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Synopsis 

The efficient use of public funds for the structural integrity of bridge networks 

requires the implementation of an effective Bridge Management System (BMS). 

However, for long-term planning strategies in current asset management practice, there 

are some fundamental shortcomings associated with the health status of bridge elements. 

Although extensive research have been carried out to improve the overall quality of 

BMS outcomes, existing deterministic and probabilistic/stochastic deterioration 

modelling techniques are still limited in scope and application. This is attributable to a 

number of reasons including the lack of usable condition rating data due to late uptake 

in BMS implementation, and incompatible inspection records format. The situation is 

further aggravated by the randomness of data distribution related to various 

maintenance history and inconsistent bridge inspection processes. 

To overcome the abovementioned shortcomings, this study presents an integrated 

bridge deterioration method that can predict reliable long-term performance of bridge 

elements for various situations in terms of the quantity and distribution of available 

condition rating data. The method is developed in two stages. The first stage is to 

develop a categorisation process and a selection process, which incorporate a previously 

developed Backward Prediction Model (BPM), and the commonly used state- and time-

based deterioration models. The categorisation process groups similar elements together 

thereby identifying the common deterioration patterns. The proposed process takes into 

consideration the environmental conditions, bridge and material types, construction eras 

as well as traffic conditions. The selection process on the other hand automatically 

selects the most appropriate model (i.e. state- or time-based with or without BPM) for 

long-term prediction based on the nature of the available condition data. In cases of late 

uptake of BMS implementation, the BPM is employed to generate the missing historical 

inspection records.  

The proposed integrated method developed in Stage 1 is applicable to four different 

situations in terms of the quality, quantity and characteristics of available bridge 

inspection records:  
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 Situation 1 - suitable only for the time-based deterioration model; 

 Situation 2 - suitable for the time-based deterioration model incorporating 

BPM-generated missing historical inspection records; 

 Situation 3 - suitable only for the state-based deterioration model;  

 Situation 4 - suitable for the state-based deterioration model incorporating 

BPM-generated missing historical inspection records. 

The application is demonstrated using the inspection records provided by Queensland 

Department of Transport and Main Roads (QTMR) for the Gold Coast regional bridge 

network. The long-term deterioration prediction outcomes for the network are checked 

using individual bridge elements viz deck slab, pile cap and footways. The accuracy and 

reliability of the predictions are satisfactory. 

The outcome of the Stage 1 study confirms that the proposed integrated method is 

more effective than the stand-alone model (i.e. state- or time-based) in predicting long-

term performance of bridge elements. However, despite the advances attainable in the 

proposed method, the regression process used in the state-based model is unable to 

produce meaningful long-term performance curves especially in cases where there are 

inadequate inspection records. This is a limitation that necessitates further improvement. 

Such is achieved through the development work undertaken in the study in Stage 2, 

where an Elman Neural Network (ENN) technique replaces the regression process in the 

state-based model. The use of the ENN technique is shown to be capable of generating 

meaningful network performance curves which cannot be produced even by the third-

order polynomial regression function. The reliability of the performance curves is 

verified through the inspection records of selected bridge elements in the QTMR Gold 

Coast regional network.  

To further demonstrate the advantages of the improved ENN-based integrated 

method in long-term bridge performance prediction, case studies are conducted using 

actual condition rating data selected from the U.S. National Bridge Inventory (NBI) 

database. Comparisons with the standard Markovian-based deterioration procedure 

indicate that the prediction outcomes due to the proposed integrated method is more 
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accurate and reliable and, consequently, can be used to improve the performance of 

BMSs currently in use worldwide. 
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Chapter 1 Introduction 

 

 

 

 

1.1 General Remarks 

Civil engineering infrastructure facilities play an essential role in the economy and 

community wellbeing of a nation. These facilities can be categorised into transport, 

building, energy, water, wastewater and telecommunication. In Australia, infrastructure 

construction activities have increased sharply since 2001 due especially to the rapid 

development of transport, water management and energy generating facilities. 

Australian Infrastructure Statistic Yearbook (BITRE, 2012) states that major 

infrastructure construction activities accounted for 10.5% of Australian Gross Domestic 

Product (GDP) in the 2011 Fiscal Year. The total value of the major construction works 

done in the said Fiscal Year was A$51 billion which constituted an 8.7% increase from 

the preceding Fiscal Year. 

Transport facilities are one of the most demanding items among all categories of 

infrastructure. In Australia, such facilities include roads, bridges, railways, ports and 

harbours. Figure 1.1 shows the distribution of the Australian government expenditure on 

major infrastructure categories averaged from 2006 to 2011. It can be seen that transport 

infrastructure construction has consumed 49% of the Australian government budget. 

Under the transport category, roads and bridges are the most visible and expensive 

infrastructure assets. Figure 1.2 illustrates that 72% of the transport facility budget was 

used for road and bridge constructions (BITRE, 2012).  
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Figure 1.1 Distribution of Australian government expenditure for major infrastructure 

facilities (average percentages from 2006 to 2011) 

 
Figure 1.2 Australia budget distributions of transport infrastructure (average percentages 

from 2006 to 2011) 

 

Australia maintains one of the most extensive road networks in the world. The 

Australian road network comprises more than 800,000 km of public roads – from tracks 

to local roads, arterials, highways and major freeways. There are in total more than 

37,000 bridges in Australia (Roadfacts, 2005). The total cost to State governments of 

maintaining and improving the Australian road network was A$5.27 billion in Fiscal 

Year 2003. This increased by 124% over the following ten years to A$11.79 billion 

(NTC, 2003-2012). According to the Australian Budget Report 2012-13, a total funding 

of over A$36.0 billion will be provided under the current Nation Building Program, 

with A$4.7 billion to be provided in 2012-13 for road, rail and port “initiatives” across 

Australia (Crean, 2012). The increasing investment into transport facilities will enhance 

the efficiency of freight and passenger movements, and will bring long-term economic 

benefits to various regions of the nation. However, how to effectively manage and 

Transport, 48.88% 

Energy, 24.95% 

Telecommunications, 

9.71% 

Water, 16.46% 

Roads and bridges, 

72.19% 

Railways, 18.40% 

Ports and harbours, 

9.41% 
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sustainably operate these infrastructure assets have become a crucial and challenging 

issue in asset management practice. 

 

1.2 Bridge Infrastructure Assets 

In any roadway network, bridges are considered the most critical and vital links. 

This is because complete or partial bridge failure can paralyse the overall performance 

of the roadway network and is likely to lead to all sorts of serious problems. Therefore, 

bridge networks need to be effectively managed in order to ensure their uninterrupted 

performance throughout their design life.  

 

1.2.1 Necessity for bridge asset management 

In Australia (Roadfacts, 2005), there were as at 2003 a total of 2,746 bridges on 

national highways and 11,112 on arterial roads; on the other hand, there were 23,220 

bridges on local roads, as recorded in 1996. Most of these bridges were constructed 

decades ago and have almost reached the end of their design life. For example, bridges 

constructed before year 1976 for national highways, arterial roads and local roads are 

43%, 65% and 82% respectively of the total number of bridges. This means that most 

bridges are now over 35 years old and Maintenance, Repair and Rehabilitation (MR&R) 

activities might be required to bring the bridge conditions to acceptable levels.  

In addition, increasing traffic volume, overloading, speed, and severity of the 

environmental conditions are also considered as main reasons for accelerating the 

deterioration of these bridge assets. Even for newly constructed bridges, deterioration 

caused by service conditions and deferred maintenance is growing significantly 

(Morcous, 2000). Australia’s National Transport Commission (NTC, 2003) estimates 

that bridge maintenance/rehabilitation and improvement costs for arterial and local 

roads totalled A$380 million in Fiscal Year 2003. Within a period of 10 years, such 

expenditure has increased four times to a total of A$1.6 billion in Fiscal Year 2012 

(NTC, 2012). From the aforementioned statistics, it is clear that the Departments of 

Transport or Main Roads in Australia are facing an increasingly severe challenge in 
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optimally allocating the limited MR&R budgets. Note that an efficient use of public 

funds for the wellbeing of bridge networks requires effective bridge asset management 

technology. Note also that it is particularly important to optimise future bridge MR&R 

activities within limited budgets and to provide suitable future funding requests based 

on reliable Bridge Management System (BMS) outcomes. 

 

1.2.2 Deterioration models: an essential component of a BMS 

A BMS, as a computer-based Decision Support System (DSS), is used to facilitate 

an optimum selection of the most cost-effective maintenance actions at both project and 

network levels. At the project level, the BMS assists decision makers to determine the 

optimal cost-effective maintenance actions for a specific bridge. At the network level, 

on the other hand, such a decision is made for an entire network of bridges considering 

the budget constraints (Thompson et al., 2003). To achieve this, bridge deterioration 

models have been used to predict future conditions of different bridge elements in order 

to identify future funding requirements for the bridges. Note that bridge element or 

element type refers to a group of similar structural members of a bridge – e.g. beams, 

columns, or support bearings etc. which of course deteriorate at different rates 

depending on the types of material and construction. Reliable decision-making 

capabilities of BMSs depend highly on the accuracy of the deterioration model, which 

predicts the long-term performance of bridges based on historical bridge condition 

ratings. In view of the importance of deterioration modelling as an essential component 

of a BMS, this thesis is mainly devoted to this area of research. 

 

1.3 Problem Definition 

Reliable long-term bridge performance prediction is crucial and can be used as input 

information for various key functions in a BMS including cost related and MR&R 

planning. However, the reliability of current deterioration models in predicting the long-

term bridge performance is still in doubt due to some fundamental shortcomings. They 

are elaborated in the following subsections. 
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1.3.1 Insufficient inspection records 

The long-term bridge performance is predicted based on historical condition ratings 

obtained from visual bridge inspections. Commercial BMS software has only been in 

use for 20 years and even those bridge agencies which implemented BMSs from an 

early stage, have only about 7 to 9 inspection records per bridge. Note that the accepted 

inspection frequency is once every two years. Although most bridge authorities have 

previously conducted inspections, these past inspection records are incompatible with 

what are required by a typical BMS as input. Such incompatibility is one of the causes 

for the deficiency of current BMS outcomes.  

Bridge deterioration is normally modelled as a stochastic process and is affected by 

such factors as bridge age, environmental and climatic conditions, changing traffic 

patterns due to steadily increasing traffic volumes as a result of population and 

economic growths. In addition, variable, extreme and unpredictable weather that the 

world is currently experiencing as well as floods, cyclones, heavy rain and humidity, 

different annual temperature profiles etc. are also important factors. However, these 

factors are not usually captured in current bridge inspection routines (Mauch and 

Madanat, 2001).  

 

1.3.2 Shortcomings of existing deterioration models 

The existing BMSs, such as PONTIS (Thompson et al., 1998) and BRIDGIT (Hawk 

and Small, 1998) all employ probabilistic/stochastic bridge deterioration modelling (e.g. 

Markov chain models) to predict future condition ratings. This is because it can capture 

the uncertainties and randomness of bridge deteriorations. Probabilistic/Stochastic 

models can be classified into two types, namely the state- and time-based models.  

The state-based models (e.g. Markov chain models) predict long-term bridge 

performance using transition probabilities obtained from the difference between the two 

condition states at a given discrete time interval (Jiang, 1990). To achieve reliable 

prediction outcomes, sufficient amount of condition data and reasonable data 

distribution are required by the state-based models. 
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On the other hand, the time-based models employ a probability density function of 

time, i.e. the duration required for each bridge element to deteriorate from an initial 

condition state to its next lower state (DeStefano and Grivas, 1998). A common critical 

shortcoming exists in the time-based models in that they require frequent inspection of 

condition ratings over a long observation period within the bridge service life.  

In view of the above, the decision on the appropriateness of a given modelling type 

of deterioration prediction is largely dependent on the nature of the available condition 

data (Mishalani and Madanat, 2002). In other words, the stand-alone model (i.e. state- 

or time-based) cannot guarantee workable modelling and/or reliable long-term 

prediction for various situations of condition rating input. This is particularly true for 

element level prediction because of the variability of the deterioration mechanisms from 

one element to another (Sianipar and Adams, 1997).  

 

1.4 Objectives and Activities 

The main objective of this research is to develop an integrated deterioration 

modelling methodology to effectively and reliably predict long-term performance of 

bridge elements for various situations in terms of the quantity and distribution of 

available condition rating data. For various condition rating scenarios in terms of 

insufficient data and poor data distribution, the methodology should be able to (a) 

generate workable transition probabilities; and (b) produce reliable long-term 

performance curves.  

The methodology, when fully developed, is able to accurately and reliably predict 

long-term performance of bridge elements. This in turn enables bridge agencies to 

effectively implement a BMS even with limited inspection records.  

The main activities for achieving the aforementioned objective are illustrated in 

Figure 1.3 and can be summarised as follows:  
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(a) Literature review: to critically review the existing literature and to identify the 

fundamental shortcomings in relation to insufficient condition ratings and the 

limitations of the existing deterioration modelling techniques in the BMSs. 

(b) Stage 1 development of the proposed integrated deterioration method: to 

predict long-term performance of bridge elements for various situations of 

condition rating data including insufficient data scenario and randomness of 

data distribution.  

(c) Stage 2 development of the proposed integrated deterioration method: to 

overcome the shortcoming regarding the application of the integrated method 

proposed in Stage 1. An improved ENN-based integrated method is developed 

to further enhance long-term performance prediction for various condition data 

situations.  

(d) Case studies and validations: a series of case studies are conducted to provide 

further verification of the proposed integrated deterioration method using 

National Bridge Inventory (NBI) datasets.  
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Figure 1.3 Organisation of the present study 

 

1.5 Significance and Benefits 

The significant benefits of the proposed research lie in the upgraded BMS 

technology which comprises the following advances:  

 Reliable BMS outcomes will be readily obtainable without the concerned bridge 

authority waiting until sufficient future inspection records become available 

since the missing records of earlier years can be generated using the advanced 

Backward Prediction Model (BPM) process. 

 The accuracy of BMS outcomes, as a result the enhanced process, will be greatly 

improved for planning future MR&R needs of any given bridge network. 
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 The total BMS implementation time and operational costs, on the other hand, 

will be greatly reduced.  

 The proposed integrated deterioration method being able to identify the health 

status of individual structural members helps eliminate the risks of major bridge 

failures and save billions of dollars in public funds.  

 

1.6 Thesis Organisation 

Following the introduction in this chapter, Chapter 2 covers an overview of the 

existing BMSs and their implementation around the world including major bridge 

agencies in Australia and New Zealand. A detailed review of the previous research on 

each basic component of any BMS is also conducted, which includes condition rating 

models, deterioration models, cost models and maintenance planning models (i.e. 

optimisation models). Then, the capabilities and limitations of the existing BMS models 

are discussed and research gaps are identified. This helps establish the research 

direction and formulate the proposed development work. 

Chapter 3 presents Stage 1 development of the proposed integrated deterioration 

method. The method employs a categorisation process and a selection process in 

conjunction with the Backward Prediction Model (BPM) as well as the state- and time-

based models. The application of the proposed method is demonstrated using the 

inspection records provided by Queensland Department of Transport and Main Roads 

(QTMR) for the Gold Coast regional bridge network. The long-term deterioration 

prediction outcomes for the network are checked using individual bridge elements viz 

deck slab, pile cap and footways. The accuracy and reliability of the predictions are 

satisfactory. However, the method cannot be effectively used to cover all the situations 

of available condition data and it cannot produce meaningful long-term performance 

curves.  

To overcome the limitation outlines in Chapter 3, Chapter 4 presents an improved 

integrated method (i.e. the Stage 2 development) using an Elman Neural Network 

technique (ENN) to replace the regression process in the state-based model. Four typical 
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situations of performance patterns are summarised from 192 cases in the Gold Coast 

regional network, which are incapable of generating reliable performance curves of 

bridge elements using the third-order polynomial regression function. The ENN is then 

used to replace the regression process and its superior capability in generating the 

performance curves is demonstrated. The accuracy and reliability of the ENN are 

validated using the cross-validation process with additional inspection records from 

other bridges within the same bridge network. The prediction outcomes also 

demonstrate that the improved integrated method incorporating ENN is more effective 

for various situations in terms of the quantity and distribution of available condition 

rating data. 

Following validation of the proposed method in Chapters 3 and 4, Chapter 5 

presents a further validation through a series of case studies using the datasets of 40 

bridges within the New York State network. The reliability of the proposed integrated 

method is further confirmed.  

A summary of the research outcomes is given in Chapter 6, followed by a list of 

recommendations for future study. 
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Chapter 2 Literature Review 

 

 

 

 

2.1 General Remarks 

The optimal budgeting and efficient use of maintenance funds for the structural 

integrity of bridges requires a sophisticated bridge asset management technology, while 

ensuring it is effectively implemented in helping. A Bridge Management System (BMS) 

is essential to help bridge authorities with the complex decision-making process for the 

optimum Maintenance, Repair and Rehabilitation (MR&R) strategies. The objective of 

adopting such a system is to improve and maintain the optimal health status of 

concerned bridge networks, which also provides effective analytical predictions in terms 

of condition ratings and deterioration rates etc. in addition to decision-making on 

budgeting for upcoming maintenance and the optimal maintenance strategies. Although 

BMSs have been studied worldwide for enhancement of practical bridge management 

software packages used by bridge agencies, there still remain some fundamental 

shortcomings associated with the health status of bridges for long-term planning of asset 

management strategies. 

In this chapter, a general overview of the existing BMSs and review of each 

component of a BMS including database, condition rating models, deterioration models, 

cost models and optimisation models are provided. This chapter also presents current 

research issues and research gaps in the field of bridge management, which assists in 

identifying the research direction for this thesis. 
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2.2 Overview of Bridge Management Systems (BMSs) 

2.2.1 Background 

In 1967, the collapse of the Silver Bridge between Point Pleasant West Virginia and 

Gallipolis Ohio in the United States (U.S.) resulted in a total of 47 casualties. This 

collapse occurred due to the instantaneous fracture of an eye-bar. Since this accidental 

event, the condition assessment and maintenance of highway bridges has attracted 

significantly more attention in the U.S. and worldwide. Note that no systematic 

maintenance program had been used at that time for monitoring the condition of bridge 

networks (Czepiel, 1995). 

In order to address the problems of safety in bridges, the Federal Highway 

Administration (FHWA) developed a National Bridge Inspection Program (NBIP) in 

1968. The NBIP required State agencies to catalogue and track the conditions of bridges 

on principal highways. The inspection records collected as part of the NBIP is 

submitted after each inspection period and maintained by the FHWA in the National 

Bridge Inventory (NBI) database. In 1970, the FHWA utilised the stored data in the 

NBI as the basis for funding the Special Bridge Replacement Program (SBRP). This 

program allocated the federal funding to States in order to replace bridges that were at 

most danger of failure. In 1978, the SBRP was replaced by the Highway Bridge 

Replacement and Rehabilitation Program (HBRRP) to provide funding for bridge 

rehabilitation in addition to replacement projects. The intention of this modification was 

to repair bridges before deterioration reaching a critical state (Czepiel, 1995; Morcous, 

2000). Since the early 1980s, the States and federal governments have increased their 

interest to develop BMSs. As a result, the National Cooperative Highway Research 

Program (NCHRP) commenced a program with the objective of developing a model for 

an effective BMS in 1985. In the late 1980s, the FHWA cooperated with several States’ 

Department of Transportation (DOTs) to sponsor the development of the PONTIS 

system for effective management of the bridge networks (Elbehairy, 2007). In 1991, the 

Intermodal Surface Transportation Efficiency Act (ISTEA) acknowledged the necessity 

for the preventive maintenance of bridges to minimise potential problems before they 
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occur. Consequently, the ISTEA enforced each State DOT to install and implement a 

BMS for managing their network of bridges (Elbehairy, 2007). 

 

2.2.2 Structure of a Bridge Management System  

A BMS can be defined as a rational and systematic approach to organise and carry 

out all the activities related to manage a network of bridges (Hudson et al., 1992). The 

BMS as a computer-based Decision Support System (DSS) has been developed to assist 

the bridge asset engineers to provide cost-effective decisions for planning MR&R 

activities and to identify the future funding requirements. In 1993, the ISTEA issued the 

interim final regulation which outlined the mandated requirements for a model BMS. 

This regulation was issued in conjunction with the American Association of State 

Highway and Transportation Official’s (AASHTO) Guidelines for BMSs. The ISTEA 

and AASHTO indicated that a bridge management system should include five essential 

components: (a) data storage (database), (b) condition rating model, (c) deterioration 

model, (d) cost model and (e) optimisation model for running the system (Czepiel, 

1995). The general structure of a BMS is outlined in Figure 2.1. 

 

 

Figure 2.1 Typical structure of a BMS (Steele et al., 2000) 
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Generally, a BMS that contains the abovementioned models can be used to 

effectively manage bridge assets either corporately at the network level or locally for an 

individual bridge. The system consists of guidelines and management tools to be 

implemented at all levels of bridge operation and maintenance (Austroads, 2002). 

According to Czepiel (1995), the descriptions of the five components in a BMS can be 

summarised as follows:  

(a) The database is the most essential component in a BMS. It is used to store the 

information relative to every bridge in the network. It contains bridge inventory, 

historical inspection records, maintenance records, traffic, accident reports and 

cost information.  

(b) The bridge condition rating model is based on the field inspections to assess the 

existing condition of a bridge which is then compared to its condition at the 

time of construction. The assessed condition ratings are usually used as input 

for other models in a BMS (e.g. deterioration, cost and optimisation models) to 

predict the future condition of the bridge, and in turn optimise the maintenance 

actions under various budget constraints. A detailed description of bridge 

condition rating models is presented in Section 2.4.1.  

(c) The deterioration model is a key component of a BMS and is used to predict the 

condition ratings of bridge elements for determining optimal maintenance 

strategies and estimating future funding requirements. Deterministic and 

probabilistic/stochastic deterioration models are the most prevalent techniques 

and have been widely employed in most BMSs. The deterministic models 

predict the bridge deficiency at a known, given rate, while 

probabilistic/stochastic models predict the bridge deterioration with an 

unknown rate. This unknown rate uses a probability that a bridge will actually 

deteriorate at a certain rate. Section 2.4.2 provides a detailed discussion 

regarding the bridge deterioration models.  

(d) The cost model can be divided into two types of costs: agency costs and user 

costs (Johnston et al., 1994). The agency costs are estimated to determine the 

expenditures of the maintenance actions in improving the condition of bridge 
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elements. The user costs are calculated based on the impact of deterioration on 

road users as a function of the bridge condition (Morcous, 2000). Additional 

research efforts relative to the development of the cost models are elaborated in 

Section 2.4.3. 

(e) The optimisation model is employed to determine the cost-effective MR&R 

strategies for different bridge components. Based on the outcomes of the 

deterioration and cost models, the optimisation models use life-cycle cost 

analysis to account for the maintenance performed on a bridge throughout its 

entire service life. Detailed discussions are given in Section 2.4.4. 

 

2.3 State-of-The-Art BMS Software Packages 

Several forms of BMSs have been successfully developed and implemented in many 

countries to effectively manage their infrastructures. In the U.S., several BMS projects 

were under development prior to 1991 (Elbehairy, 2007). Streaming from this, the most 

commonly utilised commercial BMS packages are PONTIS and BRIDGIT which have 

been widely adopted by the majority of bridge management authorities. The following 

is a review of the existing BMSs and their unique features. 

 

2.3.1  BMS software packages in the North America 

(a) PONTIS  

PONTIS (now known as BrM) is the predominant BMS software package used in 

the U.S. and was released in 1992 by the FHWA (Czepiel, 1995). The purpose of this 

package is to minimise costs associated with bridge maintenance while ensuring 

maximum possible condition (Thompson and Shepard, 1994). The PONTIS has five 

models: database, prediction model, feasible action model, cost model and network 

optimisation model (Thompson et al., 1998).  

PONTIS database includes all bridges and elements that are part of a network. It 

employs the Commonly Recognised (CoRe) condition rating system developed by 
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FHWA and AASHTO to classify bridge elements. The prediction model utilises the 

mathematical process of Markov chain to predict future bridge conditions at a network 

level. The Markov chain process is based on a conditional probabilistic transition matrix 

to predict the future condition of each element between fixed time increments. The 

feasible action model then prepares a response to deal with the predicted condition as to 

whether to “repair”, “maintain” and “replace” or “do-nothing”. This leads to the cost 

model which calculates the cost of the proposed response. The last model is the network 

optimisation model that uses a “top-down” approach to decide the allocation of funding 

to various bridge MR&R activities. The model employs a benefit/cost ratio to decide 

which projects give the most return for invested funding with priority given to MR&R 

projects as opposed to Level of Service (LOS) improvements.  

There are significant drawbacks within PONTIS. Firstly this software package 

differentiates between MR&R and LOS improvements which lead to user cost being 

ignored (Mohamed, 1995). Also, the incremental benefit/cost rank does not ensure that 

funds are best utilised (Ryall, 2001). Lastly, no load capacity evaluation is considered 

(Das, 1996). 

(b) BRIDGIT 

BRIDGIT was released in 1993 with the support of NCHRP (Hawk and Small, 

1998). It is similar to PONTIS in terms of its functions and capabilities. For example, 

both of these software packages adopted similar Markov process as the deterioration 

model and similar cost model (Czepiel, 1995). The major difference between BRIDGIT 

and POINTS is that BRIDGIT employs the OPBRIDGE optimisation model. 

OPBRIDGE uses the “bottom-up” approach in its optimisation model. The advantage of 

adopting this optimisation approach is that BRIDGIT can perform multi-year analysis 

and consider delaying actions on a particular bridge to a later date. In contrast, PONTIS 

only has this capability at a network level. Compared with “top-down” approach, the 

“bottom-up” approach provides better results for a small-size bridge network. However, 

with large-size bridge networks, the running speed of BRIDGIT is slower than that of 

PONTIS (Czepiel, 1995). 
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(c) Ontario Bridge Management System (OBMS) 

The state of Ontario has developed its own BMS called the OBMS to maintain its 

network of almost 3,000 bridges. OBMS was designed to be more detailed in its project 

level capabilities than any current BMS software package thus the normal project level 

has been divided into two. The project level and newly formed element level operate in 

a “bottom-up” approach with the element level results feeding the project level analysis. 

The network level process operates in a “top-down” approach similar to PONTIS 

(Austroads, 2002). 

The inspection process is similar to that of other BMSs in that the element condition 

is recorded as the percentage of each element in each condition state (Austroads, 2002). 

The deterioration model and all other condition modelling is done at the element level 

similar to BRIDGIT utilising Markov chain models. The element level analysis 

calculates multiple treatment alternatives using a database of treatments, and the outputs 

of the deterioration model and long-term cost model (Thompson et al., 2003). OBMS 

uses project level analysis to combine element alternatives into project alternatives for 

each bridge while adhering to network level budget constraints. The network level looks 

at all project alternatives for all bridges and creates program alternatives. As a result of 

the object oriented nature of OBMS there is high flexibility to change budget constraints 

(Thompson et al., 2003). As the OBMS network module is not yet fully developed, 

many regions have chosen to use it only as a storage database. Also, user costs do not 

appear to have been considered (Thompson et al., 2003). 

(d) Customised BMSs in U.S. and BMSs in other countries 

Due to regulations from the FHWA that all U.S. States must have a functional BMS 

implemented, most States have taken the opportunity to either use a commercial version 

or develop their own. Even though all States were distributed a copy of BRIDGIT to 

facilitate this regulation, the most common commercial BMS used is PONTIS or a 

variation of it due to its reliability in handling large bridge networks. Some States, such 

as Wyoming, due to either having a very small network, insufficient experience in using 

a BMS or some other reasons, only use these systems as inventories for bridge data and 

carry out all maintenance planning without any management software. Other countries 
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have typically developed their own BMS incorporating most components of a typical 

BMS to address their own individual set of priorities. Nevertheless, such countries as 

Norway (Austroads, 2002) and Poland (Mirzaei et al., 2012) have not included any 

deterioration modelling in their BMSs; this is usually due to a lack of historical datasets. 

Appendix A provides a detailed overview of the features of the BMS used by several 

U.S. States and other countries which have invested into bridge management. 

 

2.3.2  BMS software packages in Australia and New Zealand 

The major limitation regarding implementation of BMS in Australia is the lack of 

historical BMS datasets in bridge agencies (van Reyk, 1997a). Austroads (2002) 

conducted a survey to determine the status of development/implementation and usage of 

BMSs by the major bridge agencies in Australia and New Zealand. The BMS 

implementation of major road organisations in Australia and New Zealand is 

summarised in Table 2.1. 

(a) New South Wales – Roads and Maritime Services (RMS) 

RMS (previously Road and Traffic Authority (RTA)) is one of the earlier BMS 

users amongst bridge authorities in Australia. The RMS’s BMS is based on the 

inspection and condition rating principles of PONTIS. In order to satisfy the PONTIS 

input requirement using the existing applicable bridge data, the number of elements and 

condition descriptions have been custom modified (Austroad, 2002). Although the RMS 

has sufficient information to manage current bridge issues, it does not have the 

capability to predict the future condition of bridges. In other words, deterioration 

modelling and optimisation of maintenance works are not being considered in the 

RMS’s BMS (Manamperi et al., 2009).  

(b) Victoria – VicRoads 

VicRoads initiated the development of a bridge management system in 1992/93 

based on PONTIS and OBMS systems. In 1995, VicRoads created a comprehensive 

database of structures and developed the bridge inspection manual and procedures in 

order to suit the VicRoads BMS (Muruganandam et al., 2012). This BMS comprises the 
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basic modules of inventory, inspection, maintenance recording, and modules for 

capturing bridge condition history and bridge capacity assessment. In addition, the 

deterioration modelling, prioritisation and network performance reporting are all being 

considered (Austroads, 2002).  

(c) Queensland – Department of Transport and Main Roads (QTMR) 

QTMR (previously Queensland Department of Main Roads (QDMR)) initiated the 

development and implementation of the Bridge Asset Management System (BAMS) in 

1998 incorporating a Bridge Information System (BIS). The BAMS development and 

implementation strategy includes: bridge inspection and condition rating policy and 

procedures, BIS, load capacity assessment and heavy load management policies and 

procedure, and bridge maintenance policy and procedures (Austroads, 2002). In order to 

develop a more reliable BMS, the BAMS has, since 2003, been combined with the 

WHICHBRIDGE BMS software package developed by Australian Road Research 

Board (ARRB). The latest WHICHBRIDGE version 1.4 and the user manual were 

released in June 2004. It consists of the following features: (a) risk management system 

based on the probability of failure and consequence of failure; (b) bridge maintenance 

prioritisation integrated with BIS; and (c) bridge maintenance prioritisation based on a 

subjective risk assessment. As a matter of fact, the risk management approach used in 

WHICHBRIDGE is mainly based on the periodic visual bridge inspection results to 

prioritise its MR&R activities (Lee, 2007; DMR QLD and ARRB, 2004).  

(d) Western Australia – Main Roads Western Australia (MRWA) 

MRWA developed its BMS in the late 1980’s. Its BMS provides some basic 

functions, such as bridge inspection, maintenance scheduling and heavy load carrying 

capacity management for inventory and condition management (Austroads, 2002). 

However, as shown in Table 2.1, the deterioration module of MRWA’s BMS has not 

been implemented. Instead of deterioration functions, MRWA employs experienced 

bridge experts to make maintenance decisions relying on inspection reports and site 

inspection. This may have been difficult to make an optimal decision at the network 

level of MR&R decisions (Lee, 2007).  
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(e) South Australia – Department of Transport Energy and Infrastructure (DTEI) 

DTEI (previously Transport South Australia (TSA)) has been implementing its BMS 

for more than two decades. DTEI’s BMS has been revised in the early 1990’s and 

updated in 2000. Due to a small bridge network in South Australia, the DTEI’s BMS 

only includes the basic modules of inventory, inspection and maintenance planning 

(Austroads, 2002). The deterioration and prioritisation modules have not been 

considered.  

(f) Tasmania – Department of Infrastructure, Energy and Resources (DIER) 

DIER has developed a simple BMS for its needs. This system includes an inventory, 

inspection and condition modules. The system also has the capability for reporting and 

is incorporated into the Road Information Management System (RIMS). Modules for 

assessment and maintenance, safety, deterioration and prioritisation are currently under 

consideration for their viability. There is a management planning module under 

development but its features and current status are unknown (Austroads, 2002). 

(g) Northern Territory – Department of Infrastructure, Planning and Environment 

(DIPE) 

DPIE developed its BMS early, around the same time as PONTIS. Some of its 

features especially data collection are very similar to PONTIS but others are less 

advanced. The system currently has an inventory and condition module, but both 

modules require significant improvement. This is because the ratings are obscure and 

require engineering expertise for support. In 2001, there was a review in an attempt to 

improve the outputs of the system. Inspection and deterioration modules are under 

consideration for the system, with a reporting module already being developed 

(Austroads, 2002). 

(h) Australian Capital Territory – Territory and Municipal Services (TAMS)  

TAMS (previously Department of Unban Services (DUS)) has developed a BMS 

that contains inventory, inspection and condition modules but does not consider 

deterioration, maintenance planning and prioritisation. Considering the size of the 
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Australian Capital Territory (ACT) it is assumed that TAMS does not believe it 

necessary for a system with the capabilities of PONTIS due to the small number of 

bridges in their network (Austroads, 2002).  

(i) New Zealand – New Zealand Transport Agency (NZTA)  

NZTA (previously Transit New Zealand (Transit NZ)) has no formal BMS to 

manage its small network of bridges. An investigation was conducted to consider the 

implementation of PONTIS but was eventually deemed as unsuitable. This was due to 

the probabilistic analysis method that PONTIS uses which requires extensive historical 

data for accuracy (Austroads, 2002).  
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Table 2.1 BMS implementation of major road organisations in Australia and New 

Zealand (Austroads, 2002) 

Member 

authority 

BMS 

NSW 

VIC 

Roads 

DTEI 

SA 

TMR 

QLD 

MR 

WA 

DIPE 

NT 

TAMS 

ACT 

DIER 

Tas 

NZAT 

NZ 

Has BMS? Yes Yes Yes Yes Yes Yes Yes Yes No
1 

Commercial 

Model 
Yes Yes No No No No No No - 

Model Name PONTIS
2 

PONTIS - - IRIS 
3 

- - - 

BMS 

Modules: 
         

Inventory E E E E E E E E - 

Inspection E E E E E B E E - 

Assessment C C E B E A E B - 

Maintenance 

records 
D E E D E A E B - 

Condition E C E E B E
4 

E E - 

Safety 

Assessment 
C B D B B A E B - 

Maintenance 

Planning 
D B E B B A A C - 

Deterioration 

Model 
A B A A A B A B - 

Prioritisation A B A B B A A B - 

Reporting E B E
5 

B E D E E - 

Notes: 
1. NZAT has no formal BMS for management of its bridge asset, but manages its bridges 

through guidelines and manuals. 

 2. A modified version of PONTIS is used for element condition ratings. 

 3. System in place before PONTIS, but captures similar detail. 

 4. Not very effective because there is no evidence behind the notional condition ratings.  

 
5. Reports on overall condition and on overall repairs with priority grouping and targets 

from last inspections. 

Legend: A. Module not considered for inclusion in the bridge management system 

 B. Module under consideration 

 C. Module being developed 

 D. Module developed 

 E. Module populated and working 
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2.4 Bridge Management Analysis Modules 

2.4.1 Condition rating models 

Bridge condition ratings based on field inspections are snapshots in time and are 

adopted to present the existing condition of a bridge. It is also used to make important 

decisions regarding needs assessment and budget allocation (Abu Dabous and Alkass, 

2010). The bridge inspection is a path way to bridge condition ratings and an essential 

element of any BMS particularly for aged and deteriorated bridges (Rashidi and Gibson, 

2011). Inspection categories vary depending on the frequency of the inspection and the 

details required. Table 2.2 presents the main types of inspection (Narasimban and 

Wallbamk, 1998; Rashidi and Gibson, 2011). 

 

Table 2.2 Inspection categories 

Inspection type Interval Remark 

Initial (inventory) 

inspection 

On completion of 

construction 
New structures 

Routine inspection 2 years Visual inspection from ground level 

Detail inspection 5 years Close visual inspection, all defects records 

Special inspection When needed Detailed testing a particular area 

Underwater inspection 5 years Part of the detailed inspection 

 

Bridge inspection not only checks the physical condition of the bridge elements, but 

also records the condition of the element materials. Consequently, an accurate condition 

assessment should consist of both the severity of the deterioration or disrepair and the 

extent to which it is widespread in the element being inspected (Elbehairy, 2007). 

According to Aktan et al. (1996), the condition rating assessment process is firstly to 

measure the extent of structure deterioration and damage, then determine the effect of 

that deterioration and damage on the condition of an infrastructure facility (e.g. bridge). 

Secondly, establishing a scale of parameters to represent the condition of the 
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infrastructure facility as a whole, and finally comparing the existing damage or 

deterioration with historical records of the condition of the element.  

Most countries have developed their own bridge condition rating models into the 

BMSs in order to provide an assessment of the condition of a bridge. This is an attempt 

to prioritise the bridges within the constraints of the repair work necessary and limited 

budgets (Elbehairy, 2007). The most available BMSs, such as PONTIS (Thompson et 

al., 1998), BRIDGIT (Hawk and Small, 1998), the Finnish BMS (Soderqvist and 

Veijola, 1998), Danish BMS (Lauridsen et al., 1998), German BMS (Haardt, 2002) and 

J-BMS (Miyamoto et al., 2000), have employed bridge element level condition rating 

method-based field inspection procedures to keep up-to-date BMS databases (Lee, 

2007). The inspecting engineers are required to assign a numerical rating to each bridge 

element and eventually by combining the condition rating and the structural importance 

of the bridge elements, they can allocate a condition rating for major bridge components 

or, sometimes, the entire bridge (Melhem, 1994).  

In the U.S., the National Bridge Inventory (NBI) requires condition ratings for only 

three major bridge structural components: the deck, the superstructure, and the 

substructure. The FHWA (1995) has presented the commonly used numerical condition 

rating for these components with a scale from 0 to 9. Table 2.3 summarises the FHWA 

bridge condition ratings. The scales of the condition ratings represent the urgency of an 

impending loss of structural integrity, but provide little information about the type and 

location of the possible failure (Turner and Richardson, 1994). 
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Table 2.3 FHWA bridge condition rating (FHWA, 1995) 

Condition 

rating 
Description 

9 Excellent condition or new condition: no noteworthy deficiencies 

8 Very good condition: no repair needed 

7 Good condition: some minor problems; minor maintenance needed 

6 Satisfactory condition: some minor deterioration; major maintenance needed 

5 
Fair condition: minor section loss, cracking, spalling, or scouring for minor 

rehabilitation; minor rehabilitation needed 

4 
Poor condition: advanced section loss, deterioration, spalling or scouring; major 

rehabilitation 

3 
Serious condition: section loss, deterioration, spalling or scouring have seriously 

affected primary structural components; immediate rehabilitation needed 

2 
Critical condition: advanced deterioration of primary structural elements for 

urgent rehabilitation; bridge may be closed until corrective action is taken 

1 
Imminent failure condition: major deterioration or section loss present; bridge 

may be closed to traffic but corrective action can put it back into light service 

0 Failed condition: out of service and beyond corrective action 

Note: In the FHWA system, assuming that bridges are usable until the rating is reduced to a 

value of 3. 

 

In order to overcome the limitations of the NBI condition rating, the FHWA and 

AASHTO have developed the Commonly Recognised (CoRe) element condition rating. 

This system consists of 108 standardised elements, and each bridge contains an average 

of about 10 elements. Some examples of elements include: 12-Bare concrete deck, 14-

Concrete deck protected with overlay, and 101-Unpainted steel web or girder. The 

CoRe elements have been implemented by PONTIS software with five condition states: 

Protected, Exposed, Attacked, Damaged and Failed (Thompson and Shepard, 2000). 

During the bridge visual inspection process, the quantity of each element in each 

condition state is recorded which corresponds to a percentage of damaged areas. This 

condition state data can provide a direct indication of physical bridge performance and 

in turn facilitate decision-making. The element level condition data are necessary to be 

further processed in order to suit different types of agency decisions. The California 

Health Index (CHI) is a common example for generating the overall condition rating of 

one or more elements using a weighted average condition state (Thompson and Shepard, 

2000). The health index can be calculated as follows (Thompson and Shepard, 2000): 
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Health Index (HI) = (Σ CEV ÷ Σ TEV) × 100 (2.1) 

 

where, total element value (TEV) = total element quantity × failure cost of element 

(FC); current element value (CEV) = (Σ [quantity in condition state i × WF(i)]) × FC; 

and the weighting factor (WF) for each condition state is presented in Table 2.4. 

 

Table 2.4 The Weighting Factor (WF) for each condition state 

Number of condition states State 1 State 2 State 3 State 4 State 5 

3 Condition states 1.00 0.50 0.00   

4 Condition states 1.00 0.67 0.33 0.00  

5 Condition states 1.00 0.75 0.50 0.25 0.00 

Or mathematically: (WF) = 1- [(state# - 1) ÷ (state count - 1)] 

 

In addition, New York (NY) city has developed its own condition rating system in 

which all elements in the spans, the components and the entire bridges are rated from 1 

to 7 as shown in Table 2.5. 

 

Table 2.5 New York condition rating system (Yanev, 2007) 

Condition state Description 

7 As new 

6 Shade between 5 and 7 

5 Minor deterioration but function as originally designed 

4 Shade between 3 and 5 

3 Serious deterioration or not functioning as originally designed 

2 Shade between 1 and 3 

1 Totally deteriorated or failed 
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A total of 13 bridge elements are employed in the New York system and are 

assigned relative weights, as illustrated in Table 2.6. According to Yanev (2007), the 

Overall Bridge Condition Rating (OBCR) can then be obtained by the formula: 
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 (2.2) 

 

where i = 1, 2, … , n are the bridge elements considered significant to overall bridge 

condition as shown in Table 2.5; Ri  = worst condition ratings to be found on bridge for 

each element i; Wi = weights as shown in Table 2.6; and ki = normalised values of Wi. 

 

Table 2.6 Bridge elements and weights in the NY rating system (Yanev, 2007) 

i Element Weight (Wi) ki 

1 Bearing 6 0.083 

2 Back walls 5 0.069 

3 Abutments 8 0.111 

4 Wing walls 5 0.069 

5 Bridge seats 6 0.083 

6 Primary members 10 0.139 

7 Secondary members 5 0.069 

8 Curbs 1 0.014 

9 Sidewalks 2 0.028 

10 Deck 8 0.111 

11 Wearing surface 4 0.056 

12 Piers 8 0.111 

13 Joints 4 0.056 
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In Australia, the inspection methods and condition rating models have primarily 

been extracted from the AASHTO and modified by the road authorities. In addition, 

some bridge agencies have developed their own strategies for condition rating 

assessment based on the element level inspection. In order to be consistent with the 

majority of bridge inspection practices, the recommended methodology is an element 

level index based on four condition states defined by the RMS (the then RTA) in NSW 

(Rashidi and Gibson, 2012). The general description of the four condition states for 

reinforced concrete elements is presented in Table 2.7. 

 

Table 2.7 Condition state description (RTA, 2007) 

Condition state Description 

1 The element shows no deterioration 

2 
Minor cracks and spalls may be present but there is no evidence of 

corrosion or deterioration 

3 
Some delaminations, significant cracks or spans may be present or some 

reinforcement may be exposed 

4 Advanced deterioration 

 

According to this system, the Element Structural Condition Index (ESCI) can be 

introduced as (Rashidi and Gibson, 2012):  
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where, qi is the quantity of elements in each condition state ci; and ci is the value of 

each condition state, ci Є (1, 2, 3, 4).  

According to Rashidi and Gibson (2012), the Overall Structural Condition Index 

(OSCI) is estimated as follows: 
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where, CF is the causal factor (e.g. age factor, environmental factor, road type factor 

and inspection factor); Mi is the material vulnerability factor; Si is the structural 

importance factor; ESCIi is the element structural condition index; and n is the number 

of element types. 

In general, the inspected results are affected by many parameters such as inspector’s 

experience, definition of symptom or damage, level of defect categorisation and many 

others (Tarighat and Miyamoto, 2009). Element condition ratings are calculated based 

on visual inspection results which are mostly subjective and qualitative. As a result, the 

entire structure is rated both subjectively and as a chain of elements by weighted 

procedures which can be designed after the trends have been stochastically analysed 

(Yanev, 2007). In order to quantify the uncertainty and imprecision of bridge condition 

rating, published literatures in relation to the improvement of the reliability of bridge 

condition ratings are presented as follows:  

Tee et al. (1988) proposed a fuzzy mathematical approach to evaluate the bridge 

conditions. With the development of the fuzzy mathematical approach, human 

subjectivity, imprecision and personal bias can be combined systematically in the 

decision making. In their study, algorithms for Fuzzy Weighted Average (FWA) 

computation were developed to accomplish the combination of ratings and the fuzzy 

importance factors. This in turn enhances the overall ratings. Since its initial 

development, this approach has been widely adopted to develop various methodologies 

for overall condition rating assessments (Tee and Bowman, 1991; Yadva and Barai, 

2005; Sasmal et al., 2006).  

Saito and Sinha (1991) employed a Delphi approach to assist the bridge inspectors 

of the Indiana Department of Transportation (INDOT) to participate in the process of 

preparing the inspection guidelines. Consequently, this process has improved their 

bridge condition assessments. The main objectives of this study were to investigate 

relationships amongst subjective bridge condition ratings, the severity and extent of 

distresses, the FHWA’s numeric ratings and the expected remaining service life. 

Eldin and Senouci (1995) presented the development of back-propagation neural 

networks for the determination of condition ratings for jointed concrete pavements. 
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Their proposed neural networks have proven to be more advantageous than the 

traditional condition rating methods, such as systematic procedure, learning based on 

actual examples, better generalisation capability and better fault-tolerance capability.  

Cattan and Mohammadi (1997) investigated the applicability of Artificial Neural 

Network (ANN) systems in predicting bridge condition ratings using a series of 

common bridge geometric and structural parameters. Their work indicated that the ANN 

approach has more advantages than the traditional statistical methods and fuzzy logic 

method in establishing the relationship between the rating value and the bridge 

parameters, and that between the subjective rating and analytical rating values.  

Deshmukh and Bernhardt (2000) proposed a procedure for estimating the level of 

uncertainties in bridge condition assessment data. Given that the data collections are 

usually suffered from the impact of uncertainties, their proposed method was aimed at 

using a coefficient of correlation to reduce the uncertainties in condition assessment 

data, and in turn improve the quality of the data.  

Gattulli and Chiaramonte (2005) suggested a procedure for bridge condition 

assessment by visual inspection. The procedure employed a probabilistic model to 

evaluate the condition ratings. It has been found useful in evaluating standardised index 

intervals of condition for bridges with different characteristics.  

Lee et al. (2008) proposed an Artificial Neural Network (ANN)-based Backward 

Prediction Model (BPM) for generating historical bridge condition ratings using limited 

bridge inspection records. The method incorporates ANN techniques and operates on 

the limited existing inspection records and historical non-bridge factors such as local 

climates, traffic volumes and population growth in the area surrounding the bridge. 

Through this process, the missing or unavailable historical element condition data can 

be generated.  

Abu Dabous and Alkass (2008; 2010) indicated the practical difficulties of using the 

fuzzy logic approach in developing an overall condition rating. In order to overcome 

such difficulties, a methodology is proposed to combine the condition rating and the 

structural importance of the bridge elements into an overall bridge condition rating. The 
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Monte Carlo simulation technique was used to evaluate the condition rating of bridge 

elements and the Analytic Hierarchy Process (AHP) was adopted to evaluate the 

structural importance of the bridge elements. 

Rashidi and Gibson (2011; 2012) developed an element-based structural index for 

assessing bridge conditions. Two main factors: structural importance and material 

vulnerability were considered in the evaluation of element structural index. The 

Analytic Hierarchy Process (AHP) was employed to evaluate the priority vector of the 

causal parameters and the overall structural condition index can subsequently be 

assessed based on the coefficient of causal factors.  

 

2.4.2 Bridge deterioration models 

Bridge deterioration is the process of declination in the condition of the bridge 

resulting from normal operating conditions, excluding damage from such events as 

earthquakes, cyclones, accidents, or fire (Elbehairy, 2007). The deterioration process 

usually displays complex phenomena in terms of physical and chemical variations that 

occur in different bridge components. Each element has its own unique deterioration 

rate (Thompson, 2001). In a BMS, the deterioration model is applied to forecast future 

condition of the existing bridges, and in turn providing assistance for the decision-

making in the future MR&R activities. Therefore, developing an accuracy and reliable 

bridge deterioration model for each bridge element is crucial to the success of any BMS.  

Deterioration models in Infrastructure Management Systems (IMSs) were first 

developed for Pavement Management Systems (PMSs). In the late 1980s, the 

deterioration models were introduced to predict future bridge conditions and, 

consequently, facilitate financial analysis of different maintenance strategies and 

determination of the optimal strategies (Mocrous, 2000). The nature of the deterioration 

process in pavement differs from that of deterioration in bridges. This is due to the 

differences in construction materials, structural functionality, and the types of loads 

carried. In addition, safety is more important in bridges than in pavement. Although the 

deterioration models for pavement and bridges are dissimilar, the approaches used to 

develop pavement deterioration models for PMSs have been employed to develop the 
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deterioration models for bridges in BMSs (Elbehairy, 2007). In general, the existing 

deterioration models can be classified into four main categories: mechanistic models, 

deterministic models, probabilistic/stochastic models and artificial intelligence-based 

models. A detailed discussion on each category, sub-category, and techniques is 

presented in the following subsections.  

2.4.2.1 Mechanistic models 

Mechanistic models are detailed models that describe the specific deterioration 

mechanisms of particular bridge components. These models are usually effective at the 

project level but not at the network level (Kayser and Nowak, 1989). Stukhart et al. 

(1991) reported that most of the mechanistic models have not been tested in practice and 

none of the Department of Transportation (DOT) applies such models. In addition to 

being unreliable for the development of BMSs, the use of these models also causes 

difficulty in incorporating the many variables which may affect the deterioration 

process. 

2.4.2.2 Deterministic models 

Deterministic models are based on a mathematical or statistical formula to establish 

the relationship between the factors affecting bridge deterioration and a measure of 

bridge conditions. The output of such models is expressed by deterministic values that 

represent the average of predicted conditions. The models can be categorised as follows: 

straight-line extrapolation, regression models and curve-fitting techniques (Morcous, 

2000). 

Straight-line extrapolation is the simplest condition prediction method which can be 

used to predict the material condition rating of a bridge given the assumption that the 

traffic loading and maintenance history illustrate a linear relationship. This method is 

accurate in predicting short-term conditions, but is inaccurate for long-term predictions. 

In addition, the method is unable to predict the rate of deterioration of a relatively new 

bridge or a bridge that has recently undergone MR&R (Morcous, 2000).  

Regression models are used to establish an empirical relationship between two or 

more variables such as one dependent variable and one or more independent variables. 
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Each variable is described in terms of its mean and variance (Shahin, 1994). Several 

forms of regression models are presented in the literature, including linear and non-

linear regressions (Jiang and Sinha, 1989; Shahin, 1994; Sanders and Zhang, 1994).  

Curve-fitting techniques are mathematical techniques that are based on constructing 

a best fit curve of bridge condition data to generate condition predictions. B-Spline 

approximation and Constrained Least Squares are two common curve-fitting techniques 

for modelling deterioration (Morcous, 2000). 

According to Morcous (2000), the deterministic models highly rely on the history 

records which are usually insufficient in bridge agencies. In addition, several limitations 

of using deterministic models were pointed out, such as neglecting the uncertainties and 

randomness, overlooking the current bridge condition when predicting the future 

condition, disregarding the interactive effects and difficulty in updating when new 

bridge information is available. 

2.4.2.3 Probabilistic/Stochastic models 

The development of the probabilistic/stochastic models has made a great 

contribution to infrastructure deterioration modelling techniques because high level of 

uncertainties and randomness are considered in the deterioration process (Morcous, 

2000). The models used to predict the deterioration of infrastructure facilities can be 

grouped into two main categories: state-based models and time-based models (Mauch 

and Madant, 2001). State-based models predict the probability that an infrastructure 

facility (e.g. bridge) will exhibit a change in its condition state during a given time, 

conditional on an array of explanatory variables such as traffic loading, environmental 

factors, design attributes, and maintenance history. Markov chain models and semi-

Markov models are the most common examples of the state-based models (Mauch and 

Madanat, 2001). Time-based models, on the other hand, predict the probability 

distribution of the time taken by an infrastructure facility to deteriorate from its current 

condition state to the next lower condition state. Parametric, semi-parametric and non-

parametric models have been proposed to represent the probability distribution of the 

transition time (Morocus and Akhnoukh, 2006).  
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Markov Decision Process (MDP) has been used extensively in developing 

probabilistic/stochastic deterioration models for different infrastructure facilities such as 

pavements, bridges, pipes and sewers. The Markov chain model is a special case of the 

MDP which forecasts the bridge condition ratings based on the concept of defining the 

states of bridge condition transitions from one to another during one transition period 

(Jiang, 1990). More detailed information regarding the use of Markov chains for bridge 

deterioration is presented in Chapter 3.  

Markov chain based deterioration models have been implemented in many bridge 

management systems (e.g. PONTIS and BRIDGIT) to assist the decision-making of 

MR&R. Some assumptions, such as the condition state change are independent of past 

history (a stationary process), constant bridge population and stationary transition 

probabilities throughout the prediction period, are employed in these systems 

(DeStefano and Grivas, 1998). Verifying the applicability of Markov chain assumptions 

and determining reliable transition probabilities are the most difficult issues in 

developing Markov chain based deterioration models (Madanat et al., 1995). In order to 

address the difficulties of generating reliable transition probabilities and verifying 

Markov chain assumptions, several research efforts have been conducted and listed as 

follows: 

Percentage prediction estimation: the transition probability of bridge condition 

transitioning from one state to another can be estimated easily from a bridge inspection 

database using the equation Pij = nij/ni, where nij is the total number of observed 

transitions between states i and j within a given time period; and ni is the total number 

of bridges in state i before transition. Consequently, the transition matrix can be 

determined which is in turn used to perform the prediction. The implementation of this 

method has been conducted by Scherer and Glagola (1994) and Morcous (2006) to 

evaluate the impact of the Markov chain assumptions on the performance prediction of 

bridge systems. The disadvantages of this method can be summarised as follows: the 

generated transition probability matrix is independent of the bridge age which means 

that it is not homogeneous with respect to the bridge age (Jiang et al., 1988); to generate 

reliable transition probabilities, the method requires at least two consecutive condition 
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records without any maintenance interventions, for a large number of bridge 

components at different condition states (Morcous, 2006).  

Expected value method: the expected value method is the most commonly used 

approach for generating transition probabilities of bridge conditions. Generating the 

transition probabilities by the expected value method usually consists of the following 

three steps (Madanat et al., 1995): the first step is to classify the bridges into groups 

where each group consists of bridges having similar attributes; the second step is to 

establish a regression function for each bridge group; the third step is to estimate the 

transition probabilities of each bridge group by solving a non-linear objective function 

that minimises the distance between the expected value of the bridge condition rating, as 

predicted by the regression function and the expected value derived from the Markov 

chain method. The mathematical representation of this non-linear objective function for 

minimisation process is as follows (Jiang and Sinha, 1989): 
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where N = the number of years in the group of bridges under consideration; U = the 

number of unknown probabilities; A(t) = the average of condition ratings at time t, and 

estimated by the regression function; and E(t, P) = theoretical expected value of 

condition rating at age t as a function of the Markov transition probabilities, P(i).  

The earliest references of the application of this method in infrastructure 

management can be found in the area of pavement management. For example, Butt et al. 

(1987) proposed a pavement performance prediction model using the Markov process, 

in which the expected value method with a zoning technique was employed to generate 

the transition probability matrices. Jiang et al. (1988) primarily introduced this method 

to estimate the transition probabilities for Markov chain model in establishing a bridge 

performance prediction model. In Cesare et al. (1992), a non-linear programming 

approach slightly different from the one presented in Equation (2.5) was also used to 

estimate the transition probabilities. Their approach consists of minimising the weighted 

sum of squared differences between observed proportion of states and the state 
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distribution (Kallen, 2010). Furthermore, the most recent applications of this approach 

for bridge management are given by Morcous and Akhnoukh (2006), Morcous et al. 

(2010) and Agrawal et al. (2010).  

Poisson regression: Poisson process is a stochastic process which models the 

random occurrence of events during a period of time (Kallen, 2010). Madanat and 

Ibrahim (1995) introduced a Poisson regression model for generating transition 

probabilities in developing a bridge deterioration model. The Poisson regression model 

is used to construct a discrete incremental deterioration model, where the dependent 

variable is the number of drops in a bridge condition state during one inspection period 

(Madanat and Ibrahim, 1995). In Markov process, the amount of time a bridge spends in 

each state is exponentially distributed and independent of the amount of time the bridge 

spends in its previous state. As a result, the number of drops in its condition state within 

an inspection period follows a Poisson distribution (Madanat and Ibrahim, 1995). 

Maximum Likelihood Estimation (MLE) is employed to estimate the value of 

parameters vector and in turn to compute transition probabilities as a function of time. 

Although the Poisson regression model has advantages over the commonly used 

expected value method, several fundamental shortcomings exist such as assuming that 

the variance of the random variable is equal to its mean (Kallen, 2010).  

Ordered probit models: The binary probit and ordered probit models are linear 

regression models in which a continuous latent variable is observed to be in two (binary) 

or more (ordered) discrete categories (Kallen, 2010). The models are appealing for the 

application in maintenance modelling because the condition states are usually assumed 

to be related to some underlying deterioration processes which are unable to be 

measured directly (Kallen, 2010). The models are not typically used to estimate 

transition probabilities in a Markov process. However the models have been applied in 

the Markov chain deterioration model with some assumptions such as one direction 

processes are assumed and observations are assumed to be the number of transitions 

between two consecutive inspections (Kallen, 2010). The model is used to construct an 

increment discrete deterioration model for bridge decks. For a given condition state i, 

the dependent variable Zin is the difference between the condition states in two 

consecutive inspections. This difference is an indicator of the change in the latent 
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performance Uin. This change can be presented as a function of explanatory variables Xn 

as: log (Uin) = βXn + εin where β is the vector of parameters. To estimate β, thresholds 

are used to map the continuous values of Uin into the discrete values of Zin and the 

thresholds for the condition states are within the range [0, ∞). Then, the Maximum 

Likelihood Estimation (MLE) procedure is employed to generate the value of this 

parameter vector and the thresholds simultaneously. Finally, the transition probabilities 

can be estimated for each individual bridge (Madanat et al., 1995). Furthermore, 

Madanet et al. (1997) extended this model to a random effect model by the inclusion of 

another error term to reflect the differences (heterogeneity) between bridge structures. 

Baik et al. (2006) applied this approach to model the deterioration patterns of 

wastewater systems. However, this approach has a number of shortcomings: (a) 

estimating the transition probabilities for individual bridges requires a significant 

amount of inspection records; (b) transition probabilities for groups of bridges are 

obtained by averaging the transition probabilities of the individual bridges; and (c) 

although the transition probabilities are explicitly a non-stationary Markov chain, 

transition probabilities are dependent of the bridge ages which are included as an 

explanatory variable in the linear model and are used to estimate a transition probability 

matrix of a stationary Markov chain (Kallen, 2010).  

On the other hand, time-based models employ a probability density function of time, 

i.e. the duration required for each bridge to deteriorate from an initial condition state to 

its next lower state. Time-based models are also called stochastic duration models; they 

have been used frequently in infrastructure deterioration modelling. Examples of using 

the time-based models in infrastructure deterioration modelling are listed as follows:  

Non-parametric: DeStefano and Grivas (1998) proposed a methodology for 

estimating transition probabilities in bridge deterioration models. This methodology 

consists of four essential modelling tasks: (a) defining the information required to 

model state transition events; (b) calculating non-parametric transition probabilities; (c) 

estimating a cumulative distribution function of transition time; and (d) adjusting the 

model on the basis of a defined elapsed time in an initial condition state. The Kaplan 

and Meier (K-M) method was employed to calculate non-parametric estimates of 

cumulative transition probabilities corresponding to the transition times and the specific 
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transition events. The reliability is defined as the probability of a bridge maintaining its 

original condition state for a specific time period. The cumulative transition 

probabilities can be obtained by simply using one minus the reliability obtained from 

the K-M method. The equations for calculating the reliability of a bridge component 

and estimating the cumulative transition probabilities take the form of: 

 

1]/)1[()(ˆ
xxxx RrrtR  (2.6) 

)(ˆ1)(TP xx tRt

 

(2.7) 

 

where )(ˆ
xtR = estimated reliability of a bridge component at time tx (years); rx = 

reversed rank order of  all time values observed within the sample interval; TP(tx) = 

cumulative transition probabilities for all x = 1, 2, 3,….yth sample observations in an 

ascending time order; and R0 = 1 at t = 0.  

The parametric distribution function that relates the cumulative transition 

probabilities and the corresponding transition times is produced by a linear regression 

technique. Consequently, estimated transition probabilities incorporating the elapsed 

time in the initial condition state into non-stationary prediction processes can predict the 

average condition rating for a group of similar bridge components under normal aging 

conditions.  

Semi-parametric and parametric: Semi-parametric and parametric modelling 

techniques are usually employed to develop stochastic duration models for bridge 

components. The stochastic duration models consist of survival and hazard functions 

with censored data. The survival functions S(t) represents the probability that a bridge 

component remains in its condition state for at least time, t. This function can be 

expressed as follows (Mauch and Madanat, 2001): 
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where, f(t) is the probability density function of the transition time t, and F(t) is the 

corresponding cumulative distribution function. Hazard function h(t) represents the 

instantaneous risk that the bridge component will change its condition state to the next 

lower condition state at time t. The hazard function is expressed as (Mauch and 

Madanat, 2001): 
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The probability density function f(t) and the survival function S(t) vary for each 

bridge component as these two functions depend on a set of explanatory variables that 

vary across records. Mauch and Madanat (2001) proposed the semi-parametric hazard 

rating modelling technique to develop stochastic duration models for bridge decks. In 

the semi-parametric models, a partial likelihood function is used to estimate the vector 

of parameters β. The log-partial likelihood function can be expressed as: 
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where Yij =1, if tj ≥ ti; and Yij =0, if tj < ti; ti = time of the transition or the time of 

censoring for deck i; δi = indicator variable with value of 1 if ti is uncensored, or a value 

of 0 if ti is censored; and Xi = vector of explanatory variables for deck i.  

Mauch and Madanat (2001) also introduced the parametric regression models in 

their study. A log-likelihood function is used to estimate the vector of parameters β. The 

log-likelihood function can be expressed as: 
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where λi = exp{-β
’
Xi}; Xi = vector of explanatory variables for bridge deck i; and β = 

vector of parameters. 
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This parametric modelling technique has been used to develop parametric models of 

pavement time-to-failure by Prozzi and Madanat (2000) and to develop a stochastic 

duration model for estimating transition probabilities of bridge decks by Mishalani and 

Madanat (2002).  

Although the semi-parametric model is flexible enough to accommodate different 

types of deterioration processes, only a small number of explanatory variables is 

included. As a result, this model is unable to capture the entire array of relevant factors 

that contribute to bridge deterioration. For the semi-parametric model, the probabilistic 

density function is obtained empirically. On the other hand, the parametric models 

restrict the underlying hazard rate to follow a specific probability density function such 

as the exponential or Weibull distribution. More importantly, both models require 

frequent observations over long periods of time to improve the reliability of predictions 

(Mauch and Madanat, 2001).  

Although the probabilistic/stochastic models have been applied to develop reliable 

bridge deterioration models by many researchers, they still encompass several 

assumptions and limitations. For example, in the state-based model: (a) initial condition 

ratings are independent of the historical condition ratings (a stationary process which is 

memory-less) and transition probabilities are constant (DeStefano and Grivas, 1998); (b) 

lack of knowledge of the hidden nature of deterioration (Madanat et al., 1995); (c) 

failure to account for maintenance issues; and (d) only handles an ideal condition rating 

data distribution (Mishalani and Madanat, 2002). On the other hand, the time-based 

model overcomes many of the shortcomings of the state-based model: (a) it considers 

the time spent in an initial condition state (DeStefano and Grivas, 1998) meaning that it 

overcomes the limitations of the stationary process; and (b) it provides more reliable 

long-term prediction than the state-based model if the condition rating data are available 

over a long period of time (Mauch and Madanat, 2001). However, the decision of which 

type of approach is more appropriate for deterioration prediction is also highly 

dependent on empirical considerations. Specifically, the nature of the available 

condition ratings for deterioration modelling development may favour one approach 

over the other (Mishalani and Madant, 2002).  
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2.4.2.4 Artificial intelligence-based models 

In the last few decades, Artificial Intelligence (AI)-based techniques have been 

utilised in a variety of applications, such as Artificial Neural Networks (ANN), Genetic 

Algorithms (GA), Case-Based Reasoning (CBR) and Machine Learning (ML). These 

AI-based techniques have been recognised as powerful tools for solving a range of 

engineering problems.  

The first notable investigation into the feasibility of using ANNs in modelling bridge 

deterioration was by Sobanjo (1997). A Multi-Layer Perceptron (MLP) type of ANN 

was employed to establish a relationship between the age of bridge (years) and bridge 

condition ratings with a numeric scale from 1 to 9. Historical inspection records were 

obtained from 50 bridge superstructures, and amongst these data, 75% of the data were 

used for training, while the remaining data were used for testing. The network 

configuration used in this study is presented in Figure 2.2. It includes one input layer, 

two hidden layers and one output layer. The age of bridge (years) were used as input to 

map an output of a corresponding condition rating. As a result, 79% of the predicted 

values matched the actual values with a prediction error up to 15%.  

 

 

Figure 2.2 Multi-layer neural networks (Sobanjo, 1997) 

 

In a more detailed AI model, Tokdemir et al. (2000) predicted the bridge Sufficient 

Index (SI) (i.e. ranging from 0 to 100) using the bridge age, traffic, geometrical and 

structural attributes as explanatory variables. Testing the performance of the ANN 
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developed resulted in average percentages of correct solutions being 72.6% and 85.6% 

with prediction errors between 3%-6% and 6%-9% respectively. These investigations 

revealed that ANNs have overcome the limitations of the regression models in 

identifying the degree of order for generating the best fitting curve of available data 

(Morcous, 2000).  

Morcous et al. (2002a; 2002b) established a bridge deterioration model using a 

Case-Based Reasoning (CBR) method for concrete bridges. The CBR method 

embedded has been developed using an AI technique. The benefits of the development 

were to minimise the effects of data uncertainty and to allow interactions amongst 

bridge components to be considered. As a result, the model provided reliable prediction 

for approximately 70% of the bridges at the network level.  

Kawamura and Miyamoto (2003) proposed a neuro-fuzzy hybrid system for 

developing a concrete Bridge Rating Expert System (BREX) with Machine Learning 

(ML). The bridge performance in the expert system is evaluated based on a diagnostic 

process which is identified by multi-layer neural networks. The visual inspection and 

technical specifications, such as environmental conditions, traffic volume, and other 

information were used in BREX. Machine Learning (ML) was used to back-propagate 

neural network processes in BREX. In order to verify the effectiveness of the ML 

method, BREX was applied to the main concrete girders of existing bridges. 

Huang (2010) also adopted the back-propagation approach multilayer perceptron 

(BP-MLP) classifier to develop an ANN-based model for predicting the condition 

ratings of bridge decks. The historical data of bridge decks obtained from Wisconsin 

were applied to develop this ANN-based model. The model includes 11 inputs factors in 

the input layer (e.g. maintenance history, age, previous condition, district, design load, 

deck length, deck area, Average Daily Traffic (ADT), environment, degree of skew and 

number of spans), five hidden layers with five hidden neurons in each layer, and five 

output labels in the output layer. Based on the results of validation, the model developed 

has proven its capability to accurately predict the conditions of bridge decks, and 

therefore provide pertinent information for maintenance planning and decision-making 

at both project and network levels. However, for an element level analysis, it might 
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require re-identification of input factors influencing deterioration and reassessment of 

the ANN prediction model.  

Son et al. (2010) introduced a time-series technique, namely the Time Delay Neural 

Network (TDNN), to predict long-term performance of bridge elements. The missing 

condition ratings generated by the Backward Prediction Model (BPM) are used together 

with actual inspection records as TDNN inputs. The TDNN provides only one-step 

ahead prediction at a time (one cycle). The result of the first one-step-ahead prediction 

can be added on to the original TDNN input. Iterations of this process are then carried 

out for predicting long-term performance of bridge elements. The major advantage of 

the TDNN is that it considers the proportion of bridge elements in each condition state 

which cannot be taken into account by the existing deterministic and stochastic models. 

Despite the advantageous of TDNN, the BPM-generated condition ratings are found 

incompatible with the Overall Condition Ratings (OCR) due to the fact that the OCR 

offers only an overall evaluation of the bridge or element condition and is unable to 

recognise the severe defective structural members. To overcome this problem, Lee et al. 

(2011a) developed a new process based on the existing BPM method where the actual 

OCRs are replaced by the BPM forward predicted condition ratings. This helps to 

overcome the limitations of the OCR method and facilitates more accurate long-term 

bridge deterioration predictions. 

Hasan et al. (2013) introduced back-propagation method of ANN to forecast bridge 

deteriorations using discrete condition data obtained from one local council of Victoria 

in Australia. In addition to the condition rating data, five different parameters (e.g. age, 

length, construction period, traffic count and percentage of heavy vehicles) were 

considered as the input vectors for the neural network. In their study, 70% of the total 

input data were randomly selected without replacement to train the Multi-Layer 

Perceptron (MLP) network, and amongst the remaining data, 15% was reserved for 

network testing and another 15% for validation.  

2.4.2.5 Other deterioration models 

DeStefano et al. (1997) presented knowledge-based deterioration models to improve 

probabilistic deterioration for a BMS. These models have been developed to determine 



Chapter 2  

44 

the deterioration rates for network level maintenance planning. The method used in the 

models is related to the time-dependent distribution function. The function was based on 

historical bridge data and the reliability-based data analysis techniques. As a result, 

these models are effective to analyse the bridge condition behaviour and can be used to 

improve the reliability of existing deterioration modelling in a BMS. 

Ng and Moses (1998) outlined the procedure to model bridge deteriorations using a 

semi-Markov process. This model includes establishing a holding time distribution 

using survival analysis and followed by estimating the parameters based on the 

assumption of a non-homogeneous passion process. Note that the holding time is the 

amount of time a process sojourns in one state before moving to another. Although their 

method can relax the requirement for exponential or geometric holding time in the 

Markov process, it ignored the validity of Markov property assumptions such as 

“memory-less” property. 

Abu-Tair et al. (2002) proposed a predictive model for estimating the deterioration 

rates of concrete bridges using the Factor Method which is based on historical 

inspection records. A large database of concrete bridge inspection records has been 

selected to model the deterioration of concrete bridges. The Factor Method was then 

developed as a tool to support service life prediction in cases where there was a lack of 

reliable data. However, this method does not provide an assurance of service life. It 

merely provides an estimate based on what information is available. Therefore, it is less 

reliable than a fully developed prediction of service life.  

Yang et al. (2004) used lifetime function to develop a time-dependent deterioration 

model for evaluating the overall system probability of existing bridges with and without 

maintenance. In their proposed model, bridges were modelled as systems of 

independent or correlated components. The effects of maintenance actions on the time-

dependent system failure probability and service life were analysed. Consequently, the 

optimal maintenance strategies were determined in terms of service life extension and 

minimum cumulative maintenance cost.  

Kallen and van Noortwijk (2005) applied a continuous-time Markov process with 

exponential waiting times in place of Semi-Markov processes to model the deterioration 
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of superstructures of concrete highways in the Netherlands. The Semi-Markov process, 

while allowing for use of random waiting times in condition states, was found to be 

unsuitable for application in the Netherlands due to inadequate data for proper fitting of 

distribution parameters. Therefore, an analytically tractable probabilistic framework for 

inspection and maintenance optimisation was developed. The limitation of this 

framework is that it assumes the mean waiting time to be identical for all condition 

states, which suggests a linear deterioration in time.  

To overcome the limitation of linear deterioration in time, Kallen and van Noortwijk 

(2006) further conducted statistical estimations of parameters in various types of 

continuous-time Markov processes using bridge condition data in the Netherlands. The 

Maximum Likelihood Estimation (MLE) is employed to determine the parameters and 

in turn generate the transition probabilities for different types of continuous-time 

Markov processes.  

Aboura et al. (2008) discussed the fundamentals and argued for the applicability of 

the gamma process and other probabilistic/stochastic processes for bridge infrastructure 

lifetime assessment models (e.g. Markov chain model). The gamma process is defined 

by van Noortwijk (2009) in the context of the deterioration of infrastructure, and it has 

been recognised and applied in many infrastructure deterioration studies (Buijs et al., 

2005; van Noortwijk et al., 2007; Nicolai et al., 2007). The gamma process was 

experimented on using simulation and estimating parameters with the maximum 

likelihood approach. Furthermore, with limited data points, the model captures the 

deterioration process efficiently.  

According to Aboura et al. (2008), Samali et al. (2011) applied a gamma process 

instead of the traditional Markov chain deterioration model in a bridge management 

system using the analysis of 15 years of bridge inspection records. All relevant 

information in conjunction with adequate data on the condition paths of elements were 

used to establish the deterioration model. The decision support system developed 

includes five main functions: (a) bridge condition analysis; (b) network condition 

analysis; (c) element condition analysis; (d) study of an element condition under 

different data stratification; and (e) network condition prediction.  



Chapter 2  

46 

Agrawal et al. (2010) applied the Weibull distribution to calculate the deterioration 

rates of different bridge elements in the state of New York using historical bridge 

inspection records. In order to estimate a realistic deterioration rate, data pre-processing 

was used to remove the effects of factors other than regular maintenance that cause 

increase or decrease in the condition ratings such as rehabilitation, miscoding, accidents, 

etc. The Weibull-based approach was used to generate the deterioration curves and 

results were compared with those using the Markov chain model. The comparison 

indicated that the deterioration plots resulted from the Markov chain model were 

significantly influenced by the duration independence assumption and scattered pattern 

of inspection records. On the other hand, the deterioration plots resulted from the 

Weibull-based approach seemed to perform better probabilistically of the observed 

bridge conditions.  

In order to model the deterioration behaviour of bridges more realistically, several 

researchers have proposed combined probabilistic/stochastic models. Lounis and 

Madanat (2002) presented a two-level approach for maintenance management of aging 

highway bridges that integrates two different probabilistic/stochastic deterioration 

prediction models. The first level is based on Markov chain cumulative damage models 

to predict the macro-response of bridge structures. The second level is based on 

quantitative reliability-based mechanistic deterioration models to predict the micro-

response of bridge structures. Markov chain cumulative damage models are used to 

identify the critically damaged structures and forecast the overall deterioration and in 

turn required maintenance funds for both short and long-term planning for a bridge 

network or a bridge component. The reliability-based mechanistic deterioration models 

are based on the results obtained from the first level management to evaluate the safety 

and serviceability of the critical structures, and eventually optimise their maintenance.  

Based on the concept of Lounis and Madanat (2002), further development of the 

integrated system for bridge maintenance management has been presented by Morocus 

and Lounis (2007) and Morcous et al. (2010). In the integrated system, state- or time-

based model was used to predict the macro-response of bridge components for network 

level analysis using visual inspection records, while reliability-based mechanistic 

models were used to predict the micro-response of bridge component for project level 
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analysis using physical parameters obtained from detailed condition surveys. Despite 

that the integrated system developed has achieved the balance between accuracy and 

efficiency, it presents several implementation challenges such as (a) a detailed condition 

survey is required, (b) some techniques, such as non-destructive and partially 

destructive evaluation techniques, might not be applicable for various bridge 

components and construction materials, and (c) frequent observations are required over 

a long period of time to improve the reliability of prediction. 

 

2.4.3 Cost models 

The cost model in a BMS is heavily dependent on the future condition ratings 

produced by the deterioration model for the remaining service life of bridges. The 

output of the cost models is important component for the optimisation process. Costs 

modelled include factors such as element repair/replacement costs, management costs, 

user costs, environmental costs and total life-cycle costs (de Brito and Branca, 1994). 

Presented in this section is a collection of cost models developed since the late 1990’s. 

Most of these models are aimed at determining the lowest possible life-cycle cost of a 

bridge which includes a range of bridge factors. 

van Reyk (1997b) proposed a life-cycle cost assessment model for Australian 

bridges. The model was created after the collection of data from several universities in 

Melbourne, Queensland and Tasmania. The model focussed on different material types 

including steel and reinforced concrete in the life-cycle cost analysis model. van Reyk 

(1997b) found that as with many other agencies at the time, there was not enough 

historical data available to predict the accurate performance of materials.  

Frangopol et al. (1999) presented a probabilistic methodology for arriving at the 

lowest possible life-cycle cost while maintaining an adequate level of reliability over the 

lifetime of a bridge.  It was shown that the use of reliability, optimisation and life-cycle 

costing principles is a rational approach to risk choices in management of the life of a 

bridge. The study proved that incorporating life-cycle cost analysis was a necessary step 

in improving bridge maintenance optimisation.  



Chapter 2  

48 

Radojicic et al. (2001) presented an approach for planning interventions on 

structures using cost benefit analysis and a probabilistic cost model. Considering time 

dependent effects, the costs of inadequate performance in relation to safety and 

serviceability were modelled. It was found that the cost-benefit approach is 

advantageous over the existing systems using the cost-effectiveness method because 

this approach allows for a better, quantitative economic strategy.   

El-Diraby and Rasic (2004) presented a framework that addresses the life-cycle cost 

of smart materials like sensor embedded concrete and intelligent devices such as smart 

valves and smart signals. The framework comprises a core model that identifies basic 

cost elements and evaluates the total life-cycle cost of infrastructure that has smart 

materials or intelligent devices installed. The model also considers the design and 

management effects on these devices. After interviews with experts it was concluded 

that the system reliability and management of design, installation and operation of 

Smart Infrastructure Systems (SIS) are the most crucial elements when optimising the 

life-cycle cost of SIS.  

Bai et al. (2011) presented revised framework for the calculation of user costs to 

assist in the life-cycle costing of a bridge. Firstly, the updates focussed on the inclusion 

of costs incurred during preservation work zone periods. Also, user benefit cost was 

refined in regards to detours as vehicles may detour for more than one reason resulting 

in multiple counting. Lastly, the refinement of user costs also related to inadequate 

bridge capacity and poor surface condition. Exclusion of these costs represented a 

significant impairment to user cost computation in existing cost analysis systems. 

 

2.4.4 Maintenance planning models 

The selection of which bridge MR&R projects to be undertaken on a network is a 

very complicated process. This is especially true when it comes to not just deciding 

which MR&R to commence in the present but also to plan future work over the life-

time of each bridge in the network. It is difficult to decide on the method of 

prioritisation as there are always objectives which are compromised at the expense of 

improving another objective. The maintenance planning models are also named 
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optimisation models which present the users with several alternative programs of 

projects that fulfil the optimum maintenance planning criteria in different ways. The 

main input parameters for the optimum selection of projects come from the output of 

the cost and deterioration models.  

Optimisation models can be either “bottom-up” or “top-down”. This implies that the 

models can set standards across the entire bridge network then determine the individual 

bridge projects, or find the optimum action for a project and then achieve the entire 

network optimisation. The decision on which approach is to be employed is usually a 

function of the size of the network. The “bottom-up” approach usually provides more 

optimum solutions for a small network of bridges because the approach spends more 

time optimising the individual projects, and therefore becoming cumbersome handling a 

large network.  

The models can be further broken down into dynamic and integer linear 

programming models, uncertainty models, evolutionary algorithms, reliability models, 

multi-state models and Multi Objective Particle Swarm Optimisation (MOPSO) models. 

Most models have the means to provide useable solutions for the selection of bridge 

projects but depend on the priorities of the users and the size of the network. Many of 

the most effective and popular modern optimisation models use multiple models to 

provide more optimal solutions. Some of the popular models developed since the late 

1980’s are presented as follows. 

Jiang and Sinha (1989) proposed a dynamic optimisation model which incorporated 

not only dynamic but also integer linear programming and Markov chain techniques. 

This increased the model’s capability to handle the large number of bridges that are a 

part of the Indiana bridge network. Dynamic programming was responsible for 

choosing the optimal spending policy whereas integer linear programming was used to 

select projects by maximising the effectiveness of the system for different budgetary 

spending. Such a combination of programming tools was found to produce not only the 

optimal solution for a given program period, but also those for all sub periods. Harper et 

al. (1990) also used linear programming and Markov chain decision making techniques 

to optimise maintenance plans of bridge network and found that integrating Markov 
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chain principles into the optimisation process minimised cost and facilitated formulation 

of “well-planned” management strategies. 

Liu et al. (1997) introduced a Genetic Algorithm (GA) to address the maintenance 

optimisation problem of bridge decks as a multi-objective one. It was found that unlike 

the traditional techniques, GAs could yield near-optimum life-cycle maintenance 

spending solutions. Liu and Frangopol (2004) then created a Multi Objective Genetic 

Algorithm (MOGA) but included numerical techniques to determine the best possible 

maintenance strategy. The solutions were found with respect to the object functions: 

condition index, safety index and cumulative life-cycle maintenance cost. This model 

computed the objectives of sample mean/sample percentile to allow the incorporation of 

bridge managers’ specific confidence levels. Elbehairy et al. (2006) developed an 

evolutionary-based integrated model for the planning of bridge deck repairs. The GA 

and shuffle frog leaping methods were used to optimise bridge networks in ten different 

trials and it was found that both are equally adopted in solving the optimisation problem. 

The key issue is the determination of the parameters necessary for performance 

optimisation. Furuta et al. (2006) produced an improved MOGA for practical 

maintenance planning of a bridge network. It was found that normal GAs have 

difficulties providing optimal outcomes for purely maintenance problems. Furuta et al. 

(2006) introduced the Non-dominated Sorting Genetic Algorithm (NSGA-II) which 

appeared to provide near optimal solutions at a reduced computational time. Pakinat 

(2008) developed a MOGA for reinforced concrete bridge decks based on the bridge 

conditions, suitability of MR&R, safety and budget. Lee et al. (2011b) presented a new 

preference-based method of optimal maintenance planning using MOGAs which 

involved maintenance cost and condition grades. Yang et al. (2012) introduced a 

simulation optimisation framework for maintenance planning. Multi Objective Particle 

Swarm Optimisation (MOPSO) algorithm with Monte Carlo simulations was used in 

establishing the framework, and when employed in a parallel computing platform has 

demonstrated to produce more optimum results than the non-dominating sorting NSGA-

II.  

Frangopol et al. (1999) proposed a reliability-based optimisation methodology to 

provide an acceptable level of safety at a minimum life-cycle cost. The methodology 
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describes an integrated MR&R decision process based on reliability, optimisation and 

life-cycle costs. It was found that the method has the advantages of identifying the total 

cost of maintaining a bridge at a specific reliable condition, and planning projects based 

on safety and serviceability requirements instead of visual conditions of the bridges as 

performed by the traditional methods. Orcesi et al. (2009) presented a framework for 

global reliability-based optimisation with added features including structural health 

monitoring. The framework takes into account various limit states under uncertainties. 

The optimisation itself was carried out using a GA which was able to consider the limit 

states simultaneously or separately. Orcesi and Frangopol (2010) further developed this 

framework into a practical approach where the optimum maintenance solutions stem 

from Pareto solution sets by considering cumulative expected failure costs and 

cumulative owner costs as conflicting objectives. 

Guillaumot et al. (2003) and Durango-Cohen and Madanat (2008) established an 

adaptive optimisation model for joint infrastructure and maintenance considering which 

is the uncertainty agencies face when deciding between the multitude of available 

models. This model relaxed the fixed and error-free inspection constraint sets in other 

models and resulted in significant cost savings. This model was however limited 

because it could not yet be applied at the network level. Kuhn and Madanat (2006) 

demonstrated several robust optimisation techniques to address uncertainties associated 

with the maintenance problems. The approach was found to have the potential to reduce 

expected life-cycle costs significantly. Liu (2006) developed a multi-criteria decision 

model for bridge network lifetime maintenance planning with respect to uncertainties. 

The model was a two-phase stochastic dynamic programming model based on network 

connectivity, user satisfaction and critical bridge performance.  

Moustafa et al. (2004) suggested a multi-state maintenance model for the calculation 

of the long-run cost rate for a semi-Markov chain system. The model is based on control 

limit policy and policy-iteration algorithm. It aims to minimise the long-run cost rate by 

using the control limit policy and the policy-iteration algorithm. Both policies produce a 

near optimal long-run cost rate but the control limit policy is less accurate when the 

minimal maintenance cost is relatively high compared to the replacement cost. Tamura 

(2007) also presented a system which demonstrated that the control limit policy was 
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suitable to solve the maintenance problem when deterioration, repairs and associated 

costs were within the reasonable constraints. 

 

2.5 Concluding Remarks 

In this chapter, a review of the published literature is presented in some detail 

focussing on the state-of-the-art BMSs, implementation of BMSs and the existing 

techniques utilised for developing various deterioration models as the major 

components of a BMS.  

The literature survey revealed the functionality of the most popular BMSs such as 

PONTIS, BRIDGIT and OBMS. In these BMSs, visual inspection (element level 

inspection) places the bridge elements into various condition states in order to quantify 

their severity and extent of damage. Condition rating models are used to convert these 

various condition states into an Overall Condition Ratings (OCRs) at the element level. 

Markov chain models are adopted to predict the future bridge condition ratings based on 

the collected large number of historical inspection records. However, inspection records 

are often insufficient and unavailable in most bridge authorities in Australia. As a result, 

deterioration models are not being considered in most states of Australia. Without the 

deterioration models, the cost and optimisation models cannot be used for planning the 

future MR&R activities.  

As the literature shows, the California Health Index (CHI) method is one of the 

common examples for generating the overall condition ratings of one or more elements 

using a weighted average condition state. It is particularly suitable for Australian 

inspection methods and condition rating models to estimate the OCRs at the element 

level.  

Amongst many existing research outcomes, probabilistic/stochastic bridge 

deterioration modelling is one of the most prominent techniques. It can be classified 

into two types, namely state- and time-based. The Markov chain model as a typical 

state-based model has been widely used to develop the deterioration models in BMS 

because of its capability in capturing the uncertainties in the deterioration process. The 
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main difficulties in establishing the Markovian-based deterioration model are to verify 

the applicability of the Markov chain assumptions (e.g. stationary process, constant 

bridge population and stationary transition probability), and to determine reliable 

transition probabilities. An expected value method is considered the most commonly 

used approach for generating transition probabilities of the bridge conditions. The time-

based model such as the non-parametric technique has been demonstrated to be able to 

overcome the limitations of typical state-based models. However, the decision of which 

approach to use highly relies on empirical considerations and the nature of the available 

condition rating data with time.  

The literature describes AI techniques that have been used and tested for modelling 

bridge deteriorations. In the AI techniques, most existing models require sufficient 

information to establish the relationships between the bridge deterioration and those 

factors which may affect the bridge conditions such as large numbers of inspection 

records, maintenance history, traffic volume, environment and bridge loading. However, 

such information is not usually available and sufficient, therefore it is difficult to use the 

AI-based deterioration models to predict the future bridge conditions with sufficient 

accuracy.  

Furthermore, literature reviews on the cost and optimisation models have also been 

presented in this chapter. Some common techniques for cost models, such as life-cycle 

cost analysis model, cost benefit analysis model and probabilistic methodology, have 

been discussed. For the optimisation models, some of the popular models developed in 

the last two decades are presented. These include the dynamic optimisation models, 

Genetic Algorithm models, reliability models and multi-state models.  

In Australia, lack of inspection records and small network sizes are the major issues 

that cause inapplicability of typical deterioration models to be implemented in BMSs. 

With limited inspection records, the AI-based deterioration models have difficulties 

establishing the relationship between condition ratings and bridge ages. On the other 

hand, the probabilistic/stochastic models such as the state-based models require a large 

number of inspection records with reasonable data distribution to be effective. Also, the 

time-based models require frequent inspections of condition ratings over a long 

observation period within the bridge service life. Therefore, the stand-alone model (i.e. 
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state- or time-based) cannot be used in predicting long-term performance of bridge 

elements using limited inspection records. This has prompted the present research work 

on the development of a novel integrated deterioration modelling technique which is 

aimed at overcoming abovementioned limitations. The proposed method, once fully 

developed and validated, is able to achieve reliable long-term bridge performance 

prediction based on limited visual inspection records.  



 Chapter 3 

55 

Chapter 3 The Proposed Integrated 

Deterioration Method: Stage 1 

Development* 

 

 

 

 

3.1 General Remarks 

Probabilistic/Stochastic modelling is one of the most prominent techniques in bridge 

deterioration forecast. It can be classified into two types, viz the state- and time-based 

models. Reliability of both modelling techniques in forecasting long-term bridge 

performance rely heavily on sufficient amount of condition rating data being available 

together with a well-distributed deterioration pattern over the age of bridges in a 

network. However, the BMS-compatible routine inspection records are usually 

insufficient due to several drawbacks related to their applications in most bridge 

agencies. Such drawbacks are: (a) commercial BMS software has been used for less 

than 20 years and even those bridge agencies which implemented BMSs from an early 

stage, have only 7 to 9 inspection records available for developing long-term 

performance modelling; (b) bridge condition ratings usually do not change much over 

short periods; (c) previously conducted inspections are incompatible with what is 

required as input by many typical BMSs; and (d) frequent maintenance on bridge 

                                                 

*
 Bu, G. P., Lee, J. H., Guan, H., Blumenstein, M. and Loo, Y. C. (2013). “Development of an 

integrated method for probabilistic bridge deterioration modelling.” Journal of Performance of 

Constructed Facilities, ASCE, Doi: 10.1061/(ASCE)CF.1943-5509.0000421. 



Chapter 3  

56 

elements causes variations in the distribution of inspection records. In view of this, the 

stand-alone model such as the state- or time-based model cannot guarantee useful long-

term prediction outcomes for various situations of available bridge condition rating data. 

To minimise the above-mentioned shortcomings, this chapter presents Stage 1 

development of an integrated deterioration method. During this development phase, a 

categorisation process and a selection process incorporating the previously developed 

Backward Prediction Model (BPM) are proposed in conjunction with the existing state- 

and time-based models. The categorisation is developed to group similar elements 

together so that the common deterioration patterns can be identified. The selection 

process is embedded in the proposed method to automatically select a suitable 

prediction approach (either state- or time-based model) for a given situation of available 

condition data. The BPM will be used to generate the missing historical data for 

insufficient data scenarios. To verify the performance of the proposed integrated method, 

four typical and different situations of available condition data are selected from the 

Gold Coast region as benchmark examples. Furthermore, the remaining inspection 

records from the same bridge network are used to cross-validate the accuracy and 

reliability of the performance of the proposed method.  

 

3.2 The Proposed Integrated Deterioration Method 

The major components and procedures of the proposed integrated method are 

summarised in Figure 3.1. The figure includes categorisation of bridge element 

inspection records and calculation of element Overall Condition Ratings (OCRs), a 

selection process, and the prediction procedures of the state- and time-based models.  
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Figure 3.1 The components and procedures of the proposed integrated method 

Inspection records

Categorisation 
(by location, construction era, element type and material type)

Calculation of element Overall Condition Rating (OCR)

At least 2 sequential changes in 

Condition States (CSs) 
(exceptions: 1. When MR&R is performed 

at known time; 2. No MR&R is performed 

(on CS1 element) after construction)

No (1st
 run)

At least two Inspection records 
(per each of given type of element)

Identifying Transition 

Events (TE)

At least two inspection 

records (per element) not in CS1

Loading BPM-generated 

condition ratings

Yes

No 
(2

nd
 run)

BPM

Time-based model

Calculating time-in-state 

Calculating cumulative 

Transition Probability 

(TP) using K-M method

Transition matrix

TE ≥  3

Validation

Long-term prediction 

of bridge element

Prediction using 

available TP (Markov 

chain process)

Validation

Applying predicted 

OCRs as average 

OCRs to a non-linear 

objective function

Individual transition 

matrix

Average transition 

matrix
No

Yes

Check the 3rd order polynomial 

regression slope (-ve)

Yes

No (1st
 run)

Calculating Transition 

Probability (TP) using 

non-linear objective 

function  

State-based model

Selection process

BPM

Loading BPM-

generated 

condition 

ratings

Apply other 

types of 

regression -

exponential / 

linear / 

logarithmic

No (2nd
 run)

Long-term prediction 

of bridge element

Long-term prediction 

of bridge element

Validation

Bridges of less than 20 years 

old without MR&R

Yes

No

No

Yes

Bridges of less 

than 20 years 

old without 

MR&R
Yes

No

Generating average 

OCRs from regression 

function

Generating theoretical 

OCRs from Markov 

chain method 



Chapter 3  

58 

3.2.1 Element level inspection records 

Element level bridge inspection or a Level-2 inspection record is essential as input 

for deterioration modelling in a BMS. It is based on visual inspections by which the 

conditions of a bridge structure or elements can be assessed and rated. The inspected 

condition ratings are used to assess the effectiveness of past maintenance treatments and 

identify current maintenance needs, thereby modelling and forecasting future changes in 

condition and estimating future budget requirements (Queensland Department of Main 

Road, 2004). 

The element level inspection places the bridge elements into various condition states 

(CSs) to quantify the severity and extent of damage of the elements. A five-CS scale is 

used for Level-2 inspection in Queensland, Australia. It is a common practice that the 

conditions of bridge elements are expressed quantitatively via the conventional stepwise 

“grading” system. As shown in Figure 3.2, the health index of the four condition states 

(CSs) includes CS1 (i.e. condition as new or “good”), CS2 (“fair”), CS3 (“poor”) or the 

perilous CS4 (“very poor”). These four condition states represent the bridge condition 

ratings from 100% to 20%. Note that each CS has a 20% range. In this study, to 

calculate the OCRs of each bridge element, the corresponding weighting factors for CS1, 

CS2, CS3 and CS4 are assumed to be 100%, 70%, 50% and 20%, respectively. It should 

be noted that CS5 is used to rate the condition of the whole structure and the present 

study focuses on bridge elements only. The four CSs are defined as follows: CS1 is free 

from defects with little or no deterioration; CS2 is free from defects affecting the 

structural performance, whereas showing a minor deterioration such as minor spalls or 

cracking; CS3 shows advancing deterioration and affects the serviceability of the bridge; 

and CS4 shows advancing deterioration and affects overall performance and structural 

integrity which requires immediate intervention (Queensland Department of Main Road, 

2004). A typical example of the element level inspection report for a particular bridge is 

presented in Appendix B. 
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Figure 3.2 The details of condition state scales and weighting factors 

 

The categorisation of bridge inspection records is carried out according to the 

classification of structural deterioration obtained from the Queensland Department of 

Transport and Main Roads (QTMR), Australia. This chapter only deals with 

classifications in relation to bridge location, element type and material type. The bridge 

location is classified based on traffic volume; the element type refers to the component 

type such as deck unit, girder/beam and slab; and the material type includes concrete 

(cast-in-situ and pre-cast), steel, timber and others. Note that construction era is also 

considered as one categorisation. This is to encompass the fact that the quality of 

construction materials and construction processes have continuously improved over the 

past several decades. In order to obtain more reliable prediction outcomes, the 

construction era classification is considered herein and is grouped in a period of 20 

years: group 1 (2001-the current year), group 2 (1981-2000), group 3 (1961-1980), and 

group 4 (prior to 1960). After categorising the available inspection records, the 

following method is used to calculate the OCRs: 
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 (3.1) 

 

where q1, q2, q3 and q4 are element quantities in condition states (CSs) 1, 2, 3 and 4, 

respectively, and w1, w2, w3 and w4 are weighting factors for each condition state 

(Thompson and Shepard, 2000).  

 

3.2.2 Model selection process 

The decision-making in regard to which model is more appropriate for deterioration 

prediction is highly dependent on the nature of the available condition data (Mauch and 

Madanat, 2001). A time-based model in the selection process is considered as a priority 

because it considers the time spent in an initial condition state (a non-stationary process), 

which has found to be more realistic according to a number of published outcomes 

(Madanat et al., 1995; Ravirala and Grivas, 1995; DeStefano and Grivas, 1998). 

However, in the case where a “no-condition-change” event is identified, i.e. less than 

two sequential changes in condition states in the available condition data, the state-

based model is applied as an alternative. Moreover, the previously developed Backward 

Prediction Model (BPM) (Lee et al., 2008), as detailed in Section 3.2.3, can be used to 

generate missing condition rating data when the historical condition data is insufficient 

to calculate reliable transition probabilities. The BPM-generated missing condition data 

together with the available data can enhance the quality of historical condition 

depreciation patterns, which in turn satisfies the requirements for running the selected 

model.  

As detailed in Figure 3.1, the selection process primarily checks whether or not the 

given type of element condition data from a network bridge satisfies the requirements of 

at least two sequential changes in condition states. If the requirements are satisfied, the 

given condition data can be used directly by the time-based model. If not, the first step 

is to check whether the given data meets the requirements of using the BPM or 

otherwise. To execute the BPM, the given inspection records have to satisfy the 

following two constraints: (a) bridge elements in the given dataset have to be less than 



 Chapter 3 

61 

20 years old and without MR&R; and (b) the given data for each bridge element should 

have at least two inspection records not in CS1. After applying the BPM, the BPM-

generated condition ratings in conjunction with the available data can satisfy the 

requirements of running the time-based model. If the given data fails the conditions of 

applying the BPM, then the state-based model is used. The criteria for running the state-

based model are: (a) it requires at least two sets of inspection records for each type of 

element; and (b) the deterioration pattern in the form of best fit curve is generated using 

a third-order polynomial regression function. The gradient of such a curve represents 

the change in condition ratings. A positive gradient implies an increased condition 

rating which is unrealistic when no MR&R work is performed. If the gradient is 

negative, then the state-based model is able to estimate the transition probabilities, and 

in turn predict long-term bridge element performance. If the curve gradient is positive, 

the first trial is to apply the BPM, because the BPM-generated missing historical 

condition ratings can enhance the trend of condition depreciation. If the gradient is still 

positive after the first trial of the BPM, then other types of regression functions, such as 

exponential, linear and logarithmic should be used to generate the average OCRs for the 

available inspection records as the last option. Finally, the state-based model is able to 

estimate the transition probabilities using the average OCRs obtained from the other 

types of regression functions, and thereby making it capable of predicting long-term 

bridge element performance.  

 

3.2.3 The BPM process 

The model selection process may require the BPM to generate missing historical 

condition ratings when inspection records are insufficient. The BPM-generated 

historical data in conjunction with the available inspection records can increase the 

number of sequential changes in condition states, thereby leading to a more meaningful 

bridge depreciation pattern. The BPM process is depicted in Figure 3.3 (Lee et al., 

2008). 
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Figure 3.3 Mechanism of BPM (Lee et al., 2008) 

 

The BPM consists of two stages in generating the missing historical condition 

ratings. In Stage 1, an ANN technique is used to establish a correlation between the 

existing condition rating datasets (year tp-tpn) and the corresponding years’ non-bridge 

factors. The non-bridge factors, including climate and environmental condition changes, 

traffic volume increases and population growth, directly and indirectly influence the 

variation of the bridge conditions and thus the deterioration rate. The correlations 

established are then applied to generate the historical trends for year t0 to tp using the 

non-bridge factors from the same time period. The missing historical condition ratings 

for years t1-tp-1 can then be generated. Each year of the BPM-generated condition ratings 

include 66 data outputs resulting from the combined number of learning rates (lr: 0.0-

0.5 at 0.1 increment) and momentum coefficients (mc: 0.0-1.0 at 0.1 increment) in the 

neural network configurations. The number 66 also corresponds to the total quantity of 

a given bridge element. In Stage 2, a forward comparison is conducted to validate the 

BPM results. A forward prediction is produced for years tp-tpn using the BPM outcomes 

(years t1-tp-1). The results of the forward predictions are then compared with the actual 

BMS condition ratings (for years tp-tpn). Upon satisfactory validation, the generated 

condition rating records are ready for use in a deterioration model (Lee et al., 2008). It 

should be noted that the BPM is only applicable when the following conditions are 

satisfied: (a) the Maintenance, Repair and Rehabilitation (MR&R) activity is performed 

at a known time; (b) no MR&R is conducted since the construction year; and (c) the 
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condition rating at the year of construction is known. The reliability of the BPM has 

been proven in an earlier study (Lee et al., 2008). 

 

3.2.4 Implementation of state-based model 

The process of the state-based model, as illustrated in Figure 3.1, is detailed herein. 

The Markov chain model, as a typical state-based model, is used in the proposed 

integrated deterioration method. A Markov chain is a special case of the Markov 

process. Its development can be considered as a series of transitions between certain 

condition states. When the probability of a future state in the process depends only on 

the present state but not the past states, the Markov chain becomes a stochastic process 

and is referred to as a first-order Markov process (Morcous, 2006). The property of the 

Markov chain can be expressed for a discrete parameter stochastic process (ξt) with a 

discrete state space as: 

 

P{ξt+1 = xt+1|ξt = xt, ξt−1 = xt−1, . . . , ξ1 = x1, ξ0 = x0} = P{ξt+1 = xt+1|ξt = xt} (3.2) 

 

Here the symbol | means “the given condition”, P means the probability, and x0, x1, 

x2, ……, xt, and xt+1, are states of ξ0, ξ1, ξ2, ……, ξt, and ξt+1. The probability P is also 

referred to as the one-step transition probability. This is the conditional probability of 

the element being in state xt+1 at t+1 given that it was in state xt at t (Devaraj, 2009).  

The Markov chain model forecasts the bridge condition ratings based on the concept 

of defining the states of bridge condition transitions from one to another during one 

transition period (Jiang, 1990). Without repair or rehabilitation, the bridge condition 

rating should decrease with time. Therefore, there is a probability of condition rating 

transition from one CSi, to another CSj, during a one unit year period, which is denoted 

by pi,j. According to the Markov chain method, the CS vector for any time t, Q(t), can 

be obtained by the multiplication of the initial CS vector Q(0) with the transition 

probability matrix P to the power of t (Jiang and Sinha, 1989): 

 
tPQtQ )0()(  (3.3) 
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The transition probability matrix P is defined as: 

 

1000

)3()3(00
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00)1()1(

qp

qp

qp

P  (3.4) 

 

where q(i) = 1-p(i), p(i) corresponds to pi,i and q(i) corresponds to pi,i+1. In Equation 

(3.4), p(1) represents the probability of bridge elements remaining at CS1, and q(1) 

denotes the probability of bridge elements transferred to the next lower CS2, and so on. 

It should be noted that the lowest condition rating before a bridge is repaired is 20% 

(CS4). Hence, the corresponding probability p(4) is assumed to be 1. Let R be a vector 

of condition ratings, or R = [100, 70, 50, 20], and R
T
 be the transpose of R, then the 

estimated OCRs at age t, E(t) by the Markov chain method (Jiang and Sinha, 1989) is, 

 
TRtQtE )()(  (3.5) 

 

Since the deterioration rate of a bridge condition is dissimilar at different bridge ages, 

the transition process of bridge conditions is not homogeneous with respect to the 

bridge age (Jiang, 1990). In order to meet the homogeneity requirements of the Markov 

chain model, a zoning technique is used to obtain the transition matrix. This approach 

was used previously for the development of pavement performance curves (Butt et al., 

1987). With the zoning technique, the bridge age is divided into groups and within each 

age group the Markov chain model is assumed to be homogeneous. A six-year group for 

bridge age is found appropriate for the available bridge inspection database and for 

solving equations of unknown probabilities (Jiang, 1990). A new bridge element (age 0) 

is given a condition rating of 100%. Thus, the initial state vector Q(0) for a new element 

is [1, 0, 0, 0], where the 4-vector coefficients are the probabilities of having a condition 

rating of 100%, 70%, 50%, and 20%, respectively, at age 0. Equations (3.3) and (3.5) 

can be used for Age Group 1 (i.e. 1-6 years) using the initial state vector Q(0). The 

initial state vector for Age Group 2, Q(7) is taken in the same form as the last CS vector 



 Chapter 3 

65 

of Age Group 1, Q(6). Following this procedure for all age groups, the condition ratings 

versus age relationship can be obtained for a particular element using the Markov chain 

method (Agrawal et al., 2010).  

The transition probabilities can be obtained using Equation (2.5) by minimising the 

difference between the average OCRs A(t) from the regression function and the 

estimated OCRs E(t) by the Markov chain method. This equation is reproduced herein: 

 

.....,3,2,1,1)(0 subject to ),()(
1

UiiPPtEtAMin
N

t

 (3.6) 

 

For ease of discussion, the variables are defined again as follows: N = the number of 

years in one age group; U = the number of unknown probabilities; A(t) = the average of 

condition ratings at time t, estimated by the regression function; and E(t, P) = 

theoretical expected value of condition rating at age t as a function of the Markov 

transition probabilities, P(i). Note that E(t, P) is represented by E(t) in the following text, 

for ease of comparison with A(t). 

The accuracy of the transition probabilities depends on the closeness of the average 

OCRs and the OCRs predicted by the Markov chain method. The Chi-square goodness 

of fit test is used to validate the accuracy of the transition probabilities. The calculation 

formula for the Chi-square distribution as suggested by Jiang and Sinha (1989) is given 

as: 

k

i i
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where χ
2 

= a Chi-square distribution with k-1 degrees of freedom; E(t)i = value of the 

condition rating in year i predicted by the Markov chain method; Ai = value of condition 

rating in year i predicted by the regression function; and k = number of prediction years. 

Upon establishing the transition probability matrices and the initial state vector defined 

from the inspection records, prediction of the bridge condition ratings can be undertaken 

using Equations (3.3) and (3.5). 
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3.2.5 Implementation of time-based model 

Referring to Figure 3.1, the time-based models require sequential changes in 

condition ratings to define state transition events and the corresponding transition times. 

These sequential condition ratings include historical, current and future inspection 

records. They can be denoted as i, j, and k, respectively. The value of sequential 

condition rating j is transferred to a lower condition state k = j -1. This is defined as a 

state transition event. Each transition event can be denoted as TE (j, k) (DeStefano and 

Grivas, 1998). For a given bridge element, the time spent for an element deteriorating 

from an original condition state to the next lower state in the condition rating scale is 

called the transition time. A set of available inspection records usually includes 

transition events and those without changes in condition states. The latter are called the 

censored events. A censored event can become a transition event after a specific time 

(right censored, or R-censored), before a specific time (left censored, or L-censored), or 

both (interval censored, I-censored) (Morcous et al., 2010).  

Generally, inspection activities are performed periodically over an observation 

period. Therefore the accurate time of a transition event is unknown. In normal practice, 

the transition event is assumed to occur at the middle of the observation period if it is 

observed between two consecutive condition states (Morcous et al., 2010). The time-in-

state includes the time spent for censored events and transition events. It can be 

calculated with the aid of two tables: Table 3.1 is only used for calculating the time-in-

state for TE (1,2) when the construction or MR&R work is performed at a known time, 

and no MR&R is performed after that time; Table 3.2 is used for estimating the 

remaining transition events, i.e. TE (2,3) and TE (3,4).  

 

Table 3.1 Time-in-state for TE(1,2) from CS1 to CS2 

Condition state Time-in-state Data type 

i j k Tj  

Construction yr CS1 CS2 Tij + Tjk/2 Uncensored 

Construction yr CS1 CS1 Tij + Tjk R-censored 
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Table 3.2 Time-in-state for TE(2,3) from CS2 to CS3 and TE(3,4) from CS3 to CS4 

Condition state 
Time-in-state Data type 

TE (2,3) TE (3,4) 

i j k i j k Tj  

CS1 CS2 CS3 CS2 CS3 CS4 Tij/2+Tjk/2 Uncensored 

CS1 CS2 CS2 CS2 CS3 CS3 Tij/2+Tjk R-censored 

CS2 CS2 CS3 CS3 CS3 CS4 Tij+Tjk/2 L-censored 

CS2 CS2 CS2 CS3 CS3 CS3 Tij+Tjk I-censored 

 

The time-based model estimates the transition probability from the cumulative 

probability of the transition event within the transition time. In the present study, the K-

M method is employed to estimate the non-parametric reliability function with respect 

to the cumulative transition probabilities and the corresponding transition times and 

events (DeStefano and Grivas, 1998). The reliability is defined as the probability of a 

bridge element maintaining its original condition state for a specific time period. The 

cumulative transition probabilities can be obtained by simply using one minus the 

reliability obtained from the K-M method. The equations for calculating the reliability 

of a bridge element and estimating the cumulative transition probabilities can be 

expressed using Equations (2.6) and (2.7) which is reproduced herein: 

 

1]/)1[()(ˆ
xxxx RrrtR  (3.8) 

)(ˆ1)(TP xx tRt

 

(3.9) 

 

For ease of discussion, the variables are defined again as follows: )(ˆ
xtR = estimated 

reliability of a bridge element at time tx (years); rx = reversed rank order of all time 

values observed within the sample interval; TP(tx) = cumulative transition probabilities 

for all x = 1, 2, 3,….yth sample observations in ascending time order; and R0 = 1 at t = 0.  

A parametric distribution function that relates the cumulative transition probabilities 

and the corresponding transition times is produced by either a linear, logarithmic or 

exponential regression technique. The coefficient of determination R
2
 is used to select 
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the best fit regression curve. If R
2
 is close to 1 it indicates that the regression curve 

reflects a strong relationship with the range of observed data. The parameters obtained 

from the regression function of transition time are used to calculate the transition 

probabilities for the specified transition events. Finally, the transition probability 

matrices can be established based on the transition probabilities.  

As shown in Figure 3.1 under “Time-based model”, more than three state transition 

events, i.e. TE≥3 are required to compute the transition probabilities. Note that in this 

study we have TE(1,2), TE(2,3) and TE(3,4). However, when the state transition events 

are less than 3, i.e. only TE (1,2) or TE (1,2) and TE (2,3), the Markov chain method 

needs to be employed to generate an individual transition probability matrix. In this 

process, the condition ratings generated from the time-based model are assumed as the 

average OCRs, A(t). The estimated OCRs at age t, E(t) can also be calculated using 

Equation (3.5). Subsequently, Equation (3.6) is used to derive the individual transition 

matrix for each bridge element. The predicted condition ratings using this individual 

transition matrix follow the dominant deterioration behaviour of the previous prediction 

from the time-based model. However there are some exceptional cases: (a) the bridge 

element condition rating decreases abruptly from one condition state to another during a 

very short time period; (b) only one element inspection record is available for a bridge; 

(c) available inspection records are all in the same condition state - in other words, there 

is no condition state change from the inspection records; and (d) bridge elements have 

been rehabilitated by performing MR&R work. In these cases, an average transition 

probability must be employed to predict long-term performance of these bridge 

elements. 

 

3.3 Benchmark Examples 

The reliability of deterioration models depends strongly on the quantity and 

distribution of the available condition data. When the condition data exhibit different 

characteristics, the stand-alone model has been proven to be difficult in predicting 

reliable and accurate long-term bridge element performance. The proposed integrated 

method, on the other hand, has the ability to predict bridge deterioration performance 
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for most situations including insufficient condition rating data and poor data 

distributions meaning that the condition ratings are disordered due to regular 

maintenance or inconsistent inspection processes. Four typical and different situations 

are selected from a bridge network as benchmark examples to demonstrate the 

advantages of the proposed integrated deterioration method. All bridge information is 

obtained from the QTMR in Queensland, Australia. Necessary information related to 

element types and names, construction era, total numbers of bridges and inspection 

records are presented in Table 3.3 for four different situations. These include: Situation 

1 - suitable for the time-based model only; Situation 2 - suitable for time-based model 

incorporating BPM-generated missing historical inspection records; Situation 3 - 

suitable for the state-based model only; and Situation 4 - suitable for state-based model 

incorporating BPM-generated missing historical inspection records. It should be noted 

that the sample bridge information is randomly selected from a regional network within 

a larger bridge network. The results presented in this study do not intend to reflect the 

official view of the abovementioned bridge authority.  

 

3.3.1  Procedure of the proposed method incorporating time-based model 

The selection process indicates that Situation 1 in Table 3.3 satisfies the condition of 

using the time-based model to estimate the transition probabilities. This is because the 

selection process identifies that there are 15 available transition events TE (1,2) among 

the total 25 bridges from a network. On the other hand, Situation 2 in Table 3.3 is 

unable to be directly used by the time-based model as it only has one transition event. 

However, the selection process suggests that the BPM can be used to generate the 

missing historical condition ratings for bridges #x14x2x, #x1x44x and #x1x47x. 

Consequently, the BPM-generated missing condition ratings together with the available 

data, provide a total of 4 transition events TE (1,2) to be used in the time-based model 

to  determine the transition probabilities.  
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Table 3.3 Necessary information for four different data situations 

Benchmark 

examples 

Element 

type 

Element 

name 

Construction 

era 

Total No. 

of bridges 

Total No. 

of records 

Type of 

model 

Situation 1 20C Deck slab 1981-2000 25 61 T 

Situation 2 59C Pile cap 1981-2000 7 15 T+B 

Situation 3 20C Deck slab 1961-1980 12 36 S 

Situation 4 4C Footways 1981-2000 4 8 S+B 

Note: T: Time-based model; S: State-based model; B: BPM 

 

The K-M method is used to generate the non-parametric values with regard to the 

cumulative transition probabilities corresponding to transition times and specific 

transition events, as outlined in Section 3.2.5. A linear regression is used to calculate the 

uniform distribution function for element types 20C and 59C, as presented in Figures 

3.4 and 3.5, respectively. The linear regression parameters are then used to generate the 

transition probabilities for transition event TE (1,2) for these two element types. Note 

that the generated transition probabilities can only be used to predict condition ratings 

from CS1 to CS2. For future and long-term prediction, the Markov chain method has to 

be used in this case to generate an individual transition probability for each element. 

Table 3.4 summarises the predicted OCRs using transition probabilities obtained from 

the time-based model for bridge element 20C-Bridge #x1x31x. The predicted OCRs are 

considered as the average condition ratings A(t) to be used in Equation (3.6) to generate 

the individual transition probability. 
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Figure 3.4 Element type 20C (Situation 1) deterioration model, TE (1,2) 

 

 

Figure 3.5 Element type 59C (Situation 2) deterioration model, TE(1,2) 
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Table 3.4 Predicted OCRs using transition probabilities obtained from the time-based 

model (Bridge element 20C-Bridge #x1x31x) 

 Initial input 
Predicted values using transition probabilities obtained 

from the time-based model 

Year 1999 2000 2001 2002 2003 2004 

Bridge age 13 14 15 16 17 18 

OCR (%) 100 86 78 73 71 70 

 

3.3.2 Procedure of the proposed method incorporating state-based model 

Situation 3 involves 12 bridges with 36 inspection records. The selection process 

indicates that the time-based model is unable to generate the transition probabilities. 

This is because there are no sequential changes in the condition states. Moreover, all 12 

bridges are more than 20 years old. Therefore even the BPM is not helpful in this case. 

As such, the state-based model as an alternative should be used to generate the 

transition probabilities and predict the long-term bridge element performance for this 

element type. A third-order polynomial regression function is used to estimate the 

relationship between the bridge element condition rating and age. Figure 3.6 shows the 

best fit regression curve and the associated parameters. It can be seen that the regression 

performance curve gradually decreases as the bridge age increases. This means that the 

parameters obtained from the regression equation accurately reflects the average trend 

of bridge degradation. Therefore, these parameters can be used to calculate the average 

condition rating A(t) at bridge age t, thereby enabling the transition probabilities to be 

estimated using the state-based model. The last situation, Situation 4, involves 4 bridges 

with 8 inspection records. The selection process indicates that it requires the BPM to 

generate the missing historical condition records to provide a more meaningful bridge 

depreciation pattern. Amongst the 4 bridges, the selection process suggests that only 

one bridge #xx4x7x satisfies the condition of using the BPM. Figure 3.7 shows that the 

available inspection records in conjunction with the BPM-generated missing historical 

records can provide a more reasonable bridge element deterioration pattern. Finally, the 

transition probabilities are estimated using the state-based model.  
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Figure 3.6 Regression performance curve of element type 20C (Situation 3) 

 

 

Figure 3.7 Regression performance curve of element type 4C (Situation 4) 
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3.4 Long-Term Prediction of Bridge Element Deterioration 

3.4.1 Transition probabilities 

The purpose of the present study is to develop an integrated method based on typical 

probabilistic deterioration modelling. Four typical bridge situations with varying 

condition rating data quantities and distributions are selected as benchmark examples to 

demonstrate the capability of the proposed method. Detailed results of the four typical 

situations are presented in this section. Table 3.5 presents the individual transition 

probability matrices for bridge elements 20C-Bridge #x1x31x and 59C-Bridge #xx4x8x. 

These transition probability matrices are obtained using the time-based model 

incorporating the Markov chain method.  

 

Table 3.5 Transition probability matrices for 20C-Bridge #x1x31x and 59C-Bridge 

#xx4x8x 

(a) 20C-Bridge #x1x31x (Situation 1) 

1 2 3 4 

0.512 0.488 0.000 0.000 

0.000 0.982 0.018 0.000 

0.000 0.000 1.000 0.000 

0.000 0.000 0.000 1.000 

 

(b) 59C-Bridge #xx4x8x (Situation 2) 

1 2 3 4 

0.795 0.205 0.000 0.000 

0.000 0.546 0.454 0.000 

0.000 0.000 1.000 0.000 

0.000 0.000 0.000 1.000 

 

Table 3.6 presents the transition probabilities of each age group for element types 

20C (Situation 3) and 4C (Situation 4). The transition probabilities are obtained from 
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the state-based model. The values in each age group represent the probability of the 

element quantities remaining in the current condition state. For example, for bridge 

element type 20C with age group (20-26), 94% of the element quantities remain in CS1 

during a one year interval. 

 

Table 3.6 Transition probabilities of each age group for element types 20C and 4C 

Element type Situation Age group 1 2 3 4 

20C 3 

(20-26) 0.940 0.842 0.939 1.000 

(27-32) 0.930 1.000 1.000 1.000 

(33-38) 0.997 0.946 0.977 1.000 

(39-44) 0.998 0.966 0.951 1.000 

(45-50) 0.976 0.927 0.923 1.000 

4C 4 

(1-7) 0.933 1.000 1.000 1.000 

(8-13) 0.998 0.937 0.512 1.000 

(14-19) 0.956 0.838 0.672 1.000 

(20-25) 0.826 0.626 0.614 1.000 

 

The Chi-square distribution is used herein to validate the generated transition 

probabilities from both the state- and time-based models. The Chi-square distribution 

requires the condition ratings of predicted E(t) and average A(t). Figure 3.8 compares 

the OCRs A(t) obtained from the time-based model and the predicted E(t) from the 

Markov chain method for bridge elements 20C-Bridge #x1x31x and 59C-Bridge 

#xx4x8x. Figure 3.9 shows the comparisons between the third-order regression function 

and the Markov chain method in generating the OCRs A(t) and E(t), respectively, for 

element types 20C and 4C. All comparisons show that the predicted OCRs E(t) from the 

Markov chain method are close to the OCRs A(t) obtained from the time-based model 

and the third-order polynomial regression function. 
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(a) 20C-Bridge #x1x31x (Situation 1) 

 

 

(b) 59C-Bridge #xx4x8x (Situation 2) 

Figure 3.8 Comparison between the average A(t) from the time-based model and 

predicted E(t) from the Markov chain method 
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(a) Element type 20C (Situation 3) 

 

 

(b) Element type 4C (Situation 4) 

Figure 3.9 Comparison between the average A(t) from the third-order regression 

function and predicted E(t) from the Markov chain method 
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Table 3.7 summarises the degrees of freedom, critical χ
2
 values at significance level 

α = 0.05 and those obtained from the proposed integrated method. The comparisons 

show that the estimated χ
2
 values for bridge elements 20C-Bridge #x1x31x and 59C-

Bridge #xx4x8x, and element types 20C and 4C are much smaller than those at 

significance level α = 0.05. This means that the generated transition probabilities are 

well acceptable to predict the future condition ratings.  

 

Table 3.7 Comparison of the χ
2
 values at significance level α = 0.05 

Element type 
Element 

name 

Construction 

era 

Degrees of 

freedom 

χ
2 
critical 

(α=0.05) 

χ
2
 from proposed 

integrated method 

20C-Bridge 

#x1x31x 
Deck slab 1981-2000 5 11.07 0.01 

59C-Bridge 

#xx4x8x 
Pile cap 1981-2000 5 11.07 0.22 

20C Deck slab 1961-1980 31 44.98 3.66 

4C Footways 1981-2000 24 36.41 6.84 

 

3.4.2 Validation outcomes 

Once the transition probabilities are confirmed, future prediction can simply be 

performed using Equations (3.3)-(3.5). A cross-validation process is employed herein to 

measure the accuracy and reliability of the predicted condition ratings by comparison 

with the actual condition ratings. Table 3.5 presents the transition probability matrices 

for 20C-Bridge #x1x31x (Situation 1) and 59C-Bridge #xx4x8x (Situation 2) which are 

generated based on the available conditions ratings of Years 1999 and 2004 (i.e. two 

inspection records) using the time-based model. To validate the predicted outcomes of 

20C-Bridge #x1x31x (Situation 1), the condition rating of 100% at Year 1999 is used as 

initial input together with the transition probabilities from Year 1999 to 2004, as 

presented in Table 3.5. Equations (3.3) and (3.5) are then used to estimate the condition 

rating for year 2007, which are subsequently compared to the actual one at the same 

“future” year. Note that only one available condition rating (Year 2007) can be used for 

comparison. The condition rating factors at Year 2007 are calculated as: R = [100, 70, 

50, 20]; Q (1999) = [1, 0, 0, 0]; Q (2007) = Q (1999) × P
8
 = [0.005, 0.893, 0.102, 0], 
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which leads to the predicted condition rating as E (2007) = Q (2007) × R
T
 = 68%. Note 

that the prediction of 68% (CS2) is very close to the actual condition rating (70%, CS2) 

and are both in the same condition state. 

An identical process is also performed for 59C-Bridge #xx4x8x (Situation 2). The 

predicted condition rating at Year 2007 is 60% (CS2), which makes a 10% difference 

from the actual value for the same year, i.e. 70% (CS2). Despite such a discrepancy, 

both condition ratings still remain in the same condition state or CS2. For both 

situations, the predicted results clearly demonstrate that the performance of the time-

based model is satisfactory.  

In order to validate Situation 3 for the state-based model with the given sample 

condition rating data, 31 inspection records from 11 bridges are used to generate the 

transition probabilities. Five inspection records from the remaining Bridge #x1x94x are 

used to validate the accuracy and reliability of the predicted condition ratings. The 

prediction process is also identical to that for Situations 1 and 2. The predicted 

condition ratings of 20C-Bridge #x1x94x are compared with the actual values as shown 

in Table 3.8. 

 

Table 3.8 Validation outcomes for Situations 3 and 4 

Bridge element Input data  2003 2004 2005 2006 2007 2008 

20C-Bridge 

#x1x94x 

2002 with condition 

rating 70% 

A:  70% 70% 69%  68% 

B:  70% 70% 70%  70% 

4C-Bridge 

#xx4x7x 

2000 with condition 

rating 85% 

A: 82%    71%  

B: 85%    70%  

Note: A: Prediction results; B: Actual condition rating data 

 

A similar validation procedure used for Situation 3 is adopted for Situation 4 except 

that the latter also incorporates the BPM-generated historical condition ratings. The 

transition probabilities are generated using five inspection records from three bridges 

together with nine BPM-generated historical condition ratings. Three inspection records 
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from the remaining one bridge (bridge #xx4x7x) are used to validate the accuracy and 

reliability of the predicted condition ratings. A comparison with the actual condition 

ratings is also given in Table 3.8.  

As indicated in Table 3.8, the actual condition ratings for bridge element 20C-

Bridge #x1x94x are 70% (CS2) from 2004 to 2008 excluding 2007. The predicted 

condition ratings for 2004 and 2005 remain the same as the actual ones, i.e. 70% (CS2) 

and those for 2006 and 2008 are slightly smaller (i.e. 69% and 68%) but still remain in 

the same condition state or CS2. For bridge element 4C-Bridge #xx4x7x, the predicted 

condition ratings for 2003 and 2007 are 82% (CS1) and 71% (CS2) respectively and 

their corresponding actual condition ratings are 85% (CS1) and 70% (CS2). These 

validation outcomes in terms of both condition ratings and condition states (CSs) are 

considered satisfactory. This further confirms the satisfactory performance of the state-

based model.  

A summary of the model validation is given herein. If the predicted and the actual 

condition ratings are in the same condition state (CS), the prediction is considered 

accurate and the modelling satisfactory. However, it should be noted that the element 

level inspection OCR is defined using four condition states each having a 20% range. 

This means that the discrepancy between the predicted and the actual condition ratings 

may be as large as 19%. Nevertheless, this is acceptable and a common practice in the 

prevailing condition-state “grading” system. 

 

3.4.3 Long-term prediction and discussion 

Once the accuracy and reliability of the prediction is validated, long-term bridge 

predictions can subsequently be conducted using the generated transition probabilities.  

The outcome of Equation (3.3) indicates the percentage of element quantities, whereas 

that of Equation (3.5) represents the OCR values. A typical bridge element 20C-Bridge 

#xx9x4x from Situation 3 is chosen as an example to demonstrate the prediction of 

long-term bridge element performance. This is presented in Figure 3.10. The figure 

illustrates the future condition ratings of each bridge element by element quantities and 

OCRs. The long-term prediction is based on the latest inspection record as an initial 
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condition state vector from a given bridge element, by which the element condition 

ratings for the future 25 years are predicted. It is evident in the figure that the predicted 

condition ratings gradually decrease as the bridge age increases. This suggests that the 

transition probabilities correctly reflect the bridge deterioration pattern.  

 

 

Figure 3.10 Long-term prediction by element quantities and OCRs (20C-Bridge 

#xx9x4x) 

 

The benchmark examples demonstrate that the integrated bridge deterioration 

method can be applied to deal with various situations with respect to the condition 

rating data availability and distribution in long-term prediction of bridge element 

performance. The proposed method has shown to be more effective than the stand-alone 

probabilistic models. This is because it employs a selection process to automatically 

determine an appropriate deterioration model for a given situation. The advantages of 

the proposed integrated method may be summarised as follows:  

 The proposed integrated method categorises the bridge elements by bridge 

location, construction era, element type and material type, by which similar 

elements are grouped together to identify common deterioration patterns at the 

network level of bridge elements. The main feature of categorisation is to group 
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similar deterioration behaviour by sorting the available condition data for 

identical types of bridge elements. 

 The element level analysis, i.e. the “bottom-up” approach, is used to calculate 

the OCRs of an element for the long-term prediction at project and network 

levels. Although time consuming, it is more effective than the “top-down” 

approach as it reduces the failure risks. This is because a bridge usually 

collapses due to the lower condition rating of the elements being summarily 

ignored.  

 The proposed integrated method applies a selection process to choose a suitable 

prediction approach from either the state- or time-based model for a given 

situation of available condition data. If the time of bridge maintenance is known, 

the maintenance data can be used to generate transition probabilities by the 

time-based model, but not the state-based model. On the other hand, for some 

situations such as those with less than two sets of sequential change condition 

data, the time-based model is unable to generate the transition probabilities. For 

these situations, the state-based model can be used as an alternative. This 

advantage is demonstrated through Situations 3 and 4 as discussed in Section 

3.3.  

 The proposed method uses the BPM-generated missing historical condition 

ratings to establish workable transition probabilities when the inspection 

records are insufficiently available. This is demonstrated using Situations 2 and 

4 as described in Section 3.3. 

 

3.5 Concluding Remarks 

This chapter presents the Stage 1 development of an integrated deterioration method 

using typical probabilistic deterioration modelling techniques to provide alternative 

workable solutions for various situations of available condition data. The proposed 

method in its implementation deploys and selects either the state- or time-based model, 

each is commonly used as a stand-alone method in major state-of-the-art BMSs. The 
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applicability and reliability of the proposed method are demonstrated using four 

predefined and distinguishable situations in terms of the quantity and distribution of 

available inspection records. The major advantages of the proposed method are:  

 It offers flexibility in choosing the most appropriate deterioration model (i.e. 

state- or time-based with or without BPM) for a given situation, through an 

automatic selection process; 

 When the time of bridge maintenance is known, the time-based model can be 

employed to generate transition probabilities using the maintenance data. This 

is however not the case for the state-based model;  

 The state-based model, on the other hand, can be used as a workable alternative 

in situations where there are less than two sequential changes in the available 

condition data, and where the time-based model is unable to calculate the 

transition probabilities;  

 In situations where the historical condition rating data are insufficient for a 

reliable prediction of future bridge performance, the proposed method can 

incorporate the BPM into the model selection process and generate the 

necessary but unavailable historical data.  

The proposed method developed in Stage 1 has proven to be advantageous than the 

stand-alone model (i.e. state- or time-based) in predicting long-term bridge performance. 

Nevertheless, the method using the regression process (e.g. the third-order polynomial 

regression function) in the state-based model cannot produce meaningful long-term 

performance curves for all situations of the available condition data. Therefore, further 

development is necessary to improve the proposed integrated method. The improvement 

is focused on generating reliable bridge performance curves, especially for cases where 

the bridge condition rating data are insufficient or maintenance issues are involved. The 

improved integrated deterioration method is presented in Chapter 4 as the Stage 2 

development.  
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Chapter 4 The Improved Integrated 

Deterioration Method: Stage 2 

Development* 

 

 

 

 

4.1 General Remarks 

As emphasised in Chapter 2, the stand-alone model (i.e. state- or time-based) cannot 

be used for long-term performance prediction of bridge elements when the inspection 

records are limited and distributions of condition data are deficient. To address this 

shortcoming, an integrated method incorporating both the state- and time-based models 

has been developed in Chapter 3 as the Stage 1 development and has demonstrated an 

improved performance as compared to the stand-alone state- or time-based model. 

However, it has been discovered that as one of the deterministic curve fitting methods, 

the regression process (e.g. the third-order polynomial regression function) used in the 

state-based model are unable to cover all situations of the available condition data and 

to produce meaningful long-term performance curves.  

 

                                                 

*
 Bu, G. P., Lee, J. H., Guan, H., Loo, Y. C. and Blumenstein, M. (2013). “Implementation of Elman 

Neural Networks for enhancing reliability of integrated bridge deterioration model.” Australian Journal 

of Structural Engineering, AJSE, (In press, accepted 25/02/2013). 
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To overcome the abovementioned limitation, this chapter presents the Stage 2 

development aiming for an improved integrated deterioration method using an Elman 

Neural Network (ENN) technique in place of the regression process. For the Gold Coast 

regional network, a total of 87 bridge elements obtained from 94 bridges (totaling 5,970 

inspection records from this bridge network) are classified into 192 cases. All cases 

have been examined using the third-order polynomial regression function and results 

indicate that the generated bridge performance curves are unreliable for some bridge 

elements. The available condition data of these bridge elements are then summarised 

and distinguished into four different performance pattern situations. The ENN is 

subsequently used to generate the performance curves for each of the four situations. To 

demonstrate the improvement of the long-term performance curves produced by the 

ENN method over the regression process, four typical bridge elements are selected to 

represent the respective four performance pattern situations. Further, additional 

inspection records from other bridges within the same bridge network are employed to 

cross-validate the accuracy and reliability of the performance of ENN. Finally, long-

term performance predictions of the same four bridge elements are presented to confirm 

the effectiveness of the improved integrated method. 

 

4.2 The Improved Integrated Deterioration Method 

The improved integrated method incorporating ENN is presented schematically in 

Figure 4.1. The main components of the method include categorisation, calculation of 

the Overall Condition Ratings (OCRs), and selection of the state- or time-based model.  
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Figure 4.1 The components and procedures of the improved integrated method 

 

4.2.1 Date collection and categorisation 

The element level inspection records are provided by Queensland Department of 

Transport and Main Roads (QTMR), Australia. As mentioned in Section 3.2.1, the 

element level inspection is also called Level-2 inspection, placing the quantities of 

bridge elements into condition states (CSs) 1-4 to quantify the severity and extent of the 

damage or deterioration of each element. The condition state scale is divided into five-
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CSs in Queensland, Australia (Queensland Department of Main Road, 2004). In this 

study, only four CS scales are used for element level analysis because the fifth CS is 

only used for structural rating, i.e. project level analysis. These four CSs are in the order 

of 1 to 4 (good to very poor), and represent the bridge condition ratings from 100% to 

20%. Note that each CS has a 20% range.  

The categorisation process is the first step of the improved integrated method. This 

process categorises the bridge elements according to their location, traffic volume, 

exposure class, climate zone, and construction material and era. A total of 87 bridge 

elements obtained from 94 bridges (totaling 5,970 inspection records within the same 

traffic volume and exposure class) are categorised into three construction era groups: 

(1981-2000), (1961-1980) and (prior to 1960), and four materials types, viz cast-in-situ 

concrete (C), pre-cast concrete (P), steel (S), timber (T) and others (O). This leads to a 

total of 192 classified cases. After categorising the available inspection records, 

Equation (3.1) is used again herein to calculate the Overall Condition Ratings: 

 

 OCR
4321

44332211

qqqq

wqwqwqwq
 (4.1) 

 

Note that all the variables have previously been defined on p.60. The corresponding 

weighting factors w1, w2, w3 and w4 are generally defined by bridge agencies. Herein, w1, 

w2, w3 and w4 are assumed to be 100%, 70%, 50% and 20%, respectively, for CS1, CS2, 

CS3 and CS4 based on the local standards.  

 

4.2.2  Procedure of the improved integrated method 

Once the available inspection records are categorised and converted into OCRs, it is 

ready to be used as input in the selection process. As shown in Figure 4.1, the selection 

process in the improved integrated method identifies the status of the given inspection 

records, and then automatically finds an appropriate deterioration model. For example, 

if the given inspection records have at least two sequential condition state changes (e.g. 

condition state changes from CS1 to CS2, CS2 to CS3 or CS3 to CS4), the time-based 
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model is subsequently selected. On the other hand, if the given inspection records are 

not sufficient for the time-based model, the state-based model will then be selected. 

Referring to Figure 4.1, the time-based model calculates the transition probabilities 

from the cumulative probability of the transition event within the transition time. The 

Kaplan and Meier (K-M) method is employed to estimate the non-parametric reliability 

function with respect to the cumulative transition probabilities and the corresponding 

transition times and events (DeStefano and Grivas, 1998). A linear regression technique 

is employed to estimate the relationship between the cumulative transition probabilities 

and the corresponding transition times for different events. More detailed description 

refers to Section 3.2.5. 

The main purpose of this study is to demonstrate the advancement of incorporating 

the Elman Neural Network (ENN) in the state-based model to replace the third-order 

polynomial regression function. This is because the latter is unable to generate a reliable 

bridge performance curves due to various data distribution of the available inspection 

records. Detailed mechanism of the ENN is presented in Section 4.2.3. Once the bridge 

performance curve is generated by the ENN, a non-linear programming objective 

function is used to generate the transition probabilities. This is to minimise the 

difference of the OCR values generated by the ENN and Markov chain method. The 

process of the state-based model is also illustrated in Figure 4.1. The non-linear 

objective function can be expressed using Equation (3.6) which is reproduced herein for 

ease of discussion: 

 

.....,3,2,1,1)(0 subject to )()(
1

UiiPtEtAMin
N

t

 (4.2) 

 

Note that all variables except A(t) are as previously defined (p.65). In Equation 4.2, 

A(t) = the condition ratings at time t, generated by the ENN. 

Note that the Markov chain method is used in the improved integrated method to 

estimate the condition ratings and predict long-term performance of each bridge element. 
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Equations (3.3) and (3.5) for estimating the condition ratings are reproduced herein for 

ease of discussion. 

 
tPQtQ )0()(  (4.3) 

TRtQtE )()(  (4.4) 

 

Note that all the variables have previously been defined on p.63-64. 

 

4.2.3 Mechanism of Elman Neural Network (ENN) 

The Elman Neural Network (ENN) has been used in various fields for time related 

domains and is one of the well-known recurrent neural networks (Cui et al., 2011). 

Recurrent neural networks have feedback architecture and can be distinguished from 

feed-forward neural networks. A typical ENN has three layers: input, middle (hidden) 

and output layers. A generalised structure of the ENN for the improved integrated 

method is illustrated in Figure 4.2. 

 

 

Figure 4.2 Structure of the ENN used in the improved integrated method 
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A hidden layer with delayed feedback in an ENN comprises two sub-layers, i.e. the 

recurrent and linear layers. ENN feedback is used to construct memory within the local 

feedback loop. In Figure 4.2, the so-called context nodes are copied from the 

corresponding hidden nodes and are used to store memories from previous output 

values of the hidden layer neurons. As a consequence, the network can maintain 

preceding events, allowing it to better perform sequence-prediction. In the improved 

integrated method, a condition rating at time t resulted from the last condition rating at 

time t-1 is looped back as an input to the neural network at time t. The local feedback 

loop provides a precedent with respect to the proceeding input condition rating (Elman, 

1990). Thus, an ENN is effective for sequential prediction using such non-linearly 

characterised bridge deterioration patterns obtained from irregularly distributed 

condition data over time. 

The proposed ENN provides only one-step ahead prediction at a time (one cycle). 

The result of the first one-step-ahead prediction is added onto the original ENN input. 

This means that the number of inputs to the ENN increases in the second cycle of the 

one-step-ahead prediction. Iterations of the above-described process are required until 

the desired long-term prediction is completed. 

 

4.3 Long-Term Prediction of Bridge Element Deterioration 

4.3.1 Comparison studies 

All of the 192 classified cases have been examined using the third-order polynomial 

regression function and results indicate that the generated bridge performance curves 

are unreliable for some bridge elements. These unreliable performances may be 

classified into four types of performance pattern situations for which the corresponding 

types of elements are selected and studied using both the third-order polynomial 

regression function and the ENN. Table 4.1 presents the basic information of the four 

types of elements being selected. For example, element type 56C-Column/piles is of 

concrete construction and from construction era 1961 to 1980, where the total number 
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of bridges considered is 10 and the total number of inspection records is 25 obtained 

from the bridge age group 20 to 47 years. 

 

Table 4.1 Basic information for four selected types of elements 

Element type Element material 
Construction 

era 

No. of 

bridges 

No. of inspection 

records 

56C- 

Column/piles 

Concrete (cast-in-

situ) 
1961-1980 10 

25  

(from bridge age 20-47) 

4P-Footways Concrete (pre-cast) 1961-1980 4 
8  

(from bridge age 24-41) 

59C-Footing/Pile 

Cap 

Concrete (cast-in-

situ) 
1981-2000 16 

30  

(from bridge age 1-24) 

52O-Abutment 

sheeting 

Others (Composite 

materials) 
1981-2000 4 

6  

(from bridge age 3-25) 

 

Figure 4.3 presents the element level inspection records. Also shown in the figure 

are the long-term performance curves generated by the third-order polynomial 

regression function, and the ENN for four different performance pattern situations of 

available condition data. It should be noted that although the inspection records were 

obtained for a particular element type within a categorised bridge network in the same 

age group, variations in condition rating data do indeed exist because different bridges 

may have different construction qualities and MR&R frequencies. For example, Figures 

4.3(a) and (b) display discrepancies for years 20-30 as a result of different MR&R 

frequencies. In Figure 4.3(d), the discrepancy in condition ratings in the same age group 

(i.e. years 0-10) is the result of low construction qualities.  

For element type 56C-Column/piles, Figure 4.3(a) presents a “S” shaped bridge 

performance curve generated by the third-order polynomial regression function. It 

indicates that the condition ratings begin to decrease at bridge age 20 to 26 years 

followed by an increase at bridge age 27 to 40, and then rapidly decreases again to the 

“failed” condition ratings. Generally, a bridge element without maintenance should not 

have its condition rating increase when the bridge ages increase. Therefore, it is evident 

that the generated bridge performance curve is unrealistic and cannot be used to 

generate reliable transition probabilities. On the other hand, employing the ENN is 

shown to generate more reasonable performance for all the 10 bridges than the third-
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order polynomial regression function. A further 19-year prediction of element type 56C 

(bridge age 48-99) resulted from the ENN-based process is also presented in Figure 

4.3(a). It is obvious that the ENN is able to reliably predict long-term performance of 

this element type.  

The use of the third-order polynomial regression function for element type 4P-

Footways is demonstrated in Figure 4.3(b), which shows that the condition ratings 

increase at bridge age 24 to 26 years and decrease at bridge age 27 to 35, and then 

increase to 100% of condition ratings. This is obviously an unrealistic prediction. On 

the other hand, the use of ENN can produce a reasonable performance curve. A further 

15-year prediction of this element type (with bridge age 42 to 56 years) resulted from 

the ENN process is shown in Figure 4.3(b). It is considered satisfactory. 

For element type 59C-Footing/Pile Cap, Figure 4.3(c) shows a concave-shaped 

performance curve due to the third-order polynomial regression function, where the 

condition ratings decrease at the commencing year and then increase at bridge age 15. 

This is again illogical. The ENN, on the other hand, can generate a reliable bridge 

performance curve and provide a realistic long-term prediction of bridge type 59C from 

bridge age 24 to 50 years.  

Figure 4.3(d) illustrates the bridge performance curves for the element type 52O-

Abutment sheeting. The third-order polynomial regression function generates a convex-

shaped performance curve with increased condition ratings from bridge age 3 to 16 

years followed by a decrease to 20% of condition ratings within 18 years. It is simply 

unrealistic. However, the ENN can generate a more reasonable long-term performance 

curve. It can also provide a practical prediction of 25-year long-term performance for 

this element type (i.e. with bridge age 26 to 50 years).  
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(a) 56C-Column/piles of the 1961-1980 construction era  

 

 

(b) 4P-Footways of the 1961-1980 construction era  

 

0 

20 

40 

60 

80 

100 

20 30 40 50 60 70 

B
ri

d
g

e 
co

n
d

it
io

n
 r

a
ti

n
g

s 
(%

) 

Bridge age (years) 

Inspection records 
Third-order polynomial regression 
ENN prediction 

0 

20 

40 

60 

80 

100 

20 30 40 50 60 

B
ri

d
g
e 

co
n

d
it

io
n

 r
a
ti

n
g
s 

(%
) 

Bridge age (years) 

Inspection records 
Third-order polynomial regression 
ENN prediction 



 Chapter 4 

95 

 

(c) 59C-Footing/Pile Cap of the 1981-2000 construction era  

 

 

(d) 52O-Abutment sheeting of the 1981-2000 construction era 

Figure 4.3 Comparison of long-term performance curves of four types of bridge 

elements 
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In summary, unreasonable performance curves are generated by the third-order 

polynomial regression function for such performance pattern situations as insufficient 

condition data (particularly for Figures 4.3(b) and (d)) and/or variations in data 

distribution due to low construction qualities and regular maintenance (Figures 4.3(a) to 

(d)). On the other hand, employing the ENN is shown to generate more reasonable 

performance curves for all these typical situations. This further confirms that the 

improved integrated method incorporating ENN can effectively generate the long-term 

performance curves of bridge elements for various situations of condition data 

quantities and distributions. 

 

4.3.2 Transition probabilities 

The transition probabilities for each type of element are generated by the non-linear 

objective function presented in Equation (4.2). Shown in Figures 4.4(a)-(d) are the 

comparisons between the ENN and the Markov chain method in generating the average 

OCRs A(t) and the estimated OCRs E(t), respectively, for element types 56C, 4P, 59C 

and 52O. It is evident that the ENN generated condition ratings are in accordance with 

those estimated by the Markov chain method.  

 

 

(a) 56C-Column/piles of the 1961-1980 construction era  
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(b) 4P-Footways of the 1961-1980 construction era  

 

 

(c) 59C-Footing/Pile Cap of the 1981-2000 construction era  
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(d) 52O-Abutment sheeting of the 1981-2000 construction era  

Figure 4.4 Condition ratings due to the ENN and estimated condition ratings by the 

Markov chain method 

 

In addition to Figure 4.4, a Chi-square goodness of fit test (Jiang and Sinha, 1989) is 

also performed in this study to validate the accuracy of the generated bridge 

performance curves. Equation 3.7 is used again herein to calculate the χ
2
 values: 
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Note that all variables except A(t)i are as previously defined (p.65). In Equation (4.5), 

A(t)i = value of the condition rating in year i predicted by the ENN. 

The outcomes of the Chi-square test for bridge element types 56C, 4P, 59C and 52O 

are presented in Table 4.2. It summaries the DOFs, the critical χ
2
 values at a 

significance level α = 0.05 and those obtained from the improved integrated method. 

For element types 4P and 59C, the calculated χ
2
 values obtained from the improved 

integrated method are much smaller than those at a significance level α = 0.05. This 
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suggests that the differences in long-term performance predictions due to the ENN and 

the Markov chain method are insignificant. For element types 56C and 52O, on the 

other hand, larger χ
2
 values (30.08 and 45.17, respectively) are calculated using the 

improved integrated method. However these values are still smaller than the 

corresponding ones (i.e. 64.00) at a significance level α = 0.05. This also implies that 

the differences in the long-term predictions obtained from the two methods are still 

insignificant. 

 

Table 4.2 Comparison of the χ
2
 values at significance level α = 0.05 

Element type DOF χ
2 
critical (α=0.05) 

χ
2
 from the improved 

integrated method 

56C- Column/piles 47 64.00 30.08 

4P-Footways 32 46.19 8.44 

59C-Footing/Pile Cap 48 65.17 3.36 

52O-Abutment sheeting 47 64.00 45.17 

 

Upon confirming the closeness of the two methods, the transition probabilities can 

be obtained using Equation (4.2). The generated transition probabilities for each age 

group (i.e. from age 19 to 24 years at 5-year interval) for bridge element types 56C, 4P, 

59C and 52O are presented in Table 4.3. The values in each age group represent the 

probability of the element quantities remained in the current condition state. For 

example, for element type 59C with age group (19-24), 86.8% of the element quantities 

will remain in CS1 and 13.2% will transfer to the next state CS2 over a one-year period. 
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Table 4.3 Transition probabilities for four types of bridge elements 

(a) Element type 56C-Column/piles 

Age group 1 2 3 4 

(19-24) 0.868 1.000 1.000 1.000 

(25-29) 0.959 0.971 0.983 1.000 

(30-34) 0.899 0.947 0.989 1.000 

(35-39) 0.967 0.929 0.934 1.000 

(40-44) 0.977 0.940 0.925 1.000 

(45-49) 0.960 0.925 0.926 1.000 

(50-54) 0.948 0.910 0.922 1.000 

(55-59) 0.934 0.893 0.915 1.000 

(60-64) 0.911 0.862 0.899 1.000 

(65-69) 0.868 0.804 0.865 1.000 

 

(b) Element type 4P-Footways 

Age group 1 2 3 4 

(24-29) 0.993 1.000 1.000 1.000 

(30-34) 0.967 0.948 0.998 1.000 

(35-39) 1.000 0.960 0.918 1.000 

(40-44) 0.990 0.935 0.893 1.000 

(45-49) 0.948 0.891 0.869 1.000 

(50-54) 0.885 0.819 0.831 1.000 

(55-59) 0.762 0.684 0.754 1.000 

(60-64) 0.391 0.279 0.509 1.000 
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(c) Element type 59C-Footing/pile cap 

Age group 1 2 3 4 

(1-6) 0.965 0.980 0.968 1.000 

(7-11) 0.962 0.926 0.905 1.000 

(12-16) 0.966 0.898 0.907 1.000 

(17-21) 0.976 0.891 0.881 1.000 

(22-26) 0.971 0.915 0.884 1.000 

(27-31) 0.966 0.912 0.903 1.000 

(32-36) 0.960 0.904 0.933 1.000 

(37-41) 0.957 0.901 0.933 1.000 

(42-46) 0.939 0.913 0.920 1.000 

 

(d) Element type 52O-Abutment sheeting 

Age group 1 2 3 4 

(3-8) 0.720 1.000 1.000 1.000 

(9-13) 1.000 0.950 0.538 1.000 

(14-18) 0.954 0.961 0.641 1.000 

(19-23) 0.935 0.959 0.646 1.000 

(24-28) 0.919 0.958 0.646 1.000 

(29-33) 0.899 0.955 0.633 1.000 

(34-38) 0.906 0.957 0.644 1.000 

(39-43) 0.900 0.956 0.645 1.000 

(44-48) 0.897 0.955 0.647 1.000 

 

4.3.3 Validation outcomes 

To validate the reliability of the predicted condition ratings, a cross-validation is 

conducted where the predicted condition ratings are simply compared with the actual 

condition ratings. To carry out cross-validation, an additional dataset from other bridges 

is required. The condition rating at the initial year is used as the input to predict future 

condition ratings, which are then compared to the actual condition ratings in the extra 

dataset. For example, for element type 56C, five additional inspection records are 

obtained from Bridge #xx1x87x which is not one of the 10 bridges used to generate the 
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transition probabilities for this element type. The condition ratings of 70% at year 2002 

are used as initial input together with the transition probabilities presented in Table 

4.3(a). Equations (4.3) and (4.4) are then used to estimate the condition ratings for 

future years (i.e. 2005, 2007, 2008 and 2009), which are subsequently compared to the 

actual condition ratings. A summary of the cross-validation outcomes is presented in 

Table 4.4. For element type 56C-Bridge #xx1x87x, although the differences between 

the predicted and actual condition ratings increase with age of the bridge, these ratings 

still remain in the same condition state CS2. For both 4P-Bridge #xx6xx and 59C-

Bridge #xx8x1x, only one condition rating data needs to be validated. The validation 

outcomes indicate that the predicted condition ratings are very close to the actual ones 

and both remain in the same condition state CS2. Similar outcomes are obtained for 

52O-Bridge #xx9x5x in which the predicted and actual condition ratings also remain in 

the same condition state CS2. All the cross-validations clearly demonstrate that the 

performance of the ENN is satisfactory. 

 

Table 4.4 Summary of cross-validation outcomes 

Bridge element Input data  2003 2005 2007 2008 2009 

56C-Bridge 

#xx1x87x 

2002 with condition 

rating 70.00% 

A:  65.61% 62.69% 61.27% 59.86% 

B:  70.00% 70.00% 70.00% 70.00% 

4P-Bridge 

#xx6xx 

2004 with condition 

rating 70.00% 

A:   67.02%   

B:   70.00%   

59C-Bridge 

#xx8x1x 

2004 with condition 

rating 77.50% 

A:   73.10%   

B:   70.00%   

52O-Bridge 

#xx9x5x 

1999 with condition 

rating 88.06% 

A: 79.98% 76.52% 73.35%   

B: 70.00% 66.67% 70.00%   

A: Prediction results; B: Actual condition rating data 
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4.3.4  Long-term prediction and discussion 

Once the performance curves are validated, long-term bridge predictions can be 

performed using the generated transition probabilities (Tables 4.3(a)-(d)) together with 

the available inspection records in the initial years. Equation (4.3) can be applied to 

generate the percentage of element quantities and Equation (4.4) is used to predict 

future OCRs. The long-term predictions of four types of bridge elements are illustrated 

in Figure 4.5 where Figure 4.5(a) shows the long-term prediction for element type 59C 

selected from one of the 10 bridges, i.e. Bridge #xx1x05x. It presents the future 

condition ratings of this bridge element in terms of the element quantities and OCRs. 

The prediction is based on the last inspection records used as an initial condition state 

vector, by which the element condition ratings for the future 25 years are predicted. As 

can be seen from Figure 4.5(a), the predicted condition ratings gradually decrease from 

100% (CS1) to 50% (CS3) during a 25-year prediction period. Figure 4.5(b) shows the 

long-term prediction for bridge element 4P from Bridge #xx4xx. It demonstrates that 

the predicted condition ratings deteriorate from 70% (CS2) to 24% (CS4) during a 25-

year period. A 25-year long-term prediction for bridge element 59C from Bridge 

#xx1x47x is presented in Figure 4.5(c) where the condition ratings change from 100% 

(CS1) to 70% (CS2). For bridge element 50O-Bridge #xx1x46x, Figure 4.5(d) indicates 

that the condition ratings change from 70% (CS2) to 38% (CS4) during 25 years. The 

outcomes of the long-term predictions are evident that the predicted condition ratings 

gradually decrease as the bridge age increases. This suggests that the improved 

integrated method can lead to reasonable bridge deterioration patterns. 
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(a) 56C-Bridge #xx1x05x 

 

 

(b) 4P-Bridge #xx4xx 
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(c) 59C-Bridge #xx1x47x 

 

 

(d) 52O-Bridge #xx1x46x 

Figure 4.5 Long-term predictions for four types of bridge elements 
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4.4 Concluding Remarks 

This chapter demonstrates the advances made by the improved integrated method 

which incorporates the Elman Neural Network (ENN) in the state-based model in 

predicting long-term performance of various bridge elements.  

Through investigation of four typical bridge elements representing the four different 

performance pattern situations of available condition rating data, the ENN has shown to 

be more effective in generating meaningful and workable long-term performance curves 

than the third-order polynomial regression function. The reliability of the improved 

integrated method is validated through cross-validation using additional bridge 

inspection records from within the same bridge network. Long-term predictions of the 

aforementioned four bridge elements are also conducted using the generated transition 

probabilities and the initial inspection records of these elements. The prediction 

outcomes confirm that the improved integrated method incorporating the ENN enhances 

the reliability of the long-term prediction of bridge elements with various situations in 

terms of condition data quantities and distributions. 

In this chapter, four different performance pattern situations of condition data are 

identified based on the available inspection records collected from one (Gold Coast 

region) bridge network only. It should be noted that situations other than those being 

identified in this chapter may also exist for different bridge networks. This necessitates 

more case studies with respect to other bridge networks in order to further confirm the 

reliability and effectiveness of the improved integrated method. These case studies are 

presented in Chapter 5.  
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Chapter 5 Case Studies* 

 

 

 

 

5.1 General Remarks 

Through a two-stage development work presented in Chapter 3 and 4, the Elman 

Neural Network (ENN)-based integrated deterioration method has proven to provide 

reliable predictions of long-term performance of bridge elements. To further 

demonstrate the advantages of the ENN-based integrated method, a series of case 

studies are carried out using the U.S. National Bridge Inventory (NBI) database. A total 

of 40 bridges with 464 inspection records on substructures are selected from the New 

York State network. Amongst these records, 315 are used as input to predict the bridge 

condition ratings using both the proposed method and the standard Markovian-based 

procedure. The predictions are cross-validated with the actual condition ratings – i.e. the 

remaining 149 inspection records. For long-term performance prediction, both methods 

are also compared which further confirms the superiority and merits of the improved 

integrated method.  

                                                 

*
 Bu, G. P., Lee, J. H., Guan, H., Loo, Y. C. and Blumenstein, M. “Prediction of long-term bridge 

performance: an integrated deterioration approach with case studies.” Journal of Performance of 

Constructed Facilities, ASCE, (submitted in August, 2013). 

*
 Bu, G. P., Lee, J. H., Guan, H. and Loo, Y. C. (2013). “An integrated deterioration method for 

predicting long-term performance of bridge components: case studies.” The 13
th

 East Asia-Pacific 

Conference on Structural Engineering and Construction (EASEC-13), Sapporo, Japan, 11-13 September, 

Keynote paper (Accepted for publication). 
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5.2 Detail Deterioration Modelling Process for NBI Datasets 

“The improved integrated method” developed in Chapter 4, refers to as “the 

proposed integrated method” here after, is employed in this chapter to conduct the case 

studies using the NBI datasets. Note that the main components and procedures of the 

proposed method, detailed in Figure 4.1, are followed for case studies. Those specific 

for the NBI datasets are presented in some detail in the following subsections. 

 

5.2.1 Calibration process  

The most widely used inspection process for a BMS operation is the element level 

bridge inspection (Lee, 2007). The proposed integrated method is based on element 

level inspection records, by which the long-term performance of each bridge element 

can be predicted. These element level inspection records are presented as Overall 

Condition Ratings (OCRs) using a percentage scale. On the other hand, the condition 

ratings (CRs) obtained from the NBI dataset are scaled from 0 to 9 for bridge 

components (e.g. CR0 represents a “failed” condition rating, and CR9 represents an 

“excellent” condition rating). To be compatible with the proposed method, the NBI data 

is necessary to be calibrated into the percentage scale. Figure 5.1 illustrates the scale of 

the NBI data and the corresponding percentage scale for the proposed method.  

 

 

Figure 5.1 Calibrated scale for the proposed method 
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5.2.2 Categorisation process  

The proposed integrated method contains a categorisation process and a selection 

process. It also incorporates the Backward Prediction Model (BPM), and the commonly 

used state- and time-based models. The categorisation process is used to group similar 

components together, thereby identifying the common deterioration patterns. The 

selected bridge network is categorised by location, component types, material types, 

traffic volume and the construction era. In general, the NBI dataset covers three major 

types of bridge structural components: deck, superstructure and substructure. According 

to FHWA (1995), the material types can be classified as concrete, steel, prestressed 

concrete, timber, masonry, aluminium and others. The Average Daily Traffic (ADT) 

volume can generally be classified based on the roadway classification. Table 5.1 

presents the roadway classification and the corresponding ADT.  

 

Table 5.1 Roadway classification and corresponding ADT (Peshkin and Hoerner, 2005) 

Roadway classification 
General ADT range associated with different 

roadway classifications (vehicles per day [vpd]) 

Freeway 30,000 and above 

Arterial 12,000 to 40,000 

Collector road 2,000 to 12,000 

Local road ≤ 2,000 

 

According to Section 3.2.1, the construction era is also considered in the 

categorisation process. This is to encompass the fact that the quality of construction 

materials and construction processes have continuously improved over the past several 

decades. To obtain more reliable prediction outcomes, the construction era classification 

is considered herein and is grouped into a period of 20 years viz, group 1 (1991-2010) 

and group 2 (1971-1990).  
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5.2.3 Selection process  

After the categorisation process, the selection process offers the ability to identify 

the status of the given inspection records and then automatically selects the most 

appropriate deterioration model (state- or time-based with or without BPM) to be used. 

It should be noted that the BPM is used when the input data are insufficient. Detailed 

implementation of the BPM is presented in Section 3.2.3. The time-based model 

requires sequential changes in the condition ratings over a long observation period to 

define state transition events and the corresponding transition times. The state-based 

model, on the other hand, has fewer restraints. Note also that, in the case studies, the 

selection process ensures that the inspection records only satisfy the requirements of the 

state-based model.  

 

5.2.4 State-based model incorporating ENN 

State-based models predict long-term bridge performance using transition 

probabilities obtained from the difference between the two condition states at a given 

discrete time interval. Also as part of the proposed integrated method, the ENN 

technique is used in place of the standard regression process to generate the 

performance curves of the bridge components based on the given NBI datasets. The 

transition probabilities can be generated using Equation (4.2) by minimising the 

difference between the average OCRs A(t) from the ENN and the estimated OCRs E(t) 

by the Markov chain method. The condition ratings can be estimated using Equations 

(4.3) and (4.4). Note that in the chapter, the vector of condition ratings is R = [9, 8, 7, 6, 

5, 4, 3] and the transition probability matrix P is defined as:  
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where q(i) = 1-p(i), p(i) corresponds to pi,i and q(i) corresponds to pi,i+1. In Equation 

(5.1), p(1) represents the probability of bridge condition ratings remaining at CR9, and 

q(1) denotes the probability of the bridge condition rating dropping to CR8, the next 

lower condition rating, and so on, noting that the lowest condition rating before a bridge 

is repaired is CR3 (Jiang, 1990). Hence, the corresponding probability, p(7), is assumed 

to be one. 

 

5.3 Case Studies 

The sample inspection records obtained from the National Bridge Inventory (NBI) 

are used by the proposed integrated method to predict future condition ratings, and the 

predicted outcomes can then be employed to validate the prediction accuracy of the 

proposed method by the cross-validation process. The NBI condition ratings are divided 

into three major types of bridge structural components - deck, superstructure and 

substructure. In the case studies, a total of 464 inspection records are selected from 40 

bridges within the construction era of 1971-2010 from the New York State network. 

These records are for bridge substructures of prestressed concrete construction and no 

MR&R improvement works (i.e. “do-nothing”) are considered in the long-term 

performance prediction. 

To demonstrate the advantage of the proposed method in predicting long-term 

bridge performance, a total of 315 records are selected from the above inspection data 

as input for both the proposed method and standard Markovian-based procedure. The 

remaining 149 records are used to compare with the predicted condition ratings due to 

both methods, through which the accuracy of the prediction is cross-validated.  

 

5.3.1 Prediction using the proposed integrated method 

The selected sample data are divided into the four different classification groups as 

part of the proposed integrated method. According to the roadway classification and 

construction era, the sample data are grouped as collector road bridge network of 

construction eras from 1991 to 2010 and from 1971 to 1990, and freeway bridge 
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network of the same corresponding construction eras. The selection process ensures that 

these sample data only satisfy the requirements of the state-based model. As a result, 

four different long-term bridge performance curves are generated by the proposed ENN-

based method. To demonstrate that the bridge deterioration rate is significantly affected 

by traffic volume and construction era, a comparative study is conducted with respect to 

bridges with an early construction era versus a later one and a high traffic volume 

versus a low one. Figure 5.2 shows the long-term bridge performance curves for 

collector road and freeway bridge networks with construction eras of (1971-1990) and 

(1991-2010). As evident in the figure, with the same type of roadway (collector road or 

freeway bridge network), the bridge substructure for the construction era of 1971-1990 

deteriorates faster than those of 1991-2010 (Figure 5.2(a) and (b)). On the other hand, 

for the same construction eras (1971-1990 or 1991-2010), the bridges on freeway (i.e. 

those sustained high traffic volumes) deteriorate faster than those on collector road 

(with low traffic volumes) (Figure 5.2(c) and (d)).  

 

 

(a) Collector road bridge network of the 1971-1990 and 1991-2010 construction eras 
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(b) Freeway bridge network of the 1971-1990 and 1991-2010 construction eras 

 

 

(c) Collector road and freeway bridge networks of the 1971-1990 construction era 
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(d) Collector road and freeway bridge networks of the 1991-2010 construction era 

Figure 5.2 Comparison of the deterioration rates for the four different classification 

groups 
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this group, an 11-year prediction is generated. The figures show that the ENN generated 

long-term performance curves agree well with those estimated by the Markov chain 

method.  

 

 

(a) Collector road bridge network of the 1991-2010 construction era 

 

 

(b) Collector road bridge network of the 1971-1990 construction era 
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(c) Freeway bridge network of the 1991-2010 construction era 

 

 

(d) Freeway bridge network of the 1971-1990 construction era 

Figure 5.3 Data distribution and bridge performance curves generated by the proposed 

method 
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In addition, a Chi-square goodness of fit test is performed to validate the accuracy of 

the generated transition probabilities. The outcomes of the Chi-square test are presented 

in Table 5.2 which summarises the DOFs, the critical χ
2
 values at a significance level of 

α = 0.05 and the values obtained from the proposed method. The calculated χ
2
 values 

from the proposed method are much smaller than those at a significance level of α = 

0.05. This suggests that the differences in the long-term performance predictions due to 

the ENN process and the Markov chain method are insignificant. 

 

Table 5.2 Comparison of the χ
2
 values at a significance level of α = 0.05 

Roadway 

classification 

Construction 

eras 
DOF 

χ
2 
critical 

(α=0.05) 

χ
2
 from the 

proposed method 

Freeway 1991-2010 30 43.77 0.76 

Collector road 1991-2010 45 61.66 0.76 

Freeway 1971-1990 26 38.89 0.33 

Collector road 1971-1990 25 37.65 0.77 

 

The transition probabilities can easily be obtained from the non-linear objective 

function. The generated transition probabilities for each classification group are 

presented in Table 5.3. The values in each age group represent the probability of the 

condition rating remaining in each condition state. For example, for collector road 

bridge network of the 1991-2010 construction era, 87% of the condition rating will 

remain at 9, and only 13% will drop to 8, over a one-year period.  
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Table 5.3 Transition probabilities for four different classification groups 

(a) Collector road bridge network of the 1991-2010 construction era 

Ages P(1) P(2) P(3) P(4) P(5) P(6) P(7) 

1-6 0.870 1.000 1.000 1.000 1.000 1.000 1.000 

7-11 0.900 0.897 1.000 1.000 1.000 1.000 1.000 

12-16 0.934 0.791 0.776 1.000 1.000 1.000 1.000 

17-21 0.929 0.852 0.594 0.931 1.000 1.000 1.000 

22-26 0.927 0.892 0.701 0.802 0.692 1.000 1.000 

27-31 0.910 0.900 0.703 0.804 0.692 1.000 1.000 

32-36 0.908 0.885 0.846 0.791 0.683 0.711 1.000 

37-41 0.877 0.865 0.843 0.808 0.740 0.665 1.000 

42-46 0.756 0.755 0.752 0.742 0.719 0.672 1.000 

 

(b) Collector road bridge network of the 1971-1990 construction era 

Ages P(1) P(2) P(3) P(4) P(5) P(6) P(7) 

9-14 0.907 0.658 0.715 1.000 1.000 1.000 1.000 

15-19 0.901 0.731 0.515 1.000 1.000 1.000 1.000 

20-24 0.884 0.794 0.676 0.528 1.000 1.000 1.000 

25-29 0.867 0.841 0.760 0.578 0.605 0.343 1.000 

30-34 0.805 0.787 0.751 0.694 0.604 0.445 1.000 
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(c) Freeway bridge network of the 1991-2010 construction era 

Ages P(1) P(2) P(3) P(4) P(5) P(6) P(7) 

1-6 0.835 0.889 0.888 1.000 1.000 1.000 1.000 

7-11 0.888 0.744 0.528 1.000 1.000 1.000 1.000 

12-16 0.882 0.797 0.670 0.524 1.000 1.000 1.000 

17-21 0.888 0.837 0.725 0.605 0.539 0.407 1.000 

22-26 0.854 0.841 0.743 0.623 0.561 0.450 1.000 

27-31 0.722 0.719 0.709 0.686 0.642 0.529 1.000 

 

(d) Freeway bridge network of the 1971-1990 construction era 

Ages P(1) P(2) P(3) P(4) P(5) P(6) P(7) 

7-12 0.000 0.870 0.699 0.540 1.000 1.000 1.000 

13-17 0.000 0.813 0.729 0.546 1.000 1.000 1.000 

18-22 0.000 0.835 0.737 0.592 0.776 0.771 1.000 

23-27 0.000 0.811 0.801 0.712 0.623 0.484 1.000 

28-32 0.000 0.721 0.714 0.693 0.648 0.568 1.000 

 

The generated transition probabilities from the proposed method can be used to 

predict the condition ratings for each individual bridge, and then compared with the 

actual condition ratings to validate the prediction accuracy of the proposed method. 

 

5.3.2 Prediction using the standard Markovian-based procedure 

The standard Markovian-based procedure estimates the transition probabilities of the 

bridge condition by minimising the difference between the average condition ratings 

from a third-order polynomial regression function and the estimated condition ratings 

from the Markov chain method. The discrete inspection records without categorisation 

are used to generate the long-term bridge performance by the third-order polynomial 



Chapter 5  

120 

regression. Figure 5.4 presents the 315 inspection records (without categorisation), the 

long-term performance curve generated by the third-order polynomial regression and 

the corresponding estimated condition ratings by the Markov chain method. The figure 

shows that the generated condition ratings by the regression and Markov chain methods 

are very similar for the first 30 years. However, when examining the predicted future 

condition ratings between 30 to 50 years, the prediction error dramatically increases. 

The figure also shows an unrealistic long-term performance curve because bridge 

condition ratings should gradually decline for the “do-nothing” case.  

 

 

Figure 5.4 Data distribution and bridge performance curves 

 

Furthermore, the outcome of the Chi-square test shows that the calculated χ
2
 value 

obtained from the standard Markovian-based procedure is 16.48. Although the 

calculated value is smaller than that at a significance level of α = 0.05, it is much larger 

than the calculated values resulted from the proposed method, as indicated in Table 5.2. 

This suggests that the proposed method can generate more accurate transition 

probabilities than the standard Markovian-based procedure. The transition probabilities 

for the standard Markovian-based procedure, as summarised in Table 5.4, are also 

generated using the non-linear objective function.  
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Table 5.4 Transition probabilities for the standard Markovian-based procedure 

Ages P(1) P(2) P(3) P(4) P(5) P(6) P(7) 

1-6 0.808 1.000 1.000 1.000 1.000 1.000 1.000 

7-11 0.872 0.901 0.919 1.000 1.000 1.000 1.000 

12-16 0.911 0.825 0.763 1.000 1.000 1.000 1.000 

17-21 0.916 0.839 0.749 0.927 1.000 1.000 1.000 

22-26 0.913 0.839 0.750 0.947 1.000 1.000 1.000 

27-31 0.890 0.785 0.714 1.000 1.000 1.000 1.000 

32-36 0.917 0.775 0.711 1.000 1.000 1.000 1.000 

37-41 0.962 0.248 0.730 1.000 1.000 1.000 1.000 

42-46 0.986 0.250 0.781 1.000 1.000 1.000 1.000 

47-51 1.000 0.250 0.781 1.000 1.000 1.000 1.000 

 

5.3.3 Validation outcomes 

To validate the reliability of the predicted condition ratings, a cross-validation is 

conducted in which the predicted condition ratings are simply compared with the actual 

ones i.e. the 149 records from the total 464 inspection data. The same validation process 

used in Section 5.3.1 is also employed for the standard Markovian-based procedure. The 

validated outcomes resulted from the proposed method and the standard Markovian-

based procedure demonstrate that the former provides more accurate predictions.  

A comprehensive comparative study indicates that the prediction errors for both the 

proposed method and standard Markovian-based procedure are all within 10%. Both 

methods are considered satisfactory for short-term predictions. As a typical example, 

Table 5.5 presents the validation outcomes for the collector road bridge network of the 

1991-2010 construction era. It covers the bridge ID, number of input data, validation 

year, and actual NBI data. Also summarised in the table are the prediction outcomes due 

to both methods as well as their respective prediction errors. As evident, most prediction 

errors of the proposed method are smaller than those of the standard Markovian-based 

procedure. For example, the prediction errors of the proposed method for bridge 
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ID1xxx570 are 0.579, 0.350 and 0.142 for years 2010, 2011 and 2012, respectively. 

They are smaller than the corresponding errors (i.e. 0.640, 0.458 and 0.278) of the 

standard Markovian-based procedure. Other validation outcomes for different road 

types and construction eras are presented in Appendix C.  

 

Table 5.5 Validation outcomes for the collector road bridge network of the 1991-2010 

construction era 

Bridge ID 
No. of 

input data 
Validation 

Year 
Actual 

NBI 
PM SM 

PM Error 

(%) 
SM Error 

(%) 

1xxx720 10 

2009 9 8.900 8.87 0.100 0.128 

2010 9 8.819 8.77 0.181 0.228 

2011 8 8.730 8.66 0.730 0.664 

2012 8 8.633 8.55 0.633 0.550 

2xxx170 7 

2009 8 7.897 7.901 0.103 0.099 

2010 8 7.805 7.804 0.195 0.196 

2011 8 7.722 7.709 0.278 0.291 

2012 8 7.509 7.523 0.491 0.477 

1xxx350 10 

2009 9 8.900 8.872 0.100 0.128 

2010 9 8.819 8.772 0.181 0.228 

2011 8 8.730 8.664 0.730 0.664 

2012 8 8.633 8.550 0.633 0.550 

1xxx090 9 

2010 7 6.594 6.749 0.665 0.663 

2011 7 6.325 6.543 0.467 0.483 

2012 7 6.139 6.372 0.270 0.304 

1xxx640 12 

2004 8 7.791 7.825 0.209 0.175 

2005 8 7.579 7.64 0.421 0.360 

2006 8 7.375 7.455 0.625 0.545 

1xxx610 15 
2009 7 7.589 7.649 0.589 0.649 

2010 7 7.385 7.468 0.385 0.468 
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2011 7 7.189 7.289 0.189 0.289 

2012 7 7.005 7.116 0.005 0.116 

1xxx202 8 

2008 7 6.776 6.763 0.224 0.237 

2009 7 6.603 6.582 0.397 0.418 

2010 7 6.331 6.406 0.669 0.594 

1xxx570 9 

2010 7 7.579 7.640 0.579 0.640 

2011 7 7.350 7.458 0.350 0.458 

2012 7 7.142 7.278 0.142 0.278 

1xxx930 10 

2008 8 7.791 7.825 0.209 0.175 

2009 7 7.579 7.640 0.579 0.640 

2010 7 7.375 7.455 0.375 0.455 

2011 7 7.185 7.279 0.185 0.279 

2012 7 7.013 7.115 0.013 0.115 

1xxx160 10 

2009 8 7.897 7.901 0.103 0.099 

2010 8 7.686 7.720 0.314 0.280 

2011 8 7.478 7.535 0.522 0.465 

2012 8 7.281 7.355 0.719 0.645 

Note: Proposed Method: PM; Standard Markovian-based Procedure: SM 

 

In addition, Figure 5.5 compares the average prediction errors of the proposed 

method and those of the standard Markovian-based procedure. It is clear that the 

proposed method is more accurate. This further demonstrates the advantage of the 

proposed method in predicting future condition ratings or the long-term performance of 

the bridge components.  
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Figure 5.5 Comparison of the average prediction errors between the proposed method 

and standard Markovian-based procedure 

 

5.3.4 Long-term prediction and discussion 
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standard Markovian-based procedure is based on the third-order regression function 
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CR6. For example, the proposed method predicts that the condition ratings of bridge 

ID1xxx090 gradually decreases from CR8 to CR3 during a 28-year prediction period. 

On the other hand, the standard Markovian-based procedure predicts that the condition 

ratings for this bridge only decrease for the first ten years and then remains constant at a 

rating of CR6 for the remaining 18 years. The comparison outcomes of the long-term 

predictions confirm that the proposed method can provide bridge deterioration patterns 

of longer time-range than the standard Markovian-based procedure. 

 

 

(a) Bridge ID 1xxx090 

 

 

(b) Bridge ID 1xxx720 
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(c) Bridge ID 2xxx170 

 

 

(d) Bridge ID 1xxx350 

 

 

(e) Bridge ID 1xxx640 
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(f) Bridge ID 1xxx610 

 

 

(g) Bridge ID 1xxx202 

 

 

(h) Bridge ID 1xxx570 
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(i) Bridge ID 1xxx930 

 

 

(j) Bridge ID 1xxx160 

Figure 5.6 Comparisons of long-term deterioration predictions 
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5.4 Concluding Remarks 

This chapter presents a series of case studies to underscore the reliability of the 

proposed integrated method. A total of 40 bridges (or 464 NBI inspection records) are 

selected from the New York State network to conduct a comparative study on bridge 

deterioration predictions by the proposed method and the standard Markovian-based 

procedure. The accuracy of the short-term predictions by both methods is confirmed 

using the cross-validation process. For long-term bridge performance over a period of 

up to 25 years, the proposed method is proven to be more superior to the standard 

Markovian-based procedure. 
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Chapter 6 Conclusion and Future 

Research 

 

 

 

 

6.1 General Remarks 

A Bridge Management System (BMS) as a computer-based Decision Support 

System (DSS) is adopted to establish the best possible bridge MR&R strategies that 

ensure an adequate level of safety at the lowest possible bridge life-cycle cost and future 

funding needs. To achieve this, bridge deterioration models are incorporated to predict 

the future conditions of different bridge elements and also to estimate their remaining 

service life. In view of the limitations of the existing deterioration modelling techniques, 

an integrated bridge deterioration method is developed that can provide reliable 

predictions of long-term performance of bridge elements. The proposed integrated 

method is innovative in its ability to cover most situations where distributions of 

condition data are deficient and inspection records, limited.  

 

6.2 Research Outcomes 

The development of the proposed integrated method for deterioration prediction 

consists of two stages as summarised below: 

 The integrated deterioration method developed in Stage 1 overcomes the 

limitations in terms of insufficient inspection records due to late uptake in BMS 
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implementation, incompatible inspection records format, and randomness of data 

distribution related to various maintenance history and inconsistent bridge 

inspection processes. The cross-validation process is employed to verify the 

prediction accuracy of the proposed method. The outcome of the Stage 1 study 

confirms that the proposed method is more effective than the stand-alone model 

(i.e. state- or time-based) in predicting long-term performance of bridge 

elements (Stage 1 development detailed in Chapter 3). 

 In general (and as summarised in Section 3.5), the regression process embedded 

in the proposed integrated method is unable to produce meaningful long-term 

performance curves. Thus (in Chapter 4), the sophisticated Elman Neural 

Network (ENN) technique is used in place of the regression process thereby 

eliminating the said inadequacy.  

A series of case studies are then conducted (in Chapter 5) using actual condition 

rating data selected from the U.S. National Bridge Inventory (NBI) database. The 

results indicate that the long-term bridge performance predictions due to the proposed 

integrated method are more accurate and reliable than those produced by the standard 

Markovain-based deterioration procedure. 

 

6.3 Research Contributions 

Specifically, the contributions of this research may be summarised as follows: 

 Unlike the deterministic and other stochastic deterioration models, the proposed 

integrated method can categorise bridge elements based on the factors affecting 

the deterioration rates which include bridge location, element type, material type, 

construction era and traffic volume etc. The purpose of categorisation is to group 

bridge elements with similar deterioration patterns at the network level thereby 

further improving the reliability and accuracy of the long-term bridge 

performance predictions.  
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 A typical BMS with its stand-alone deterioration model for long-term bridge 

element level predictions usually suffers low reliability and inaccuracy where 

inspection records are inadequate and/or data poorly distributed. The 

implementation of the selection process in the proposed method can effectively 

minimise these deficiencies.  

 The use of the Backward Prediction Model (BPM) in the proposed method 

enhances its effectiveness in generating missing historical inspection records and 

consequently improves the reliability of long-term performance predictions. 

 The introduction of Elman Neural Network (ENN) technique in place of the 

regression process enables the proposed method to generate meaningful and 

workable long-term performance curves.  

 

6.4 Recommendations for Future Research 

The thesis research concentrates on the development of a reliable and robust method 

for deterioration prediction of bridge elements. The method can be used in conjunction 

with any existing BMS to improve its performance and enhance its functionality. To 

maximise its efficiency in practice, however, an optimisation procedure may be required 

to avoid bottlenecks encountered in various stages of the categorisation and selection 

processes. For long-term predictions, once a predicted bridge element condition reaches 

the failure rating i.e. 20%, the ENN iteration process should cease to avoid futile 

computational efforts. 

The proposed integrated method for deterioration prediction is developed and 

validated for bridges and bridge networks. Further research may be carried out to extend 

the relevant techniques and processes for the management of other infrastructure 

facilities such as tunnels, railways, road pavements and waterways.  
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Appendix A 

Table A.1 United States Bridge Management Systems. 

State System description 

Wyoming 

WYDOT is currently using the AASHTO bridge management system 

PONTIS to manage its bridge network. They do not currently make use 

of the PONTIS prediction model as they are not satisfied with its 

accuracy. WYDOT are waiting for the latest version of PONTIS to 

come out as the programs prediction modelling is expected to be greatly 

expanded (Fulton, 2013). 

 

Limitations: Does not use the PONTIS prediction model hence 

cannot accurately plan future works; and is effectively only a bridge 

inventory system. 

 

Advantages: Uses the popular PONTIS program instead of the old 

WYDOT BMS which could not handle large numbers of bridges. 

 

North Carolina 

Early on NCDOT invested in developing its own BMS. This BMS has 

been very successful and has been adopted into several other BMS 

programs. The model prioritises projects based on level of service and 

budget (Czepiel, 1995). 

 

Limitations: Considers only deck, substructure and superstructure; 

and is cumbersome when handling large numbers of bridges. 

 

Advantages: Strong user cost model (adopted into PONTIS); 

Developed the first bottom-up optimisation model OPBRIDGE 

(incorporated into BRIDGIT); OPBRIDGE can report at network, local 

and individual level; and very strong project level analysis. 

 

Pennsylvania 

PennDOT early on developed its own project based BMS. Currently 

though it uses a BMS with the base system modelled on PONTIS 4.4 

(Macioce, 2013). 

 

Alabama 

Alabama began research in the late 80’s to develop its own BMS. It 

decided to incorporate North Carolinas OPBRIDGE as the optimisation 

model. This BMS is called the Alabama’s Bridge Information 

Management System (ABIMS) functions largely as a bridge inventory 

system. The system lacks a functional deterioration model (Czepiel, 

1995). 

 

Limitations: Does not contain a deterioration model so cannot 

provide any prediction or forecasting of future bridge condition. 

 

Advantages: Uses a customised version of North Carolinas 

OPBRIDGE as an optimisation model. 
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Indiana 

Indiana’s Bridge Management System (IBMS) (Smith, 2013) is a 

project level system comprised of four models; a planning model, 

deterioration model (based on Markov’s process), utility model, rank 

model and optimisation model. The planning model creates a five year 

maintenance plan for each bridge based on condition rating. The utility 

model gives a rating based on the bridge condition as well as socio-

economic factors. This rating is used in the rank and optimisation 

models to prioritise bridge projects (Czepiel, 1995). 

 

Limitations: Considers only deck, substructure and superstructure; 

and is cumbersome when handling large numbers of bridges. 

 

Advantages: Separates the normal optimisation model into two 

separate models permitting the reporting of two options; and does not 

directly use bridge condition rating for optimisation but a combination 

rating. 

 

Washington 

WSDOT does not use any formal BMS software such as PONTIS or 

BRIDGIT. They use a somewhat simplified process where each bridge 

deck is assigned a condition rating and then prioritised based on this 

rating, whether the bridge is likely to deteriorate or not and desired level 

of service. WSDOT was included in the original PONTIS testing 

(Dewayne, 2013). 

 

Limitations: Has no deterioration model as such; and system only 

considers bridge deck. 

 

Advantages: System requires no commercial software; and has led 

to the consistent decrease in structurally deficient bridges over the last 5 

years. 

 

Connecticut 

ConnDOT has developed its own bridge information system which it 

uses in conjunction with PONTIS to manage its bridge network. 

Condition ratings, project information and other bridge related data is 

stored in this bridge information system and then exported to PONTIS 

for prediction and optimisation modelling (Czepiel, 1995). 

 

Texas 

TexDOT currently uses the commercially developed BRINSAP system 

which acts a bridge inventory system. The system only has the 

capability to detect serious faults in the inventory. TexDOT has already 

developed deterioration, cost and optimisation modelling but is still 

deciding whether to implement PONTIS or its own complete system 

(Breazeale, 2013). 

 

Limitations: Has no real function other than inventorying bridge 

data; and system can only detect serious faults in the bridge network. 

 

South Carolina 

SCDOT uses a customised PONTIS to manage its bridge network. 

Currently SCDOT lacks the cost data to apply this system fully but is 

investing heavily in that regard (Czepiel, 1995). 
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Table A.2 Other countries Bridge Management Systems 

System 

name/country 
System description 

DANBRO 

(Denmark) 

The DANBRO bridge management system was implemented in 1975 and its 

current version was developed in 2010. The system maintains the nation’s 

2000 bridges and culverts. The system has a complete inventory and inspection 

program factoring in load carrying capacity and risk. Uses a complete 

deterioration model to predict future condition and optimisation model to 

allocate funds. This system is primarily used to meet performance targets and 

for budget preparation (Mirzaei et al., 2012). 

 

Limitations: Does not consider accident costs; and does not store 

information on vehicle use. (e.g. Number of vehicles) 

 

Advantages: Stores load carrying capacity of bridges; considers both 

safety and risk in addition to condition and load capacity during inspection; 

has a working deterioration model that can consider the effects of 

maintenance; and allows intervention at almost any level. 

 

FBMS 

(Finland) 

The Finnish Bridge Management System (FBMS) in its current version was 

developed in 2010 but was first implemented in 1990. The system manages 

over 13,000 bridges, 3,000 culverts and 200 quays/piers. A new system is due 

to be implemented in 2013 but is yet to be confirmed (Mirzaei et al., 2012). 

Due to the lack of historical data transitional probabilities are estimated from 

surveys and expert opinion (Austroads, 2002). 

 

Limitations: Deterioration model needs real data to improve accuracy. 

 

Advantages: Considers life-cycle analysis and life-cycle cost; 

maintenance and repair planning is done for a 6 year increment. 

 

BRUTUS 

(Norway) 

The BRUTUS bridge management system acts essentially like an inventory for 

inspection data/methods and maintenance records. The system also provides 

maintenance plans but as no deterioration module is included it is assumed that 

planning is done with the assistance of experienced engineers (Austroads, 

2002). 

 

Limitations: Has no deterioration modelling capabilities. 

 

Advantages: Local level control over individual bridges. 

 

BaTMan 

(Sweden) 

The Bridge and Tunnel Management System (BaTMan) was implemented in 

1987 but its current version was developed in 2011. The system manages over 

1,000 tunnels, 33,000 bridges, 1,500 retaining walls and 300 quays. It contains 

an inventory, deterioration, and optimisation model but lacks the life-cycle 

cost analysis for long term maintenance planning (Mirzaei et al., 2012). 

 

Limitations: Inspection data is entered manually, documents uploaded as 

photos, drawings; does not consider load carrying capacity at the element of 

structural level; deterioration model only operates at the strategic level 
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considering key-performance indicators in long term planning. 

 

Advantages: Allows some intervention of information such as inspection, 

traffic delay and planning cost; is used in the budget preparation process and 

performance targets analysis. 

 

GBMS 

(Germany) 

The German Bridge Management System (GBMS) responsible for the 

maintenance of many tunnels, bridges, culverts, galleries and retaining walls. 

The system has a complete inventory database storing vehicle numbers, load 

capacity, location as well as all reports. GBMS has a working deterioration 

model based on the change in performance indicators using condition change 

curves (Mirzaei et al., 2012). 

 

Limitations: Does not use the PONTIS prediction model hence cannot 

accurately plan future works; and currently cannot be used to set performance 

standards, but a new program is currently under development which will 

enable that function. 

 

Advantages: No need to calculate probability of failure as is considered in 

the condition rating (damage rating); allows user intervention of costs for 

traffic delays, accidents and environmental conditions; and can be used for 

budget preparation. 

 

SMOK 

(Poland) 

The Polish SMOK bridge management system was first implemented in 1997 

but its current version is 2001. It is responsible for almost 8,000 bridges as 

well as tunnels, culverts and retaining walls. Deterioration is not modelled in 

this system. Optimisation is done on the basis of condition rating but can be 

customised by the user (Mirzaei et al., 2012). 

 

Limitations: Does not store road traffic quantities; and does not consider 

probability of failure in the inspection information; does not allow intervention 

into costing such as accidents, traffic delays and environmental conditions; and 

cannot model deterioration hence there is no prediction and life-cycle analysis. 

 

Advantages: Stores load carrying capacity of each bridge; system is used 

to assist budget preparation. 

 

RPIBMS 

(Japan) 

The Japanese Bridge Management System at Regional Planning Institute 

(RPIBMS) handles almost 800 bridges. It was implemented in 2006 and its 

latest version is 2009. The system contains a deterioration model which 

separates deterioration into 4 different speeds for each element, and type of 

deterioration (Mirzaei et al., 2012). 

 

Limitations: Load carrying capacity is not considered at any stage in the 

system. 

 

Advantages: System performs life-cycle analyses and costing; allows 

intervention in areas such as indirect costs, life cycle cost and repair options; 

output is used for budget preparation and contains a budget simulation 

function; and user can set performance standards for each bridge. 
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Table B.1 Structure condition inspection report 

Structure Condition Inspection Report B2/2 

S
h

ee
t 

2
 O

f 
3

 

Structure Id               X                                     Name                 

Inspection Date  30-APR-2002        Inspection Level 2    √     Level 3           Underwater 

Component Location 

E
x

p
o

su
re

 C
la

ss
 

Q
u

a
n

ti
ty

 

U
n

it
 

Quantity Per Condition 

State 

M
a

in
te

n
a

n
ce

 

R
eq

d
 

Comments 

*  Location of item/condition 

*  Description of defects by location 

type, magnitude, extent 

*  References of sketches  and photos 

(Roll/Exposure Nos) 

M
o

d
if

ic
a

ti
o
n

 

G
ro

u
p

 

C
o

m
p

o
n

en
t 

S
ta

n
d

a
rd

 

N
u

m
b

er
 

1 2 3 4 

O AP1 AP 70O 3  1.0  EACH     1.0        

Asphalt opening up at releving slab due to settlement in approach[photo 9]RHS releving slab is exposed and cracks of 1mm appearing in 
slab used for footway [photo 6] 

O AP1 GR 72S 3  2.0  EACH 2.0            

O AP1 GR 72T 3  1.0  EACH 1.0          Timber sound barrier fence.LHS 

O AP1 PRO 53O 3  40.0  M2 40.0          Natural grass LHS 

O AP1 GR 72O 3  2.0  EACH 2.0          Chain wire security fence for railway. 
L/RHS 

O AP1 FY 4C 3  12.0  LINM 12.0          Concrete stamped between north and 
southbound lane ways 

O A1 BR 2C 3  7.8  LINM     7.8      RHS barrier separating from span 1 
barrier of 40mm[photo 7] 

O A1 J1 10O 3  69.5  LINM   69.5        Debri growing out of joint which is 
starting to open up.[photo 1] 

O A1 J2 15O 3  72.0  LINM X X X X     

O S1 BR 2C 3  45.6  LINM   45.6          

O S1 WS 1O 3  ******* M2 3,105.0          Armco gos across full length of bridge as 
well as chain wire fence RHS[photo 2] 

O S1 FY 4C 3  23.0  LINM   23.0        Medium strip in between south and 
northbound lane ways.[photo 2] 

O A2 BR 2C 3  7.8  LINM   3.9  3.9      LHS barrier separating from span 1 
barrier of 40mm[photo 4] 

O A2 J1 10O 3  69.5  LINM   69.5        Joint full of debri[photo 3] 

O A2 J2 15O 3  72.0  LINM X X X X     

O AP2 AP 70O 3  1.0  EACH   1.0          

O AP2 GR 72S 3  2.0  EACH   2.0          
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O AP2 GR 72O 3  6.0  EACH 6.0          3 Chain wire security fences L/RHS 

O AP2 PRO 53O 3  80.0  M2 80.0            

O AP2 FY 4C 3  20.0  LINM   20.0        General cracking in stamped concrete 
due to settlement in approaches[photo 5] 

O A1 MP 44O 3  76.0  EACH   76.0          

O A1 A 50C 3  1.0  EACH 1.0            

O A1 ABS 52C 3  487.0  M2 487.0          Pre-cast earth retaining wall 

O A1 P 56C 3  10.0  EACH X X X X     

O S1 D 20P 3  76.0  EACH 76.0            

O S1 D 20C 3  ******* M2 X X X X   Section of footway on RHS minor 
shrinkage cracks.[photo 8] 

O S1 W 71O 3  1.0  EACH 1.0          Gold coast railway tracks. 

O A2 A 50C 3  1.0  EACH 1.0            

O A2 MP 44O 3 76.0 EACH  76.0     

O A2 ABS 52P 3 487.0 M2 487.0     Pre-cast earth retaining wall 

O A1 P 56P 3 10.0 EACH X X X X   

O A2 P 56C 3 10.0 EACH X X X X   



 Appendix C 

155 

Appendix C 

Table C.1 Validation outcomes for collector road bridge network of the 1971-1990 

construction era 

 

Bridge ID 
No. of 

input data 
Validation 

Year 
Actual 

NBI 
PM SM 

PM Error 

(%) 
SM Error 

(%) 

1000xxx 10 

2009 7 7.731 7.839 0.731 0.839 

2010 7 7.494 7.663 0.494 0.663 

2011 7 7.225 7.483 0.225 0.483 

2012 7 6.946 7.306 0.054 0.306 

1004xxx 10 

2009 7 7.225 7.483 0.225 0.483 

2010 7 6.946 7.306 0.054 0.306 

2011 7 6.674 7.136 0.326 0.136 

1006xxx 7 

2005 7 6.676 6.749 0.324 0.251 

2006 6 6.305 6.543 0.305 0.543 

2007 6 5.973 6.380 0.027 0.380 

2008 6 5.706 6.247 0.294 0.247 

2009 6 5.503 6.135 0.497 0.135 

1014xxx 9 

2001 6 5.977 6.786 0.023 0.786 

2002 6 5.776 6.650 0.224 0.650 

2003 6 5.621 6.524 0.379 0.524 

2004 6 5.499 6.410 0.501 0.410 

2005 6 5.131 6.305 0.869 0.305 

1016xxx 8 

2008 9 8.901 8.916 0.099 0.084 

2009 9 8.785 8.825 0.215 0.175 

2010 8 8.649 8.728 0.649 0.728 

2011 8 8.499 8.623 0.499 0.623 

2012 8 8.335 8.510 0.335 0.510 
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10161xx 12 

2007 7 7.304 7.484 0.304 0.484 

2008 7 7.029 7.307 0.029 0.307 

2009 7 6.756 7.137 0.244 0.137 

1017xxx 3 

1995 5 6.000 5.927 0.999 0.927 

1996 5 6.000 5.839 0.999 0.859 

1997 5 5.528 5.797 0.528 0.797 

1998 5 5.279 5.739 0.279 0.739 

1028xxx 4 

2005 7 7.124 7.483 0.124 0.483 

2006 7 6.844 7.304 0.156 0.304 

2007 7 6.577 7.134 0.423 0.134 

2008 7 6.332 6.973 0.668 0.027 

2009 6 6.113 6.824 0.113 0.824 

2010 6 5.785 6.685 0.215 0.685 

2011 6 5.403 6.445 0.597 0.557 

2012 6 5.052 8.916 0.948 0.445 

1038xxx 5 

2009 9 8.884 8.916 0.116 0.084 

2010 8 8.757 8.825 0.757 0.825 

2011 8 8.619 8.725 0.619 0.725 

2012 8 8.466 8.618 0.466 0.618 

1034xxx 4 

2009 8 7.794 7.839 0.206 0.161 

2010 7 7.563 7.663 0.563 0.663 

2011 7 7.304 7.484 0.304 0.484 

Note: Proposed Method: PM; Standard Markovian-based Procedure: SM 

  



 Appendix C 

157 

Table C.2 Validation outcomes for freeway bridge network of the 1991-2010 

construction era 

 

Bridge ID 
No. of 

input data 
Validation 

Year 
Actual 

NBI 
PM SM 

PM Error 

(%) 
SM Error 

(%) 

103xxx2 8 

2010 9 8.888 8.872 0.112 0.128 

2011 9 8.760 8.748 0.240 0.252 

2012 8 8.612 8.627 0.612 0.627 

104xxx9 8 

2010 7 7.433 7.804 0.433 0.804 

2011 7 7.138 7.709 0.138 0.709 

2012 7 6.820 7.523 0.180 0.523 

105xxx9 8 

2010 8 7.797 7.825 0.203 0.175 

2011 8 7.568 7.640 0.432 0.360 

2012 8 7.309 7.455 0.691 0.545 

107xxx0 7 

2000 7 7.138 7.709 0.138 0.709 

2001 7 6.884 7.617 0.116 0.617 

2002 7 6.678 7.527 0.322 0.527 

2003 7 6.297 7.343 0.703 0.343 

1074xx0 9 

2005 7 7.568 7.640 0.568 0.640 

2006 7 7.309 7.455 0.309 0.455 

2007 7 7.035 7.279 0.035 0.279 

1077xx0 10 

2009 8 7.797 7.825 0.203 0.175 

2010 8 7.568 7.640 0.432 0.360 

2011 8 7.309 7.455 0.691 0.545 

550xxx9 10 

2009 7 7.509 7.720 0.509 0.720 

2010 7 7.242 7.535 0.242 0.535 

2011 7 6.963 7.355 0.037 0.355 

2012 7 6.690 7.186 0.310 0.186 

103xxx1 7 
2009 9 8.888 8.872 0.112 0.128 

2010 9 8.760 8.748 0.240 0.252 
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2011 9 8.612 8.627 0.388 0.373 

2012 8 8.447 8.510 0.447 0.510 

1034xx1 3 
2011 9 8.835 8.808 0.165 0.192 

2012 9 8.679 8.653 0.321 0.347 

1044xx9 5 

2010 9 8.835 8.808 0.165 0.192 

2011 9 8.700 8.686 0.300 0.314 

2012 9 8.542 8.567 0.458 0.433 

Note: Proposed Method: PM; Standard Markovian-based Procedure: SM 
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Table C.3 Validation outcomes for freeway bridge network of the 1971-1990 

construction era 

 

Bridge ID 
No. of 

input data 
Validation 

Year 
Actual 

NBI 
PM SM 

PM Error 

(%) 
SM Error 

(%) 

1x0x2x0 9 

2008 7 7.630 7.663 0.630 0.663 

2009 7 7.427 7.483 0.427 0.483 

2010 7 7.206 7.304 0.206 0.304 

2011 7 6.971 7.130 0.029 0.130 

2012 7 6.728 6.970 0.272 0.030 

1x4x1x1 4 

2008 7 7.630 7.663 0.630 0.663 

2009 7 7.427 7.483 0.427 0.483 

2010 7 7.206 7.304 0.206 0.304 

2011 7 6.971 7.130 0.029 0.130 

2012 7 6.728 6.970 0.272 0.030 

1x7x481 5 
1997 5 5.000 5.000 0.000 0.000 

1998 5 5.000 5.000 0.000 0.000 

1x7x4x2 4 
1998 5 5.000 5.000 0.000 0.000 

1999 5 5.000 5.000 0.000 0.000 

1x7x5x0 4 
1996 5 5.000 5.000 0.000 0.000 

1997 5 5.000 5.000 0.000 0.000 

5x2x4x0 8 

2002 8 7.813 7.825 0.187 0.175 

2003 7 7.611 7.640 0.611 0.640 

2004 7 7.387 7.458 0.387 0.458 

2005 7 7,162 7.278 0.162 0.278 

2006 7 6.924 7.105 0.076 0.105 

1x7x4x1 6 

1998 8 7.813 7.839 0.187 0.161 

1999 7 7.630 7.663 0.630 0.663 

2000 7 7.427 7.483 0.427 0.483 
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1x4x1x0 6 

2007 7 6.729 6.749 0.271 0.251 

2008 7 6.427 6.543 0.573 0.457 

2009 7 6.118 6.372 0.882 0.628 

1x9x1x9 3 

1995 5 5.259 5.859 0.259 0.859 

1996 5 4.971 5.814 0.029 0.814 

1997 5 4.593 5.771 0.407 0.771 

2x2x2x0 8 

2007 7 6.737 6.749 0.263 0.251 

2008 6 6.437 6.543 0.437 0.543 

2009 6 6.127 6.372 0.127 0.372 

2010 6 5.823 6.227 0.177 0.227 

2011 6 5.532 6.117 0.468 0.117 

Note: Proposed Method: PM; Standard Markovian-based Procedure: SM 
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Appendix D 

 

(a) Bridge ID 1000xxx 

 

 

(b) Bridge ID 1004xxx 
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(c) Bridge ID 1006xxx 

 

 

(d) Bridge ID 1014xxx 

 

 

(e) Bridge ID 1016xxx 
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(f) Bridge ID 10161xx 

 

 

(g) Bridge ID 1017xxx 

 

 

(h) Bridge ID 1028xxx 
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(i) Bridge ID 1038xxx 

 

 

(j) Bridge ID 1034xxx 

 

Figure D.1 Comparisons of long-term deterioration predictions (collector road 

bridge network of the 1971-1990 construction era) 
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(a) Bridge ID 103xxx2 

 

 

(b) Bridge ID 104xxx9 

 

 

(c) Bridge ID 105xxx9 
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(d) Bridge ID 107xxx0 

 

 

(e) Bridge ID1074xxx0 

 

 

(f) Bridge ID 1077xx0 
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(g) Bridge ID 550xxx9 

 

 

(h) Bridge ID 103xxx1 
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(i) Bridge ID 1034xx1 

 

 

(j) Bridge ID 1044xx9 

 

Figure D.2 Comparisons of long-term deterioration predictions (freeway bridge network 

of the 1991-2010 construction era) 
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(a) Bridge ID 1x0x2x0 

 

(b) Bridge ID 1x4x1x1 

 

 

(c) Bridge ID 1x7x481 
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(d) Bridge ID 1x7x4x2 

 

(e) Bridge ID 1x7x5x0 

 

 

(f) Bridge ID 5x2x4x0 
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(g) Bridge ID 1x7x4x1 

 

(h) Bridge ID 1x4x1x0 

 

 

(i) Bridge ID 1x9x1x9 
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(j) Bridge ID 2x2x2x0 

 

Figure D.3 Comparisons of long-term deterioration predictions (freeway bridge 

network of the 1971-1990 construction era) 
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