 

passed to the control algorithm. The output of the algorithm (or logic sequence) then 

produces a control output, to reduce the difference. Figure 11-4 illustrates this by means 

of a block diagram. The actual process variable of the variable is compared with the set 

point variable and a signal obtained representing the difference or error. A controller 

(executing the control algorithm) then takes this difference signal and gives an output to 

an actuator to give a response to correct the discrepancy. Such a system is said to be 

closed-loop control. 

 

 

Figure 11-4 Continuous control 
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Figure 11-5 shows the arrangement that is used with a PLC used to exercise the closed-

loop control. It has been assumed that the actuator and the measured values are 

analogue and thus require conversion to digital; analogue-to-digital and digital-to-

analogue units have thus been shown. 

 

 

Figure 11-5 PLC for closed-loop control 

With proportional control the controller gives an output to the actuator which 

proportional to the difference between the actual process variable and the set point 

variable, i.e., the error (Figure 11-6).  

 

 

  

Figure 11-6 

Proportional control 

Figure 11-7 Integral 

control 

Figure 11-8 Derivative 

control 

 

Such a form of control can be given by a PLC with basic arithmetic facilities. The set 

point variable and the actual process variables are likely to be analogue and so are 
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converted to digital and then the actual process variable is subtracted from the set point 

variable. The difference then multiplied by the proportional constant 𝐾𝑃, to give the 

output, which after conversion to analogue is the correction signal applied to the 

actuator: 

 𝒄𝒐𝒏𝒕𝒓𝒐𝒍𝒍𝒆𝒓 𝒐𝒖𝒕𝒑𝒖𝒕 (𝒖) =  𝑲𝑷 ×  𝒆𝒓𝒓𝒐𝒓 (𝒆)            ( 11-1) 

Proportional control has a disadvantage in that, because of time lags inherent in the 

system, the correcting signal applied to the actuator tends to cause the variable to 

osciallate about the set value. What is needed is a correcting signal which is reduced as 

the variable gets close to the set value. This is obtained by PID control, the controller 

giving a correction signal which is computed from a proportional element, the P term, 

an element which is related to the rate at which the variable is changing, the derivative 

D term. With integral control the controller output is proportional to the integral of the 

error with time, i.e., the area under the error-time graph (Figure 11-7). 

𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑟 𝑜𝑢𝑡𝑝𝑢𝑡 =  𝐾𝐼 ×  𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑙 𝑜𝑓 𝑒𝑟𝑟𝑜𝑟 𝑤𝑖𝑡ℎ 𝑡𝑖𝑚𝑒       (11-2) 

With derivative control the controller output is proportional to the rate at which the error 

is changing, i.e., the slope of the error-time graph (Figure 11-8): 

𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑟 𝑜𝑢𝑡𝑝𝑢𝑡 =  𝐾𝐷 ×  𝑟𝑎𝑡𝑒 𝑜𝑓 𝑐ℎ𝑎𝑛𝑔𝑒 𝑜𝑓 𝑒𝑟𝑟𝑜𝑟        (11-3) 

The term tuning is used for determining the optimum values of 𝐾𝑃, 𝐾𝐼 and 𝐾𝐷 to be used 

for a particular control system. Many PLC’s provide the PID calculation to determine 

the controller as a standard routine. 

 

LOGIC PROGRAMMING 

To clarify the interpretation of the logic implemented within the controller (illustrated in 

Appendix A), an introduction to programming a PLC using function block diagrams 

must be discussed. It is concerned with the basic techniques involved in developing 

such programs to present basic switching operations and algorithmic execution. This 

research only presents an introduction to PLC programming. Programming of a PLC to 

achieve an implementation result detailed in this thesis requires an advanced 

understanding of the control systems hardware and programming capabilities. 
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FUNCTION BLOCK DIAGRAMS 

The programming format used for the programs within the mineral processing plant is 

function block diagrams. An example of the representation of function block diagrams 

is illustrated in Figure 11-9 and Figure 11-10.  

 
 

Figure 11-9 XOR gate Figure 11-10 Logic diagram 

 

A function block is a program instruction unit which, when executed, yields one or 

more output values. Thus a block is represented in the manner shown in Figure 11-11 

with the function name written in the box.  

 

Figure 11-11 Function block diagram 

 

When interlinking the block to execute a control instruction the execution of the block 

diagram is from left to right. For example Figure 11-9, the two NOT blocks will be 

executed first, then the two AND blocks and then finally the OR block.  

 

DEPLOYMENT CONTROL SYSTEM ARCHITECTURE 

Distributed digital control permits the distribution of the processing for each task among 

several control elements. Instead of just one central PLC located at a central control 

point, each local loop controller has digital processing capability. A block diagram of a 

distributed control system which allows both local and remote monitoring points is 
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shown in Figure 11-12. This system allows changing of set points and cascading of 

different local control loops by passing the information through the central control PLC. 

All of the local loop information can be passed to the central computer so that it can be 

monitored easily by the operator. At the same time, each individual control loop 

operates independently from the others so that any communications failure or central 

computer overload does not affect the operation of any of the real-time process control 

loops. The only effect would be the inability to monitor the loops, or to pass information 

from one loop to another, or to change the set points from the central control site. 

 

Figure 11-12 Distributed Digital Control System Block Diagram 

 

Each digital processor solves the control equations for its local loop under software 

control. Analog sensors and analog actuators are interfaced to the system with A/D and 

D/A converters. Many times other logic functions can be added easily and new 

requirements can be added by reprogramming one or all of the digital processors. As a 

result, digitally-based controllers represent the present direction in the design of 

continuous control. The distributed digital control approach is representative of the 

control system architecture within the industrial plant. 

The control block diagrams (program) detailed in Appendix A, is deployed in a single 

PLC, referring to Figure 11-12 as an example, PLC 1 will have all the additional control 

block diagrams. Inputs and outputs however are obtained from other PLC’s. These 

inputs and outputs are obtained via the communication path between each PLC. 
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CONCLUDING REMARKS 

The control systems infrastructure within the industrial plant has been introduced. The 

concept of a controller, input and output arrays and the network architecture of a 

distributed control systems is common across vendors or manufacturers of control 

system hardware. The communication protocols maybe different depending on the 

manufacturer and physical size of the installation.  

The conceptual location, implementation approach and structure of the code relating to 

the adopted control system hardware configuration is defined. The code implemented in 

the programmable logic controller wasn’t discussed. The detailed programmable logic 

controller code implemented is detailed in Appendix A. Each code module and 

subsection within the Appendix A corresponds to the block defined in Figure 11-14. 

The code was implemented on a single controller within the mineral processing plant 

illustrated in Figure 3-2. Information, such as cyclone distributor pressure, was 

transferred from localized programmable logic controllers and input modules to the 

controller to be programmed. 
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APPENDIX B THE CONTROL STRATEGY 

 

INTRODUCTION 

The automatic clustering characteristic of the Cyclone Feed Density, Cyclone Feed 

Pressure, Cyclone Feed Flow, Recycle Discharge Flow and the Trommel Tank 

Volumetric Level, illustrates that these process variable set points require a supervisory 

control structure which interconnects these variables. A symbolic representation of this 

interconnection is illustrated in Figure 11-13. 

To maintain a stable classification (operating) point, plant equipment must be 

coordinated to maintain sub-process objectives. Plant-wide coordination of plant 

equipment can only be achieved by a plant-wide control scheme. The control scheme 

that will return the industrial plant to the desired operating point is illustrated in Figure 

11-14. The process variables targeted for coupling (illustrated in Section Figure 7-14) 

are identified in red in Figure 11-14. 

The following subsections will aim to detail the mathematical structures within each 

module of the Classification Control Scheme detailed in Figure 11-14. Each module has 

a specific process objective, when coordinated in a plant-wide structure such as Figure 

11-14, processing plant objectives can then be achieved. 

To maintain a stable classification point the Control Room Operator manually adjusts 

the set point of the recycle flow controller and the cyclone feed flow controller. As the 

feed rate to the mineral processing plant varies the recycle flow controller and the 

cyclone feed flow controller set point(s) should be adjusted with co-ordination. This is a 

challenge as this co-ordination should be achieved in real-time. The methodology shows 

that within the Classification Area of the industrial plant the manual manipulation is in 

effect, however the implementation of a control scheme (automatic control) will 

increase this performance.  
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𝑅𝑟(𝑠)    Recycle Flow Reference signal or set point 

𝐸𝑟(𝑠)    Loop feedback error 

𝐺𝑟𝑐(𝑠)   A device that performs a control law (algorithm) 

𝐷𝑟(𝑠)   Recycle Flow Process disturbance 

𝑈𝑟(𝑠)   Recycle Flow Actuating signal or controller output 

𝐺𝑟(𝑠)   Recycle Flow Controlled process 

𝑌𝑟(𝑠)    Recycle Flow Controlled variable or process output 

𝑁𝑟(𝑠)     Instrument error or feedback loop disturbance 

𝑅𝑐𝑓(𝑠)    Cyclone Feed Flow Reference signal or set point 

𝐸𝑐𝑓(𝑠)    Loop feedback error 

𝐺𝑐𝑓𝑐(𝑠)   A device that performs a control law (algorithm) 

𝐷𝑐𝑓(𝑠)   Cyclone Feed Flow Process disturbance 

𝑈𝑐𝑓(𝑠)   Cyclone Feed Flow Actuating signal or controller output 

𝐺𝑐𝑓(𝑠)   Cyclone Feed Flow Controlled process 

𝑌𝑐𝑓(𝑠)    Cyclone Feed Flow Controlled variable or process output 

𝑁𝑐𝑓(𝑠)     Instrument error or feedback loop disturbance 

𝑅𝑑50(𝑠)    Cyclone Classification Cut-point Reference signal or set point 

𝐸𝑑50(𝑠)    Cyclone Classification Cut-point Loop feedback error 

𝐺𝑑50𝑐(𝑠)   A device that performs a control law (algorithm) 

𝑈𝑑50(𝑠)   Cyclone Classification Cut-point Actuating signal or controller output 

𝐺𝑐𝑓𝑑(𝑠)   Cyclone Feed Density Controlled process 

𝑌𝑐𝑓𝑑(𝑠)    Cyclone Feed Density Controlled variable or process output 

𝑁𝑐𝑓𝑑(𝑠)     Instrument error or feedback loop disturbance 

 

Figure 11-13 Symbolic representation of the Supervisory Control Structure 
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The well-known Plitt cyclone model includes an equation which can be used to predict 

the 𝑑50 cut-size of a cyclone. Normally for good accuracy, these equations need to be 

calibrated to the actual performance of the cyclones. However, one of the features of the 

set of Plitt equations is that, without calibration, it can still be used to predict cyclone 

performance with reasonable accuracy. Without calibration, they should also be suitable 

for predicting variability in the 𝑑50. The Plitt 𝑑50 equation has been used here, with 

cyclone dimensions from the Linatex cyclone manual (with the modified, larger, 

spigot), and using the default correction coefficient of 1.0. 

The estimated 𝑑50 calculated from the cyclone feed conditions using historical values 

of feed flow and density and number of cyclones, but only while the plant has feed on 

(>1000 tph). The data sheet indicates a design 𝑑50 of 142 microns. The average d50 

estimated from the operating conditions and cyclone model (140.5 µm) agrees well with 

design values. 

There is wide variation of the 𝑑50 over time (standard deviation 26.7 µm). In particular, 

it appears that the density variations make a large contribution to the 𝑑50 variation. 

From the model, a slurry SG change 1.5 to 1.4 will reduce the 𝑑50 by 70 microns (at a 

rate of 3100m³/h). Such density changes are caused by changes to plant feed rate 

without a corresponding change to the cyclone feed flow. 

Although cyclone feed flow and density cannot be independently regulated (for a 

constant plant feed rate of solids), increasing the cyclone flow (and also recycle or water 

addition) decreases the density, both of which will cause a decrease in d50. So varying 

the flow can manipulate the cyclone d50 cut-size over a wide range. Clearly, this can 

only be done above minimum feed flow and below maximum cyclone pressure. A small 

level of density/flow independence can be introduced by adding more water and 

backing out recycle, but in the interests of minimising water addition, this is ignored. 

As feed rate changes, the different parts of the plant react in a sequence as the increased 

flow has an effect. However, because the plant has a recycle, some corrections to the 

plant control cannot wait until the local control schemes notice a local change 

(disturbance) to the unit operation. It is much better to deliberately coordinate all the 

plant’s unit operations so that the plant can more quickly respond to a feed rate change 

(or, for example, a module being shutdown). 
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For such plant coordination, this capability requires feedforward control between the 

feed rate and other parts of the plant, and between various interacting parts of the plant 

units themselves. In particular, an integrated plant control would be expected to include 

the major feed forward elements: 

Around the level control of the trommel tank, calculating a mass-balance for solids and 

water to ensure fast feed-forward control (from feed rate, cyclone feed flow and recycle 

density) of tank level with feedback control only being required to trim the level to the 

set point. It is expected that most of the level control would be achieved through 

manipulation of the recycle flow, to minimise water usage. 

Calculating the correct cyclone feed flow to maintain cyclone d50. This would be based 

on the plant feed rate, the number of cyclones on-line and recycle density. 

The control structure proposed utilizes the PID controller common within the control 

systems of industrial plants. Additional detail and control systems architectures specific 

to industrial implementations are specified in Appendix A. 

 

 

Figure 11-14 Classification Control Scheme 
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MODULE [A]: PLANT FEED PROCESS CALCULATIONS 

 

To achieve classification stability a fundamental estimation of the plant feed rate must 

be established. Figure 11-15 details the mass flow rate calculation, incorporating the 

scaled apron feeder speed, an assumed apron feeder bed level and bed width and crude 

ore bulk density. 

 

Figure 11-15 Apron Feeder Mass Flow Control Calculation 

The Plant Classification Control Scheme illustrated in Figure 11-14, requires the Actual 

Plant Feed Rate Dry Crude Bauxite value as an input to the Plant feed process 

calculations. This calculation is achieved in Figure 11-16. This value will be coupled 

with the feed moisture content as a percentage to determine a Plant Feed solid and 

liquid phase volumetric flow. 

 

Figure 11-16 Plant Feed Rate Estimation – Correction Control Calculation 
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The incoming plant feed solids and moisture streams are converted into equivalent 

volumetric flow-rates. To calculate the equivalent volumetric flows from mass flows, 

the nominal SG for each phase is required. 

Nominal SG of water               : 1.0 tonne / m3 

Nominal SG of bauxite solids  : 2.4 tonne / m3 

The equation to determine the equivalent volumetric flow rates for each of the solids 

and liquid phases is given by Equation 11-4. 

 𝜸 =
𝜷

𝜶
          ( 11-4 ) 

 where  

 𝛾 = Phase Volumetric Flowrate (𝑚3/ℎ) 

 𝛽 = Mass feed rate (𝑡𝑝ℎ) 

 𝛼 = Phase Density ( 𝑡𝑜𝑛𝑛𝑒/𝑚3) 

 

The plant feed material has a nominal 12% water content by mass. This calculation 

determines the mass rate of water going into the plant via the plant feed. The equation to 

determine the water mass flow rate is given by Equation 11-5. 

 𝝉 = 𝝋 ×
𝝎

𝟏𝟎𝟎−𝝎
            ( 11-5 ) 

where 

𝜏 = Feed Water Mass Flowrate (𝑡𝑝ℎ) 

𝜑 = Dry Plant Feed Rate (𝑡𝑝ℎ) 

𝜔 = Feed Moisture (%) 

 

MODULE [B]: CYCLONE FEED FLOW PROCESS 

CALCULATIONS 

 

When a sudden drop has been detected in the plant feed rate, apply rate of change 

limiting to the decay of the calculated cyclone feed flow set point. This allows the SG in 
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the cyclone feed tank to reduce close to that of water so that the cyclone feed line does 

not become bogged. 

The rate of change limiting to the cyclone feed set point is removed once the actual 

plant feed rate has exceeded the calculated plant feed rate requirement to achieve the 

desired cut point given the current cyclone feed flow set point. 

When the plant loses feed, it is undesirable to allow the cyclone feed flow set point to 

drop off to the minimum flow instantaneously as the SG in both the Trommel tank and 

the cyclone feed flow pipe is still quite high. In addition, there is the transport delay 

time through the scrubber and also a natural decay time constant for the cyclone feed 

flow density of an additional 160s. 

To handle the lowering of cyclone feed flow during loss off feed, calculate the 

maximum rate of change for the cyclone feed flow PID solver so that the flow is 

steadily ramped down to minimum flow at plant idle. Under any other operating 

condition, the rate-of-change is not applied (i.e. zero rate of change). 

Given a recycle flow fractional solids value from the recycle stream density 

measurement and a mass-flow rate of dry plant feed, the mass flow rate of solids to the 

cyclones can be calculated by combining the two solids streams. 

The calculation for cyclone solids mass-flow rate is given by Equation 11-6. 

𝑓𝑐𝑠 = 𝑓𝑟𝑑𝑝 + (𝑟𝑚𝑓 × 𝑓𝑣𝑟 × 𝑓𝑟)        (11-6) 

 where 

 𝑓𝑐𝑠 = Cyclone Solids Mass-Flow Rate (𝑡𝑝ℎ) 

 𝑓𝑟𝑑𝑝= Dry Plant Feed Rate (𝑡𝑝ℎ) 

 𝑟𝑚𝑓 = Recycle Solids Mass Fraction 

 𝑓𝑣𝑟= Recycle Volumetric Flow Rate (𝑚3/ℎ) 

 𝑓𝑟= Recycle Flow Rate (SG) 

Given a recycle flow % solids from the recycle stream density measurement and a mass-

flow rate of the water contained in the plant feed, the mass flow rate of liquid to the 

cyclones can be calculated by combining the two liquid streams. 

The calculation for cyclone liquid mass-flow rate is given by Equation 11-7. 
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 𝑓𝑐𝑙 = 𝑓𝑓𝑚 + (𝑟𝑚𝑓 × 𝑓𝑣𝑟 × 𝑓𝑟)       (11-7) 

 where 

 𝑓𝑐𝑙 = Cyclone Liquid Mass-Flow Rate (𝑡𝑝ℎ) 

 𝑓𝑓𝑚= Feed Water Mass Flow Rate (𝑡𝑝ℎ) 

 𝑟𝑚𝑓 = Recycle Solids Mass Fraction 

 𝑓𝑣𝑟= Recycle Volumetric Flow Rate (𝑚3/ℎ) 

 𝑓𝑟= Recycle Flow Rate (SG) 

The cyclone feed solids and liquid streams are converted into equivalent volumetric 

flow-rates. To calculate the equivalent volumetric flows from mass flows, the nominal 

SG for each phase is required. 

Nominal SG of water              : 1.0 tonne / m3 

Nominal SG of bauxite solids : 2.4 tonne / m3 

The cyclone solids volumetric rate and the total cyclone flow volumetric rate can be 

used to calculate the equivalent volume percentage of solids flowing to the cyclone. The 

calculation for cyclone feed flow solids in percent is given by Equation 11-8. 

 𝒗𝒔𝒄 =
𝟏𝟎𝟎.𝟎 ×𝒇𝒄𝒔𝒗

𝒇𝒕𝒄𝒗
        (11-8) 

 where 

 𝑣𝑠𝑐 = Volumetric Solids Cyclone Feed (%) 

 𝑓𝑐𝑠𝑣= Cyclone Solids Volumetric Flow Rate (𝑚3/ℎ) 

 𝑓𝑡𝑐𝑣 = Total Cyclone Feed Volumetric Flow Rate (𝑚3/ℎ) 

 

The cyclone volumetric flow per cyclone in litres per minute can be calculated by 

dividing the total cyclone feed flow by the number of cyclones in service. 

The calculation for cyclone feed in litres per minute is given in Equation 11-9. 

 𝑓𝑐 =
𝑓𝑡𝑐𝑣×1000.0

𝑓𝑐𝑣
0.45          (11-9) 

 where 
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 𝑓𝑐 = Cyclone Feed Rate (𝐿/𝑚𝑖𝑛) 

 𝑓𝑡𝑐𝑣 = Total Cyclone Feed Volumetric Flow Rate (𝑚3/ℎ) 

 𝑓𝑐𝑣 = Volumetric Feed Flow per Cyclone (𝐿/𝑚𝑖𝑛) 

 

MODULE [C]: PLITT HYDROCYCLONE MODEL 

CALCULATIONS 

 

The classification action of the hydrocyclone depends on a balance between the 

hydrodynamic drag forces that tend to convect the particle toward the axis and the 

centrifugal force that tends to move the particle outward towards the wall of the cone. 

The 𝑑50 size will be determined for the particle that finds these two forces in balance 

and this gives rise to the equilibrium orbit hypothesis. This hypothesis allows some 

general conclusion to be drawn for predicting 𝑑50 as a function of hydrocyclone 

geometry and operating conditions. The performance of the hydrocyclone is strongly 

influenced by the short circuit to underflow and this is determined by the volumetric 

flow split between over - and underflow. The volumetric flow split, S, is a function 

primarily of the ratio of spigot to vortex finder diameters but is also a strong function of 

the total feed rate. As the flowrate through the hydrocyclone increases, the diameter of 

the air core increase choking off the underflow. This effect has not been 

comprehensively studied and we use a correlation developed by Plitt based on 

experimental data. 

 

 
gf

c

dc

ou

b

ou

HD

hDDDDa
S

)54.0exp()()/( 22 +
=      (11-10) 

where 

 =S volumetric flowrate in underflow / volumetric flowrate in overflow 

 =uD  spigot diameter 

 =oD  vortex finder diameter 
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 =cD  cyclone diameter 

 =  volume fraction solids in the feed 

 =h  vortex finder to spigot distance 

 =H  slurry feed head 

 

Plitt recommends the following values for hydro-cyclone operating with free discharge 

a = 3.79 b = 3.31 c = 0.36 d = 0.54 f = 1.11 g = 0.24 

The inverse dependence on the feed head H should be noted. As the head increases the 

flow through the hydro-cyclone increases, the centrifugal field increases and the air core 

expands choking off the discharge from the spigot. 

Plitt uses the Rosin-Rammler model to describe the partition function which requires 

two parameters 𝑑50 and  . Plitt has correlated these parameters in terms of the 

cyclone geometry and the operating variables given by Equation 11-11. 
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−
=        (11-11) 

 

iD  is the inlet diameter and Q  the volumetric flowrate to the cyclone. 

Recommended values for the constants are 31069.2 =a  and 46.0=b  6.0=c  

21.1=d  71.0=f  38.0=g  45.0=i . With this value of cdba 50,, from the equation 

above will be in microns. Plitt’s model for cd50  is consistent with the main conclusions 

drawn from the equilibrium orbit hypothesis in that cd50  varies roughly in proportion to 

the cyclone diameter (cyclone size to the power b+c+d-f-g = 1.18) and inversely with 

feed rate to a power less than 1.0 the 0.5 power dependence on 
fs  − in dictates that 

the interaction between particles and fluid is governed by Stokes Law but higher values 

can be used.     

The cut – point for a cyclone can be calculated given cyclone geometry, % solids flow 

and the feed flow to the cyclone in L/min. 
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The Plitt model for cut – point for these cyclones is given by Equation 11-12. 

 
k

sfu
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45.038.071.0

5.021.16.046.0
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−

=



   (11-12) 

 

MODULE [D]: RECYCLE FLOW PROCESS CALCULATIONS 

 

A recycle flow density measurement can be used to calculate the equivalent fraction of 

solids flowing in the recycle stream. The solids fraction is required so that the recycle 

stream can be broken down into solids and liquid stream components. 

The calculation for recycle solids mass flow in fractional terms is given by Equation 11-

13. 

 

 𝑹𝑺𝒎𝒇 =
𝑭𝑺𝑺𝑮×(𝑹𝒇𝑺𝑮−𝑾𝑺𝑮)

𝑹𝒇𝑺𝑮×(𝑭𝑺𝑺𝑮−𝑾𝑺𝑮)
      (11-13) 

where 

𝑅𝑆𝑚𝑓 = Solids Recycle Mass Fraction 

𝐹𝑆𝑆𝐺  = Feed Solids Density (𝑆𝐺) 

𝑅𝑓𝑆𝐺  = Recycle Flow Density (𝑆𝐺) 

𝑊𝑆𝐺  = Process Water Density (𝑆𝐺) 

 

It is desired to have minimal fresh water addition to maintain the level in the Trommel 

tank. If no additional fresh water is to be used to maintain the tank level, there must be a 

volumetric flow balance condition present around the Trommel tank. 

The recycle volumetric flow can be calculated to maintain a volumetric balance 

condition given by Equation 7.11. 

 𝒇𝒓𝒗 = 𝒇𝒄𝒇𝒗 − (𝒇𝒑𝒇𝒔 + 𝒇𝒑𝒇𝒍)      (11-14) 

where 

𝑓𝑟𝑣 = Recycle Volumetric Flow Rate (𝑚3/ℎ) 
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𝑓𝑐𝑓𝑣 = Cyclone Feed Volumetric Flow Rate (𝑚3/ℎ) 

𝑓𝑝𝑓𝑠 = Solids Volumetric Flow of Plant Feed (𝑚3/ℎ) 

𝑓𝑝𝑓𝑙 = Liquid Volumetric Flow of Plant Feed (𝑚3/ℎ) 
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APPENDIX C IMPLEMENTED PLC LOGIC 

 

This section details the programmable logic controller (PLC) code implemented to 

maximize throughput. For guidance of the interconnections of each code module 

illustrated in this appendix, refer to Appendix B. 

 

MASS BALANCE ADJUSTED CALCULATED TPH FEED RATE 

 

APRON FEEDER FEED FILTERING – SIGNAL SMOOTHING 
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RECYCLE SG LIMITING AND CYCLONE FEED FLOW LIMITING 
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CYCLONE FEED FLOW – RATE OF CHANGE SET / RESET 

 

CYCLONE FEED FLOW SET POINT RATE OF CHANGE LIMITING ON LOSS OF 

PLANT FEED 
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APRON FEEDER MOISTURE FLOWRATE CALCULATION 

 

APRON FEEDER FEED SOLIDS AND MOISTURE VOLUMETRIC FLOW 

CALCULATIONS 
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VOLUMETRIC BALANCE CALCULATION FOR DETERMINING THE RECYCLE 

FLOW REQUIRED 

 

RECYCLE FLOW SOLIDS FRACTION CALCULATION 
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CYCLONE FEED FLOW SOLIDS MASS-FLOW CALCULATION 

 

 

CYCLONE FEED FLOW LIQUID MASS-FLOW CALCULATION 
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CYCLONE FEED FLOW SOLIDS AND MOISTURE VOLUMETRIC FLOW 

CALCULATIONS 

 

CYCLONE FEED FLOW PERCENT SOLIDS CALCULATION
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VOLUMETRIC FLOW PER CYCLONE CALCULATION – LITRES PER MINUTE 

d50 CYLONE CUT-POINT CALCULATION  
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d50 CYCLONE CUT-POINT MODEL SOLVER USING PID CONTROL 

 

 

 




