
Evaluating Defects of Bridge Elements Using an Image 

Processing Approach 
 

 

 

A thesis submitted in fulfilment of the requirements  

of the degree of 

 

 

 

Master of Philosophy 

 

 

By 

 

 

HUIJU WI 
BEng 

 

 

from 

 

 

 

Griffith School of Engineering 

Science, Engineering, Environment and Technology Group 

 

 

Griffith University 

Gold Coast Campus 

 

August 2013 



  



Declaration 

 

 

 

- i - 

 

 

Declaration 

 

This work has not been previously submitted for a degree or diploma in any university. 

To the best of my knowledge and belief, the thesis contains no material previously 

published or written by another person except where due to reference is made in the 

thesis itself. 

 

 

 

Huiju Wi  

August 2013  

 



Acknowledgements 

 

 

 

- ii - 

 

 

Acknowledgements 

 

The completion of this MPhil study would not have been possible without the 

invaluable help and encouragement from some special people to whom I would like to 

express my deepest gratitude. 

 

I am grateful to all of my principle supervisors: Dr Jaeho Lee for helping me get 

through this MPhil study, encouraging me and giving me the opportunity to make the 

most of my work and for imparting valuable research skills; Associate Professor Hong 

Guan for her extraordinary help throughout my study as well as for her inspiration and 

support during the times of difficulty and; Professor Michael Blumenstein for his 

enthusiastic supervision, enlightening inspiration and continuing support in regards to 

the image processing technique. Their patience, diligence, critical insight, dedication 

and support will long be remembered.  

 

I would like to thank Dr Nguyen Vu for his initial help on the research methodology 

and for his contributions in the preparation of this thesis. I also acknowledge the 

valuable assistance received from the Department of Engineering Services, Gold Coast 

City Council (GCCC), Australia, who generously provided the resources for my 

research. In particular, I wish to thank Mr. Randall Scott, Ms. Yvonne Ulas, and Mr Bill 

Zhang from the GCCC for their assistance with the data collection process. 

 

Last but not least, my humblest words of gratitude go to Ms Bomin Son, my parents, 

Mrs Myeongok Mun and Mr Gukgwon Wi, my brother Mr Huigeun Wi and my sister, 

Mrs Eunhui Wi for their love, understanding and encouragement over all stages of this 

research journey. Without them, I would never have gained strength to finish this 

important milestone in my life. No matter how far apart we are, no matter what 

obstacles stand between us, my love will always be with them all.  

 



List of Publications 

 

 

 

- iii - 

 

 

List of publications 

 

The following papers were submitted to disseminate the concept and results of the work 

undertaken during the course of this MPhil research study. 

 

Journal Publications 

Wi, H. J., Lee, J. H., Guan, H., Loo, Y. C. and Blumenstein, M. (2012), “Development of 

Methodology for Enhancing Visual Bridge Condition Assessment Using Image Processing 

Techniques”, Applied Mechanics and Materials, 256-259, pp. 1563-1570. 

 

Wi, H. J., Nguyen, V., Lee, J. H.,  Guan, H., Loo, Y. C. and Blumenstein, M., 

“Concrete crack evaluation in visual-based condition assessment using image 

processing techniques”, Artificial Intelligence for Engineering Design, Analysis & 

Manufacturing. (Submitted, 11/08/2013). 

 

 

 



Abstract 

 

 

 

- iv - 

 

 

Abstract 

The total expenditure on bridge maintenance/rehabilitation and improvement for the 

year 2010-11 in Australia was AUD1.2 billion. This was a 67% rise in ten years. The 

efficient use of public funds for the structural integrity of bridge networks requires an 

effective bridge asset management technology. For effective asset management, many 

bridge authorities have implemented Bridge Information System (BIS) or Bridge 

Management System (BMS) to manage their routine inspection information. The 

success of a BMS is highly dependent on the quality of bridge inspection results and 

accurate estimation of future bridge condition ratings. To ensure such successful 

outcome, a BMS must (1) contains reliable, consistent and accurate condition data from 

routine bridge inspections; and (2) encompasses a reliable deterioration modelling that 

overcomes the shortcomings of lacking historical bridge inspection records. However, 

without consistent and accurate bridge condition data, reliable BMS outcomes would 

not be expected regardless of superiority of asset management techniques. Although 

current routine bridge inspections are required to be carried out by certified inspectors 

to provide condition assessment, several limitations have been identified as 

demonstrated in published literatures. They include: (1) visual inspections are subjective 

and not always reliable; (2) entire manual process is costly and time-consuming; (3) a 

number of safety risks are associated with filed inspectors; (4) inspection requires 

experienced and highly trained personnel – now most bridge authorities are facing the 

issue of shortage of required level of inspectors.  

 

To minimise the aforementioned limitations, particularly in terms of inconsistency of 

inspection results, this study aims to develop a novel method for automated bridge 

inspection in order to collect consistent and accurate bridge element condition data for 

reliable BMS outcomes. More specifically, an enhanced Level-2 bridge inspection 

method is developed using image processing techniques. Also proposed in this study is an 

automatic thresholding technique specially designed for crack image binarisation. To 

validate the capability and compatibility of the proposed method in accordance with the 
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bridge inspection standard, a feasibility study and four case studies are conducted. The 

feasibility study demonstrates the accuracy of the image processing techniques in bridge 

defect detection. The outcome of case studies further validates the enhanced inspection 

method developed and identifies its advantages and limitations.  

 

The proposed method provides a significant contribution towards minimising the 

shortcomings of current subjective bridge inspection practices and providing cost 

effective solution to bridge agencies. Several damage detection techniques have been 

developed, but no such comprehensive method is available yet to enhance the current 

inspection method and its operational process. The outcomes of this research can provide 

consistent and accurate evaluation on the condition states of bridge elements. This in turn 

will lead to more reliable predictions of long-term bridge performance. 
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Chapter 1  

 

Introduction 

 

 

 

1.1 General Remarks and Current Limitations 

Bridges are essential components of any transportation infrastructure that requires 

timely decision-making for maintenance, repair and rehabilitation (MR&R) operations. 

The total expenditure on bridge maintenance/rehabilitation and improvement for the 

year 2010-11 in Australia was AUD1.2 billion (NTC Australia 2000-11). This was a 67% 

rise in ten years. The efficient use of public funds for the structural integrity of bridge 

networks requires an effective bridge asset management technology. 

 

For effective asset management, many bridge authorities have implemented Bridge 

Information System (BIS) or Bridge Management System (BMS) to manage their 

routine inspection information and to establish MR&R strategies. The success of a BMS 

is highly dependent on the quality of bridge inspection results and accurate estimation 

of future bridge condition ratings (Madanat 1993). To ensure such successful outcome, 

a BMS must (1) contains reliable, consistent and accurate condition data from routine 

bridge inspections; and (2) encompasses a reliable deterioration modelling that 

overcomes the shortcomings of lacking historical bridge inspection records. However, 

without consistent and accurate bridge condition data, reliable BMS outcomes would 

not be expected regardless of the superiority of the asset management techniques.  
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A bridge is comprised of multiple elements of various types. These elements can 

include columns, decks and railings etc. A bridge network involves many bridges, thus 

consists of thousands of elements. In order to determine the condition status of a bridge, 

various condition assessment standards have been introduced and applied to different 

bridge asset management practices. There are several ways to evaluate the status of a 

bridge condition based on different condition assessment criteria such as National 

Bridge Inventory condition rating: 0 (failed condition) to 9 (excellent condition), New 

York BMS: 1 (potentially hazardous) to 7 (excellent condition), Denmark BMS: 0 (no 

damage) to 5 (ultimate damage) and the Australian bridge inspection standard: 1 (Good) 

to 4 (Very poor) (Wang and Elhag 2008; Queensland Department of Main Roads 2004). 

 

Routine inspections, or Australian’s Level-2 inspections, are one of the most essential 

practices for bridge asset management to maintain the overall safety and durability of 

bridge networks. There are four condition states (CSs) for bridge elements that are 

based on the severity of the status of a bridge element, with CS1 being perfect quality 

and CS4 signifying that the bridge element requires immediate maintenance. To 

evaluate the health status of a bridge, visual inspections are regularly scheduled and 

performed manually by qualified bridge inspectors with a minimum amount of 

equipment. However, several limitations have been identified in relation to the current 

Level-2 inspection method, as demonstrated in published literatures. They include: (1) 

visual inspections are subjective and not always reliable (Phares et al. 2004; Moore et al. 

2001); (2) entire manual process is costly and time-consuming (Chase and Edwards. 

2011; Sanford et al. 1999); (3) a number of safety risks are associated with filed 

inspectors (Lim et al. 2011); (4) inspection requires experienced and highly trained 

personnel. However, there is insufficient training for inspectors (Sterritt 2009). Some 

inspectors may also have vision problems and inconsistent results can be caused by 

accessibility and location (Sterritt 2009). In general, the issue of shortage of required 

level of inspectors (Zhu et al. 2010) is currently faced by most bridge authorities. These 

limitations can result in unreliable predictions of future bridge performance, which may 

lead to early, unnecessary or late maintenance, any of which is unacceptable for bridge 

agencies. 
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To minimise such limitations, an enhanced Level-2 bridge inspection method needs to 

be developed for current inspection practices. The key issue is to detect the severity of 

defects in bridge elements with the aim of minimising the abovementioned limitations 

particularly the inconsistency of the inspection results. The enhanced method is 

developed by using optical image processing techniques. Various bridge elements have 

different deterioration behaviours according to their construction materials and as a 

result of their surrounding environments. Consequently, different image processing 

approaches are required to develop corresponding defect-detection techniques. Focusing 

on bridge concrete elements, the outcomes of the proposed method demonstrate the 

capability and compatibility of the enhanced visual-based Level-2 inspection method in 

accordance with the bridge inspection standard. 

 

The image processing techniques adopted in this study are believed to be a useful 

methodology in the field of bridge condition assessments. The proposed method for 

determining the condition states (CSs) of bridge elements yields a more reliable 

outcome for MR&R decisions. 

 

 

 

1.2 Research Objective and Activities 

The main objective of this research is to develop an enhanced Level-2 bridge inspection 

method to increase the reliability of bridge condition assessment. To achieve this, image 

processing techniques are employed to determine the health status of bridge elements 

based on collected optical bridge element images. The proposed method can enable 

bridge agencies to achieve constant and reliable condition assessment outcomes.  

 

The research consists of three major activities: (1) a review of the literature; (2) 

development of an enhanced Level-2 bridge inspection method through feasibility study; 

and (3) case studies. The processes and outcomes of each activity are illustrated in 

Figure 1.1 and are detailed in Sections 1.2.1 to 1.2.3. The optical images are collected 

for four types of bridge elements. The corresponding descriptions of the element types 

are presented in Table 1.1. 
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Figure 1.1 Organisation and overview of the present study 

 

 

 

Table 1.1 Types of bridge elements considered in this study 

Type of bridge 

elements 

Element 

ID 

Information on image 

collection 

Remarks 

Barriers 2C 

CS1 to CS4 from nine 

bridges in the Gold Coast 

region 

Feasibility study 

(Chapter 3) 

Footpaths 4C 

Headstock 54C 

Columns 56C 

Barriers 2C 

CS1 to CS4 from eight 

bridges in the Gold Coast 

region 

Case studies 

(Chapter 4) 

Footpaths 4C 

Headstock 54C 
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1.2.1 Literature review 

The literature review constitutes one of the major research activities to establish the 

general background and knowledge and to recognise current research issues and gaps in 

the field of bridge condition assessment. Extensive review has been conducted to 

support the present study which covers the following important aspects: 

 background of Level-2 bridge inspections; 

 limitations of Level-2 bridge inspections; 

 bridge deterioration mechanisms; 

 image processing techniques; 

 image processing techniques for crack detection. 

 

1.2.2 Development of an enhanced Level-2 bridge inspection method through 

feasibility study 

The crack-detection and evaluation method for different types of concrete bridge 

elements is proposed for different deterioration mechanisms. The procedure for the 

proposed method using image processing techniques consists of six steps: (1) raw image 

acquisition, (2) image subtraction, (3) conversion to grey-scale intensity image, (4) 

binarisation, (5) cluster detection and classification associated with image pixels and (6) 

identifying and measuring the maximum crack width represented by a cluster of pixels. 

In the feasibility study, a total of 50 optical images of bridge elements under different 

conditions are obtained from nine bridges in the Gold Coast region. The suitability of 

the image processing technique in detecting bridge component defects is confirmed 

through the feasibility study.  

 

1.2.3 Case studies 

Case studies are conducted to provide further verification of the enhanced Level-2 

inspection method developed using bridge element images. A total of 130 images 

representing four different condition ratings (CS1 to CS4) are collected and tested to 

demonstrate the reliability of the proposed method. The limitations of the method are 

also identified in these case studies. 
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1.3 Research Significance and Benefits 

Bridge inspection and maintenance practices are playing an increasingly important role 

in extending the service life of bridges and ensuring the safety and reliability of bridge 

networks. However, as discussed, several limitations in the implementation of bridge 

inspections have been identified, particularly concerning the inconsistency and 

inaccuracy of the degree of defects due to subjective judgement in visual inspection. 

These limitations can yield unreliable predictions of future bridge performance. 

 

It is expected that the outcomes of this research will: 

 provide reliable condition assessment outcomes; 

 contribute to minimising the shortcomings of the current condition assessment 

practices so that long-term bridge performance can be reliably predicted; 

 provide a cost-effective solution to bridge agencies. 

 

 

1.4 Outline of Thesis 

An introduction to the research project is described in this chapter covering current 

limitations in bridge condition assessment practices, research objective and proposed 

activities. Chapter 2 presents a review of the literature that aids in identifying the 

research issues and recognising the research gaps in relation to the current Level-2 

bridge inspection method. The literature review also examines bridge deterioration 

mechanisms, and provides an overview of the existing image processing techniques and 

their applications in crack detection. 

 

The development of an enhanced Level-2 bridge inspection method is presented in 

Chapter 3 through a feasibility study. Image processing techniques are used to establish 

a crack detection approach and determine the condition states of bridge elements. The 

feasibility study confirms the capability and compatibility of the proposed method in 

accordance with the bridge inspection standard. 
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Case studies are undertaken in Chapter 4 using bridge element images representing four 

condition states (CS1 to CS4). The main objective of these case studies is to further 

validate the method developed in Chapter 3 and to identify the advantages and 

limitations of the proposed method. 

 

Chapter 5 concludes this thesis by highlighting the research outcomes and contributions 

to this MPhil study and provides recommendations for further improvement work.  
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Chapter 2  

 

Literature Review 

 

 

 

2.1 General Remarks 

Routine bridge inspections have been implemented to effectively execute bridge asset 

management plans. Many bridge agencies use visual-based inspection methods to 

determine current condition states of bridge components. Although visual-based 

condition assessment has been used widely, current inspection methods are subjective 

because of the inspector’s knowledge and background. 

 

The aim of this chapter is to provide a general overview of Level-2 bridge inspection, to 

recognise current research issues, and to identify research gaps in the field of image 

processing techniques relating to this field. The literature review begins with definitions 

of Level-2 bridge inspection in the area of infrastructure asset management to formulate 

an appropriate concept. The chapter then discusses image processing techniques and 

identifies which are the most important components to develop an automated Level-2 

bridge inspection. The following key points are reviewed: 

 

 Background of Level-2 bridge inspections; 

 Limitations of Level-2 bridge inspections; 

 Bridge deterioration mechanisms; 
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 Background of image processing techniques; 

 Existing image processing techniques; and 

 Image processing techniques in crack detection. 

 

2.2 Background of Level-2 Bridge Inspection 

The purpose of Level-2 bridge condition inspection is to evaluate the existing condition 

of a bridge. This process involves an inspection of the bridge components and an 

assessment of their conditions based on the standard condition rating system for 

compliance with a BMS. These condition ratings have been developed to represent the 

easily discernible stages of deterioration. The conditions of bridge elements are 

expressed quantitatively via a conventional stepwise ‘grading’ system. The health index 

of the four condition states (CS1 to CS4) is shown in Figure 2.1, with CS1 indicating 

that the bridge condition is new or ‘good’, CS2 indicating the condition is ‘fair’, CS3 

indicating ‘poor’, and the perilous CS4 indicating ‘very poor’. Note that CS5 is for 

whole structure rating only, hence it is not discussed in this research. Level-2 

inspections are conducted at a frequency of every two to three years, and additional 

inspections are required on the basis of recommendations from Level-1 bridge 

inspections (Queensland Department of Main Roads 2004). 

 

 

Figure 2.1 Scale of CS for the Level-2 bridge inspection 

(Source: Queensland Department of Main Roads 2004) 
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Level-2 bridge inspection results are also recorded on bridge inspection forms as shown 

in Figure A.1 to Figure A.6 in Appendix A. These consist of (a) a bridge condition 

inspection report; (b) a defective components report; (c) a standard procedure 

exceptions report; (d) a photographic and sketches record; (e) a timber drilling survey 

report; and (f) a bridge scour soundings report (Queensland Department of Main Roads 

2004). The descriptions of each of these reports are as follows. 

 

(a) Bridge condition inspection report: The general bridge information sheet 

requires the inspector to provide details to identify the bridge and its precise 

location. These details include bridge number, bridge structure type, road name 

and road number. Inspection sheets are included that detail the bridge 

components, such as component type, component number, unit and condition 

state. 

 

(b) Defective components report: The bridge element condition, both CS3 and CS4, 

are recorded on the defective component’s report. This report also requires a 

brief description of the condition and quantity of the components. 

 

(c) Standard procedure exceptions report: This is required if the condition of the 

bridge components cannot be defined by using a standard methodology, or if the 

bridge components that could not be inspected are required to be recorded due to 

accessibility or visibility problems. This report includes any observations or 

recommendations not covered by the other forms. 

 

(d) Photographic and sketches record: This records relevant photographic and 

sketch details, including reference numbers, locations and descriptions. 

Photographs are required of any non-standard bridge components that are in CS4. 

 

(e) Timber drilling survey report: This is a record of all test results from the timber 

drilling survey. 
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(f) Bridge scour soundings report: This is a record of the results from soundings of 

the bridge scour. 

 

2.2.1 Inspection standards in other countries 

In USA, the Level-2 bridge inspection is referred to as the element-level bridge 

inspection. It has become the foundation for bridge inspection standards for other 

countries. The basis of the element-level bridge inspection is to assess individual bridge 

elements for calculating the overall condition rating of the structure (Queensland 

Department of Main Roads 2004). Znidaric noted that bridge inspections in most 

countries have common roots and similar rules (Znidaric 2012).  

 

Due to different bridge element locations and environments for different bridge 

authorities, the condition of each bridge can only be reliably described from their 

respective classification of defects (Bevc et al. 1999).  Additionally, similar condition 

ratings set by different standards may have different meanings due to various tolerances 

for damage.  

 

Although the procedures for assessing bridge conditions differ, the steps leading to the 

overall condition ratings are similar. This usually involves continuous supervision of the 

structure through several types of inspection, a condition assessment based on the rating 

of critical bridge elements or a cumulative evaluation of the detected damage types 

(Bevc et al. 1999). Table 2.1 reproduces different bridge condition assessment ratings 

for selected countries around the world, as summarised by Bevc et al. (1999).  

 

 

Table 2.1  Different bridge condition assessment ratings (Bevc et al. 1999) 

Country Code Description 

United 

States 

N Not applicable 

9 Excellent condition 

8 Very good condition - no problems noted 
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7 Good condition - some minor problems 

6 Satisfactory condition - structural elements show some 

minor deterioration 

5 Fair condition - all primary structural elements are sound 

but may have minor section loss, cracking, spalling, or 

scour 

4 Poor condition - advanced section loss, deterioration, 

spalling, or scour 

3 Serious condition - loss of section, deterioration, palling or 

scour have seriously affected primary structural elements. 

Local failures are possible. Fatigue cracks in steel or shear 

cracks in concrete may be present. 

2 Critical condition - advanced deterioration of primary 

structural elements. Fatigue cracks in steel or shear cracks 

in concrete may be present or scour may have removed 

substructure support. Unless closely monitored it may be 

necessary to close the bridge until corrective action is 

taken. 

1 Imminent failure condition - major deterioration or section 

loss present in critical structural components, or obvious 

vertical or horizontal movement affecting structure 

stability. Bridge is closed to traffic but corrective action 

may put bridge back in light service. 

0 Failed condition - out of service; beyond corrective action. 

Austria 1 No or very little deterioration 

2 Little deterioration 

3 Medium to severe deterioration 

4 Severe deterioration 

5 Very severe deterioration 

6 Very severe or total deterioration 

Denmark 0 No or insignificant damage 

1 Small damage but no need of repair except routine 

maintenance 

2 Some damage, repair needed when convenient. Component 

is still functioning as originally designed 

3 Significant damage, repair needed very soon 

4 Serious damage, repair needed at once 
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5 Ultimate damage, total failure or risk of total failure of the 

component 

Norway 1 Slight damage/deficiency, no action required 

2 Medium damage/deficiency, action needed during next 4 - 

10 years 

3 Serious damage/deficiency, action during the next 1-3 

years 

4 Critical damage/deficiency, immediate action required or 

within ½ year at the latest 

9 Not inspected 

Slovenia 1 Critical 

2 Bad 

3 Satisfactory 

4 Good 

5 Very good 

Germany 1.0 – 1.9 The structure exhibits no or only slight occurrences of 

damage, which do not – individually or as a whole – impair 

the stability, traffic safety or durability of the structure. 

Regular maintenance is required. 

2.0 – 2.9 The structure exhibits occurrences of a damage which do 

not impair stability or acutely impair traffic safety. 

However, long-term durability is not ensured. Maintenance 

and repair works are required.  

3.0 – 3.9 The structure exhibits occurrences of damage which – 

individually or as a whole – are likely to impair the 

stability and/or traffic safety of the structure in the near 

future. This damage considerably impairs the durability of 

the structure. It might become necessary to restrict usage of 

the structure in order to fully restore traffic safety. 

Extensive repair work is required. 

4.0 The structure exhibits occurrences of damage which – 

individually or as a whole – impair the stability and/or 

severely affect the traffic safety of the structure. Durability 

of the structure is no longer ensured. Extensive repair work 

and restoration is required. 
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2.3 Limitations of Level-2 Bridge Inspection 

To successfully provide maintenance, repair and rehabilitation strategies to bridge 

agencies, a well-established database is required to predict future bridge conditions 

(Madanat 1993). However, critical limitations to these practices have been identified by 

previous research. 

 

Although current routine bridge inspections are required to be undertaken by certified 

inspectors to provide condition assessments, some major issues have been identified. 

The first of these is that visual inspections are subjective and not always reliable (Phares 

et al. 2004; Moore et al. 2001). Routine inspections are operated by qualified bridge 

inspectors who check the condition ratings underneath bridges by measuring the 

deterioration status. The reliability of the degree of defects is completely dependent on 

the inspector’s knowledge and experience. For this reason, bridge condition assessment 

outcomes are occasionally error-prone and have wide variations among inspectors. Thus, 

the visual inspection of a bridge is difficult to assess objectively in terms of 

deterioration status. 

 

The second issue is that the manual process is time consuming and costly (Chase and 

Edwards. 2011; Sanford et al. 1999). Bridge element inspection is particularly time 

consuming when the bridge is long or spans a substantial area. This causes an increase 

in the total inspection cost. These aforementioned problems cause the inconsistency of 

inspection results to seriously increase the degree of temporal uncertainty when 

predicting long-term bridge element performance. It is also noted that the cost to change 

the current inspection method, which has been used for around 15 to 20 years and has 

produced massive amounts of historical condition rating records, is expensive. Any 

change to the inspection method would also create data-incompatibility issues. 

 

The third issue is that a number of safety risks are associated with bridge inspectors 

(Lim et al. 2011). A bridge inspection is performed directly on the bridge; thus, 

conducting visual crack inspections of a bridge deck entails risks associated with 

passing traffic. In practice, some bridge elements have accessibility issues, and the 
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bridge inspector may need to be stationary on a temporary platform on the inspection 

vehicle in order to judge bridge element conditions. 

 

The fourth issue is that bridge inspections require highly experienced and trained 

personnel. This is currently a challenging issue for most bridge authorities, as there is a 

shortage of the required level of inspectors (Zhu et al. 2010). 

 

In addition to these issues, insufficient training, vision problems, accessibility and 

location can also cause inconsistencies in visual inspections (Sterritt 2009). These 

limitations can cause further unreliable predictions of future bridge performance on the 

basis of the deterioration model in a BMS. 

 

2.4 Bridge Deterioration Mechanisms 

Bridge elements exhibit different deterioration behaviour due to different material types 

and their surrounding environment (Queensland Department of Main Roads 2004). In 

Level-2 inspections, the bridge elements are classified into four major material types: 

concrete (C), steel (S), timber (T) and other materials (O). These types exhibit 

deterioration mechanisms, as shown in Figure 2.2. The Bridge Inspection Manual 

(Queensland Department of Main Roads 2004) defines 21 different deterioration 

mechanisms in total. Concrete has seven deterioration mechanisms, including cracking, 

spalling and corrosion; steel has four, including corrosion and deformation; timber has 

seven, including shrinkage and splitting; and other materials have three, including 

cracking, spalling and slitting. This implies that a variety of image processing 

techniques are required in order to address all possible situations and hence to meet the 

standards of a Level-2 bridge inspection. In this research, a feasibility study is 

conducted herein on the selection of a typical image processing technique associated 

with concrete crack detection. This is relevant because concrete is one of the most 

commonly used materials in bridge structures; and there are 46 varieties of concrete 

materials used in bridge construction, constituting 40.7 % of all types (Queensland 

Department of Main Roads 2004). Furthermore, cracking in concrete is one of the most 
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common and significant types of defect in bridge structures because cracking causes, 

over time, serious surface deterioration and concrete spalling. 

 

 

 

Figure 2.2 Types of deterioration in major bridge materials 

(Source: Queensland Department of Main Roads 2004) 

 

 

Concrete defects are defined according to the Queensland Department of Main Roads 

(2004) as follows. 

 

Corrosion of reinforcement: Corrosion begins with the deterioration of reinforcement 

due to moisture, oxygen and/or chloride ions in the water. In the initial stages, rust 

staining on the surface appears, as shown Figure 2.3.  
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Figure 2.3 Corrosion (Queensland Department of Main Roads 2004) 

 

Carbonation: Carbonation is a reaction between carbon dioxide and moisture within 

concrete pores and between carbon dioxide and calcium hydroxide within cement paste. 

As shown in Figure 2.4, corrosion may occur due to carbonation. 

 

 

Figure 2.4 Carbonation (Queensland Department of Main Roads 2004) 

 

Alkali-silica reaction (ASR): As shown in Figure 2.5, an ‘alkali–silica reaction’ is a 

chemical reaction between some aggregates and the alkalis in cement, producing a 

highly expansive gel. Cracking and deterioration of the concrete occur over time due to 

expansion of the gel.  
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Figure 2.5 Alkali-silica reaction (Queensland Department of Main Roads 2004) 

 

Cracking: A ‘crack’ is a linear fracture in concrete that occurs when the tensile strength 

of the concrete is exceeded. Cracking is the most common defect in concrete structures. 

Figure 2.6 shows a vertical crack in a pre-stressed pile.  

 

 

Figure 2.6 Cracking (Queensland Department of Main Roads 2004) 

 

Spalling: Spalling can occur due to large shear stresses under the surface. The 

overloading of the concrete in compression and the imposition of external load can also 

cause spalling. Spalling of concrete is shown in Figure 2.7. 
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Figure 2.7 Spalling (Queensland Department of Main Roads 2004) 

 

Surface defects: Surface defects—segregation, cold joints, deposits, honeycombing, 

abrasion and slippery surface—are indicative of potential weaknesses in concrete. There 

are several causes of surface defects, such as delays during concrete pour and vehicles 

scraping. Figure 2.8 shows abrasion on a pile surface. 

 

 

Figure 2.8 Surface defects (Queensland Department of Main Roads 2004) 

 

Delamination: ‘Delamination’ is concrete surface discontinuity due to corrosion of the 

reinforcement. As shown in Figure 2.9, it is not completely cut off from concrete and 

can be determined by a sound test. 
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Figure 2.9 Delamination (Kim and Won 2008) 

 

According to the condition rating system, the crack size is delineated as CS1 (Hairline), 

which is less than 0.1mm, CS2 (Minor) is 0.1 - 0.3mm, CS3 (Moderate) is 0.3 - 0.6mm 

and CS4 (Severe) is greater than 0.6mm. The severity of cracking is shown in Figure 

2.10 and defined as:  

 

 

Figure 2.10 The severity of cracking (Queensland Department of Main Roads 2004). 
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2.5 Non-destructive testing methods 

Non-destructive testing (NDT) is a wide group of analysis techniques that can be used 

to analyse the properties of an object, material or system without impairing its future 

usefulness or causing any form of damage (Verma et al, 2013). Non-destructive testing 

can be seen as an extension of a visual inspection and can be used to highlight or define 

the extent of the defect (Ansari et al, 2003). In recent years, many forms of advances in 

non-destructive testing have been developed to improve the process considerably. A 

brief description of some of the commonly used NDTs is given below. 

 

(a) Dye-Penetrant Testing (PT) 

PT is a type of NDT used for detecting surface-breaking defects. It is employed by 

applying a penetrating liquid dye (visible or fluorescent) on the surface of the object 

which will enter any discontinuities. After approximately 30 minutes, the excess dye is 

removed and the area is allowed to dry. Then, a developer is applied, revealing the 

residual wet dye from the surface defects as shown in Figure 2.11 (Connor et al, 2005). 

 

The advantage of using Penetrant Testing is that it is inexpensive, simple, and easy to 

learn. However, inspectors need to be properly trained in noting the difference between 

real and false indications that often occur from a slight weld undercut and other 

discontinuities that are not significant (Connor et al, 2005). 

 

 

Figure 2.11 Example of indication from dye penetrant inspection (Connor et al, 2005). 
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(b) Magnetic Particle Testing (MT) 

MT uses magnetic field lines to determine whether cracks near the surface exist by the 

disruption of the lines. The material is magnetised by placing a magnetic field on the 

object known as direct magnetisation. Once established, magnetic powder is scattered 

on the surface. Any discontinuities are exposed when the particles are trapped in the 

leakage of the magnetic field with the location, shape and size of the crack accurately 

determined. Figures 2.12 to 2.14 show how the process is performed (Connor et al, 

2005). 

 

Compared with other NDT methods, MT can be conducted very quickly and is 

relatively cost-effective in terms of equipment and procedures. In contrast to PT, MT 

requires less time to accurately reveal shallow cracks below the surface (Connor et al, 

2005). 

 

 

Figure 2.12 Magnetic particle testing—Placement of magnetic field (Connor et al, 2005). 
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Figure 2.13 Magnetic particle testing—Application of magnetic particles (Connor et al, 

2005). 

 

 

 

Figure 2.14 Magnetic particle testing—Indication (Connor et al, 2005). 

 

(c) Ultrasonic Testing (UT) 

UT is another commonly used NDT method that uses high-frequency sound waves to 

detect surface and surface defects. These sound waves travel through the material and 

back and interpret its readings onto a cathode ray tube screen (Connor et al, 2005). 

 

Some advantages in using UT are: its ability to detect small internal discontinuities, its 

accuracy in producing nearly instantaneous results. However, the primary disadvantage 



Chapter 2 

 

 

 

- 25 - 

 

 

is that only highly trained and experienced technicians can operate and accurately 

interpret the UT results (Connor et al, 2005).   

 

2.6 Image Processing Techniques 

Image processing techniques have been widely used in various fields. This section 

provides a background to image processing techniques, describes image processing 

methods and presents a description of the most important pre-processing techniques for 

developing an automatic crack-detection method. 

 

2.6.1 Background 

Digital image processing originated in the newspaper industry in the early 1920s, when 

pictures were sent by submarine cable between London and New York. The aim of 

image processing was to reduce the time needed to transport a picture across the 

Atlantic from more than one week to less than three hours. The picture was transferred 

using specialised printing equipment as a code for cable transmission, and the image 

was then re-constructed (Umbaugh 2005). 

 

Image processing uses a number of algorithms to digitally process images. The main 

purposes of image processing are either to obtain an image of high quality or to obtain 

certain features to understand an image. Image processing consists of three main steps: 

image acquisition, image processing and analysis, and display (Lopez-Estrada and 

Burns 2000). In the image acquisition step, an object is obtained and converted to a 

digitised format using equipment such as a digital camera. In the image processing and 

analysis step, a number of image processing methods are applied to improve the quality 

of the image or remove unnecessary information in the image. Enhanced digital images 

are then displayed as output. Image processing is used in applications such as remote 

sensing, medical imaging, non-destructive evaluation and textiles (Rao 2004). The aims 

of image processing can be classified into five categories (Shinkar et al. 2013): 
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 visualisation: detect an object that is invisible 

 image retrieval: detect an image of interest 

 image sharpening and restoration: create a high-quality image 

 image recognition: classify the correct object within the image taken 

 measurement of patterns: determines interesting objects within the image taken. 

 

In the past two decades, efforts have been made to implement image based technology 

in defect detection. Chen and Chang (2002) introduced the Neuro-Fuzzy Recognition 

Approach to detect bridge coating. Sumimoto et al. (2003) used an image analysis 

technique to detect solder ball defects in PC boards. Nguyen et al. (2009) developed 

image processing method to detect cracks in road pavements. Their efforts to implement 

image processing techniques are described below. 

 

Chen and Chang (2002) introduced the bridge coating defect assessment using Neuro-

Fuzzy Recognition Approach (NFRA). The NFRA was to resolve recognition problems 

in the image that result from noise, such as irregularly illuminated conditions and 

shading. The NFRA was an illumination-based image segmentation method. First, the 

image data was converted to grey-scale to increase the efficiency of image processing. 

Following this, the illumination value was divided into three groups between zero and 

one, based on the grey-scale. A pre-trained neural network was applied to obtain a 

threshold value for each group, based on each groups’ average illumination values. To 

adjust grey values between each group, the fuzzy adjustment method was applied. 

Finally, the threshold value applied to each group was used to indicate defects in the 

image. However, the data for pre-training neural network required to apply NFRA to the 

defects assessment. 

 

Sumimoto et al. (2003) proposed an image analysis technique for the detection of 

defects of Ball Grid Array (BGA) in PC boards by using x-ray images. The proposed 

technique focused on the detection of solder ball damage, which is the most common 

type of defect. The study captured x-ray image data by using x-ray Computed 

Tomography (CT). The test x-ray image was taken at different degrees from the object, 
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from zero degrees to ±50 degrees. After the image was captured, the x-ray image was 

converted to eight bit grey-level by using the image intensifier. For the binarisation 

process, the fixed grey-level were used as the threshold level. The solder ball defect was 

detected by comparing the shape of each solder ball based on the results of the 

binarisation. 

 

Nguyen et al. (2009) developed an automatic crack detection method for road pavement 

defects. The methodologies used in crack detection were probabilistic hough transform 

and Conditional Texture Anisotropy (CTA). To avoid detection of the road lane 

markings as a defect, a probabilistic hough transform was used for filtering road lane-

markings based on the intensity level. In the crack detection process, the pixels in the 

collected images were divided into two classes: non-defective pixels (values close to 

zero) and defective pixels (values close to one). They found that CTA values in the 

crack pixels were much greater than the non-crack pixels. They also believed that 

concrete aggregate size does not affect the outcomes. However, this automatic crack 

detection method does not consider images under different conditions such as irregular 

illumination and shading. 

 

2.6.2 Existing techniques 

Various image processing technique have been developed during the past decades. 

These techniques include image representation, image pre-processing, image 

segmentation and image classification. A brief description of these image processing 

techniques is presented as follows. 

 

(a) Image representation 

A digital image is composed of a number of elements (namely pixels) that have spatial 

coordinates (x, y) to indicate the position of the points in the image and the intensity (or 

grey-scale) values as shown in Figure 2.15. A colourful image obtained higher 

dimensional information than that in a grey image because Red-Green-Blue (RGB) 

values are typically used in different combinations to represent colours of the image 

(Zhou et al 2010).  
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Figure 2.15 RGB Colour model (Georgieva et al. 2005) 

 

 

(b) Image pre-processing 

Pre-processing techniques in image processing are important as they help to distinguish 

defects from the background (Tong et al. 2011). Due to the complex environment and 

light conditions under bridges, the acquired images usually contain noise, such as 

irregular illumination and shading. Therefore, a filtering method is required to increase 

the efficiency of image processing (Fujita and Hamamoto 2011).  

 

The median filter is one of the most popular types used in image processing 

(Azarimoghaddam and Rangarajan 2012). The median filter is a powerful tool for 

removing noise from images (Yagou et al. 2002). The basic idea of a median filter is to 

determine a middle grey-level value within a square window of size p x p (pixel). The 

value of the central pixel in the square window is then changed to the middle grey-level 

value (Wang and Liao 2002). Figure 2.16 shows an application of median filter. The 

limitation of the median filter is that it deals with all pixels uniformly, so it removes 

noise and other details of the image at the same time (Jiang and Shen 2010). To 

overcome this, some improved median filters were proposed, such as combining the 
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pseudo-median filter and the median filter (Liu et al. 2010), the two-dimensional left 

median filter method (2D-LMF) (Azarimoghaddam and Rangarajan 2012), the adaptive 

median filter (Hwang and Haddad 1995) and the weighted median filter (Brownrigg 

1984). 

 

 

 

Figure 2.16 Application of median filter (Modified from Vega-Rodriguez et al. 2002) 

 

 

Apart from the median filter, researchers have also proposed a multi-scale line filter 

based on the Hessian matrix to improve crack detection from the surface noise (Fujita 

and Hamamoto 2011) and a block filter to remove the noise in the crack (Wu et al. 

2011). These methods focus on the removal of noise in the images collected to increase 

the quality of the image and improve the recognition of defects. 

 

(c) Image segmentation 

Image segmentation is the process of subdividing a digital image into multiple parts or 

objects (Ganesan et al. 2010). The purpose of image segmentation is to change the 
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representation of an image into something that is more useful and easy to understand 

(Acharya et al. 2013). Image segmentation is generally used to determine objects from 

backgrounds and boundaries in images (Ganesan et al. 2010). According to the 

properties of the pixels in an image, the image segmentation process can be categorised 

into two types: detecting discontinuities and detecting similarities. Detecting 

discontinuities involves dividing an image based on the sudden changes in intensity, 

whereas detecting similarities involves dividing an image based on predefined criteria 

(Acharya et al. 2013). 

 

One of the most popular segmentation approaches based on intensity discontinuities is 

the edge detection method (Nadernejad et al. 2008; Uemura et al. 2011). The principle 

of this method is to determine the pixels between different regions that have changed 

intensity or discontinuities sharply (Al-amri et al. 2010), as shown in Figure 2.17. Edge 

detection simplifies the image data to reduce the amount of data and remove 

unnecessary information (Wang 2006). The limitation of the edge detection method is 

that the quality of edge detection depends significantly on the lighting conditions 

(Nadernejad et al. 2008). The edge of an object can change easily due to different 

lighting conditions. Thus, the accuracy of edge detection can be affected by detecting 

invalid edges (Haghighat et al. 2009; Alpert et al. 2002). To minimise the limitation of 

the edge detection method, researchers have proposed an enhanced edge detection 

method, such as a multi-edge-detector system (Nadernejad et al. 2008), a clustering-

based edge detection technique (Neupane et al. 2012) and a robust region-based edge 

detection filter (Haghighat et al. 2009). 

 



Chapter 2 

 

 

 

- 31 - 

 

 

 

Figure 2.17 Application of edge detection (Modified from Tsai and Chen 2004) 

 

 

A simple common segmentation technique that also uses intensity similarities is the 

thresholding technique (Acharya et al. 2013), which is the most widely used technique 

for segmenting images that involve light objects on dark backgrounds (Mokji and Bakar 

2007; Sezgin and Sankur 2004). The basic idea of the thresholding method is to choose 

a threshold value T and then separate the object from the background using value T 

(Kaur and Kaur 2011; Al-amri et al. 2010). As shown in Figure 2.18, any pixel is 

considered part of the object if its intensity is greater than or equal to the threshold 

value; otherwise the pixel belongs to the background (Vaezi et al. 2013). The 

thresholding technique is mainly divided into two categories: local threshold and global 
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threshold. The local threshold uses more than one threshold value of T for different 

regions of the images, and the global threshold uses one threshold value of T for all 

pixels in the images (Leedham et al. 2003). 

 

 

Figure 2.18 Application of thresholding (Modified from Vaezi et al. 2013) 

 

 

(d) Image classification 

Image classification is the process of labelling a pixel or group of pixels based on its 

intensity (Chellappa 1992). This method is often used in image processing to classify 

relevant information from large images based on properties such as intensity, colour and 

texture (Bahri et al. 2013; Kumar et al. 2008). Image classification can be divided into 

two types: supervised and unsupervised (Domadia and Zaveri 2011). Supervised 

classification uses samples of known classes, such as training sets, to find its 

characteristics. It then finds other pixels or groups of pixels that have the same 

characteristics (Domadia and Zaveri 2011). In unsupervised image classification, 
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training sets are not required (Shukran et al. 2011); instead, it uses clustering techniques 

to examine a number of unknown pixels and divide them into a number of groups based 

on natural groupings that are present in the images (Kamavisdar et al. 2013). The basic 

concept of classification is shown in Figure 2.19. The description of different 

techniques and advantage and disadvantages of different classification techniques have 

been summarised by Kamavisdar et al (2013) as shown in Table 2.2 and Table 2.3, 

respectively. 

 

 

 

 

 

Figure 2.19 Application of basic classification (Modified from Murai 1993) 
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Table 2.2 Different techniques for classification (Kamavisdar et al. 2013) 

Classification 

method 

Description Characteristics 

Artificial 

Neural 

Network 

(ANN) 

ANN is a type of artificial 

intelligence that imitates some 

aspects of brain function. ANN has a 

normal tendency for storing 

experiential knowledge. An ANN 

consists of a sequence of layers, each 

layer consists of a set of neurones. 

All neurones of every layer are 

linked by weighted connections to all 

neurones in the preceding and 

succeeding layers. 

It uses a Nonparametric 

approach. 

Performance and accuracy 

depends upon the network 

structure, the number of 

inputs and the quality of 

data 

Decision Tree 

(DT) 

DT calculates class membership by 

repeatedly partitioning a dataset into 

uniform subsets Hierarchical 

classifier permits the acceptations 

and rejection of class labels at each 

intermediary stage. 

 

This method consists of 3 parts: 

Partitioning the nodes, finding the 

terminal nodes and allocation of class 

labels to terminal nodes. 

DTs are based on 

hierarchical rule-based 

methods and use a 

Nonparametric approach. 

Support 

Vector 

Machine 

(SVM) 

A support vector machine builds a 

hyper plane or set of hyper planes in 

a high- or infinite dimensional space, 

used for classification. 

Good separation is achieved by the 

hyper plane that has the largest 

distance to the nearest training data 

point of any class (functional 

margin); generally, the larger the 

margin, the lower the generalization 

error of the classifier. 

SVMs use a 

Nonparametric, but 

generally binary classifier 

approach and can handle 

more input data very 

efficiently. 

Performance and accuracy 

depends upon the 

hyperplane selection and 

kernel parameter. 
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Fuzzy 

Measure 

In Fuzzy classification, various 

stochastic associations are 

determined to describe characteristics 

of an image. The various types of 

stochastic values are combined (set 

of properties) in which the members 

of this set of properties are fuzzy in 

nature. It provides the opportunity to 

describe different categories of 

stochastic characteristics in a similar 

form. 

It uses a Stochastic 

approach. 

Performance and accuracy 

depends upon the threshold 

selection and fuzzy 

integral. 

 

 

Table 2.3 Advantages and disadvantages of different classification techniques  

(Kamavisdar et al. 2013) 

Classification 

method 

Advantages Disadvantages 

Artificial 

Neural 

Network 

(ANN) 

 It is a non-parametric classifier. 

 It is a universal functional 

approximator with arbitrary 

accuracy. 

 Capable to present functions such 

as OR, AND, NOT 

 It is a data driven, self-adaptive 

technique 

 Efficiently handles noisy inputs 

 Computation rate is high 

 It is semantically poor. 

 The training time of 

ANNs lengthy. 

 Problem of over fitting. 

 Difficulties in choosing 

the type network 

architecture. 

Decision Tree 

(DT) 
 Can handle nonparametric 

training data 

 Does not require extensive design 

and training. 

 Provides hierarchical associations 

between input variables to 

forecast class membership and 

provides a set of rules that are 

easy to interpret. 

 Simple, and computational 

efficiency is good. 

 The usage of 

hyperplane decision 

boundaries parallel to 

the feature axes may 

restrict their use in 

which classes are 

clearly distinguishable. 

 Becomes a complex 

calculation when 

various values are 

undecided and/or when 

various outcomes are 

correlated. 
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Support 

Vector 

Machine 

(SVM) 

 It gains flexibility in the choice of 

the form of the threshold. 

 Contains a nonlinear 

transformation. 

 It provides a good generalization 

capability.  

 The problem of over fitting is 

eliminated. 

 Reduction in computational 

complexity. 

 Simple to manage decision rule 

complexity and Error frequency. 

 Result transparency is 

low. 

 Training is time 

consuming. 

 Structure of algorithm 

is difficult to 

understand 

 Determination of 

optimal parameters is 

not easy when there is 

nonlinearly separable 

training data. 

Fuzzy 

Measure 
 Efficiently handles uncertainty. 

 Properties are described by 

identifying various stochastic 

relationships. 

 Without prior 

knowledge, output is 

not good 

 Precise solutions 

depend upon the 

directions of the 

decision. 

 

2.7 Image Processing Techniques for Crack Detection 

Automatic crack detection using image processing techniques is effective for Level-2 

inspections, as this is a non-destructive type of testing (Lee et al. 2008). Current 

research related to damage detection techniques, particularly for cracks, has been 

developed to increase effectiveness and to reduce the inspectors’ errors. 

 

Ehrig et al. (2011) introduced three different crack detection algorithms namely 

template matching, sheet filtering based on Hessian eigenvalues, and percolation based 

on the phenomenon of liquid permeation. Their study focused on determining the 

suitability of each for crack detection. Subsequently, the percolation algorithm was 

modified by employing a sheet filter approach for application to three-dimensional 

images. It should be noted that the template matching technique was used to detect 

certain patterns and the percolation algorithm was suitable for two-dimensional images 

only. The latter was based on the physical model of liquid permeation, with each pixel 
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considered to be either a crack or otherwise. As a result, the modified percolation 

algorithm, called ‘Hessian-driven percolation’, is effective for crack detection. It is 

found, however, that the modified percolation algorithm called Hessian-driven 

percolation is not suitable for thin cracks (Ehrig et al. 2011). 

 

Abdel-Qader et al. (2003) compared edge-detection algorithms within the context of 

bridge crack detection. A collection of 50 concrete bridge images were used. Four 

techniques were also employed for comparative analysis: fast Haar transform (FHT), 

fast Fourier transform (FFT), Sobel edge detection, and Canny edge detection. The 

output images were judged as containing cracks or no cracks based on a threshold, 

which was determined by the average value of the intensity of all pixels in the images. 

The conclusion drawn was that the FHT performed significantly better than the other 

algorithms. 

 

Jahanshahi and Masri (2011) presented a feasibility study on a novel crack detection 

methodology for condition assessment of concrete structures. Condition assessment was 

performed in three steps including: (a) image acquisition; (b) image processing 

(segmentation and feature extraction); and (c) pattern recognition (classification). After 

the target images were collected, morphological operation and Otsu’s thresholding 

method were adopted to the segmentation process. The purpose of the segmentation 

process was that it can reduce unnecessary data in the original image. The appropriate 

structure element size (in pixel) was also determined for a morphological operation 

based on camera focal length, the distance from the object to the camera, camera sensor 

resolution and size, as well as crack thickness. After the image processing, five features 

were selected to feature extraction based on the Linear Discriminant Analysis (LDA). 

For comparative analysis in the classification process Neural Network, Support Vector 

Machine and Nearest Neighbour were used. Analysis results suggest that, Neural 

Network was better than the other techniques. 

 

Mohajeri and Manning (1991) established a recognition system for segmented concrete 

crack images. The system uses directional filters to identify cracks in concrete. The 

crack is longitudinal if there is a high concentration of object pixels in a narrow interval 
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of x (transverse) coordinates, and it is transverse if there is a high number of object 

pixels in a narrow interval of y (longitudinal) coordinates. However, this system has 

difficulties in collecting accurate segmented crack images, and it does not consider the 

width of cracks in concrete. 

 

Tong et al. (2011) developed a new method of crack image processing for concrete 

bridges in order to collect high-quality images. Images introduce noise such as irregular 

illumination, presence of moisture on concrete surfaces and shading. These problems 

induce the unreliable outcomes of concrete crack detection. To minimise these problems, 

this method uses pre-processing and then separates crack pixels from the background of 

the image using the manipulation of grey-level correction. However, this method is 

highly dependent on light conditions and it requires changing the average grey-level of 

images. 

 

A review of literature indicates that the abovementioned methods do not consider the 

width of a crack and are unable to detect thin cracks. It is worth mentioning that 

classification of bridge element condition states (CSs) is very important in bridge Level-

2 inspections. In concrete material, the CSs depend on the magnitude of crack width, 

which means that defect characteristics are the most significant factors in defining CSs. 

This implies that the existing methods are inappropriate for the present research 

proposed in this thesis. 

 

As far as crack width detection is concerned, Yamaguchi and Hashimoto (2009) 

developed an image-based measurement method and used a calibration line to measure 

the width of a crack by comparing the crack’s brightness and the width of the crack 

scale. The method was evaluated under different lighting conditions. As a result, their 

method was able to measure crack width of less than 0.05mm. However, the image had 

to be captured with crack scale measurements to determine the crack width. 

 

Lee et al. (2008) proposed an algorithm for automatic detection of cracks. This method 

consisted of crack detection and crack tracing using the difference between the intensity 

of a crack and its background. Firstly, to obtain uniform brightness and to detect the 



Chapter 2 

 

 

 

- 39 - 

 

 

crack in the shadow, the median filter was applied on the image. To define the 

connected cracks from the original image, morphological operations were applied, 

including dilation and thinning. Secondly, detection and tracing of cracks were 

performed by using the intensities of eight-neighbour pixels. For crack tracing, the 

image was divided into several regions. In each region, a seed point as a starting point 

was selected to determine the direction of the next pixel with the minimum intensity. 

After the tracing process, the width of the crack was defined using the distance between 

two inflection points of the second-order derivative. The gradient between the crack and 

the background was considered to increase the accuracy of crack width measurement. 

However, their proposed method still has difficulty in detecting cracks automatically 

due to various shading conditions and irregular illumination. 

 

Oh et al. (2009) developed a mechanical system for bridge inspection that consisted of 

an inspection robot, a specifically designed car, and ‘multi-linkage’ for the lower 

surface of the bridge. The inspection robot, which was mounted on the end-point of a 

multi-linkage system, was equipped with an imaging system. This machine vision 

system was able to capture the cracks from each bridge. For crack detection, the images 

captured were processed using the median filter in order to remove noise for effective 

crack detection. After that, morphological operations were applied to determine the 

connections between crack segments. After the crack information was defined, the crack 

line details were converted into an appropriate file for storage in the bridge management 

system. 

 

Lee et al. (2011) developed a bridge inspection robot and an image processing 

programme for single carriageway (two-lane) bridges. This system consisted of using a 

robot transportation vehicle, a hydraulic transportation boom and a remote-controlled 

robot. The remote-controlled robot was mounted under the bridge to acquire images of 

bridge slabs and girders. These images were then sent to an embedded computer for 

image processing and crack detection. 

 

Miyamoto et al. (2007) developed an automatic crack recognition system to detect crack 

width on concrete surfaces. This system consisted of a crack sketching support system 
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by which the crack width can be determined. The purpose this system was to recognise 

the location and width of cracks. The crack width was determined based on the 

difference in brightness in the cracked and non-cracked areas. To reduce the error in the 

calculation of brightness, the uniform background brightness was determined from the 

single pixel outline of the binary image. 

 

Sham et al. (2008) introduced flash thermography for detecting cracks on concrete 

surfaces. The surface information was recorded using an infrared camera from the 

reflection of visible light and Infra-Red (IR) radiation. The temperature of the crack 

surface increased slightly because of the light bouncing against the slope of the crack 

walls. The detection of cracks and the measurement of crack width were based on 

surface temperature differences that were determined with a sheared image subtraction 

method. As a result, the flash thermography method was able to easily detect cracks on 

the concrete surface. However, it had difficulty in detecting micro-cracks (widths 

smaller than 0.5mm). 

 

One major limitation discovered in the published literature is that the existing crack 

detection techniques do not satisfy the requirements of Level-2 bridge inspections. 

More specifically, the existing techniques require a physically scaled device to measure 

the crack width and hence their inability to detect small cracks. To satisfy the Level-2 

inspection requirements, the crack detection technique must be able to accurately detect 

defects ranging from less than 0.1mm to more than 0.6mm. The following chapter aims 

to discuss the various aspects that can overcome these limitations. 

 

2.8 Summary 

To achieve the research objectives, it has been necessary to research related work and 

recognise the current research issues. This chapter reviews the Level-2 bridge inspection 

method and the image processing techniques. Various image processing techniques are 

comprehensively described and the following key points are highlighted: 
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 Level-2 bridge inspection is defined to clearly indicate the objectives of bridge 

condition assessments. 

 

 The limitation of Level-2 bridge inspections is presented, which helps to identify 

the research task in this thesis. The major limitation of Level-2 bridge 

inspections is subjective condition assessments due to bridge inspectors’ 

knowledge and experience. 

 

 Various image processing techniques are described, including pre-processing, 

image segmentation and image classification. Image processing uses a number 

of algorithms to process images in order to obtain an image of high quality or to 

obtain certain features in order to understand an image. 

 

 The literature is reviewed in relation to concrete crack detection using image 

processing techniques. 
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Chapter 3  

 

Developing an Enhanced Level-2 Bridge Condition 

Assessment Method – A Feasibility Study 

 

 

 

3.1 General Remarks 

Condition assessment is one of the most essential practices in bridge asset management 

to maintain the safety and durability of structures. Level-2 bridge inspection, a visual-

based method, is regularly performed by qualified inspectors to manually determine the 

condition of individual bridge elements using bridge inspection standards. However, the 

quality of a visual-based condition assessment relies heavily on the inspector’s 

knowledge and experience as emphasised in Chapter 2. These limitations can produce 

unreliable predictions of future bridge performance in BMSs.  

 

In this chapter, an enhanced Level-2 inspection method using image processing 

techniques is proposed to addresses the abovementioned limitation. The main issue is 

detecting how severe the bridge element defects are whilst being able to overcome these 

disadvantages, especially the inconsistency of the condition assessment outcomes. To 

develop an enhanced Level-2 inspection method, a number of algorithms are employed 

which include: the median filter, grey-scale conversion, automated thresholding and a 

Breadth first search technique.  
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The feasibility of the method is evaluated to verify that the current condition assessment 

criteria are satisfied. In order to achieve the research objectives, 50 sample bridge 

element images have been collected from nine bridges in the Gold coast region. The 

enhanced method developed in this chapter will be further validated in Chapter 4. 

 

3.2 Proposed Methodology 

As defined in Figure 2.2, there are four main materials used in bridge elements. These 

are concrete (C), steel (S), timber (T) and other material (O). Bridge elements exhibit 

different deterioration behaviours due to different material types and their surrounding 

environment (Bridge inspection manual, 2004). Thus, when formulating an image 

processing approach, the corresponding defect detection techniques need to be 

developed. As mentioned earlier in Section 2.4, image processing for crack detection is 

presented herein amongst 21 different deterioration mechanisms. 

 

A detailed procedure for the proposed image processing technique for crack detection is 

presented in Figure 3.1, which contains: (1) raw image acquisition from the bridge 

elements of which the condition status needs to be defined; (2) image subtraction pre-

processing operation to help reduce the effect of various light exposure conditions; (3) 

conversion of colour images to grey-scale intensity image, which is required for 

binarisation; (4) binarisation as a result of threshold decisions, is an important process 

for grey-scale enhancement; (5) cluster detection and classification associated with 

image pixels (this is a necessary step to filter out crack-irrelevant clusters); (6) damage 

detection is completed by identifying the maximum crack width represented by a cluster 

of pixels. Note that apart from the raw image acquisition, the remaining processes, i.e. 

(2) to (6) are fully automated. 

 

 

 

Figure 3.1 Crack detection flow chart 
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3.3 Raw Image Acquisition 

The proposed image processing method was tested using a sample of 50 images of 

concrete bridge elements taken with different backgrounds and on different surfaces and 

light exposure conditions. Table 3.1 shows the number of images collected from nine 

bridges. These 50 images were obtained from four types of bridge element; namely, 

barriers (2C), footpaths (4C), headstock (54C) and columns (56C).  

 

 

Table 3.1 Number of collected images per bridge element 

Bridge ID Number of images per element Total 

number of 

images 
2C 4C 54C 56C 

x5xxx - 4 - - 4 

x5x9x - 1 - - 1 

x6x1x 3 - - - 3 

x6x7x 5 - - - 5 

x65xx - 5 - - 5 

xx1xA 3 - - - 3 

x6x8x 5 - - - 5 

x62xx 7 - - - 7 

x6x0x - - 14 3 17 

Total 23 10 14 3 50 

 

 

The distribution of actual condition states for 50 sample images is presented in Figure 

3.2. Following the visual inspection standard, the Condition States for crack widths of < 

0.1mm, 0.1mm - 0.3mm, 0.3mm - 0.6mm, and > 0.6mm are defined as CS1, CS2, CS3, 

and CS4, respectively (Queensland Department of Main Roads, 2004).  
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Figure 3.2 Distribution of actual Condition States (CSs) for 50 sample images 

 

The photography equipment used to capture images of the concrete surface comprised a 

Canon 5D Mark II camera with Canon 24–70 mm and 70–200 mm lenses. The colour 

images captured had a resolution of 5616 × 3744 (21 megapixels). With these settings, 

the proposed system is capable of taking images of a 561.6 × 374.4 mm area and 

detecting CS1 (a crack width of less than 0.1 mm). 

 

3.4 Image Processing Analysis Procedure 

3.4.1 Image subtraction 

After raw image acquisition, a median subtraction pre-processing operation is 

performed. Fujita and Hamamoto (2011) suggested that this processing step helps to 

reduce the effect of various lighting conditions. Traditionally, 2D median filters are 

often employed (Nodes and Gallagher, 1983). The radius of the filter in both horizontal 

and vertical directions should be at least twice the size of the target object.  In the case 

of concrete cracking, the radius is the width of the crack, which is up to 20 pixels in the 

captured images. The filtering process requires that the median filter is applied to every 
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pixel of the 21-megapixel input image. During each application, a total of 41x41=1681 

points must be sampled and sorted in ascending order of their intensity prior to the 

selection of the median value. As this process is relatively expensive from a 

computational perspective, a 1D median filter is instead employed in this feasibility 

study. As a consequence, it is necessary for some of the images to be manually rotated 

by 90 degrees. This is to ensure that all crack pixels can be well recognised by the 

median filter. Figure 3.3 illustrates the  image processing results of the proposed method 

using Element 54C (Headstock) on Bridge #x6x0x where (a) is the original image, (b) is 

the image after being processed with the 1D median filter, (c) is the result of grey-scale 

conversion, and (d) is the end result of binarisation. 

 

  

(a) Original image (b) Median filter 

  

(c) Grey image (d) Binary image 

Figure 3.3 An example of image processing of Element #54C on Bridge #x6x0x 
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3.4.2 Grey-scale conversion 

After the original image has been subtracted by the median image, it needs to be 

converted to a grey-scale image prior to binarisation. In this process, each colour from 

the Red-Green-Blue (RGB) colour space is mapped based on its brightness (intensity), 

to a corresponding value within the range of 0-255. 

 

3.4.3 Threshold decision and binarisation 

The threshold decision is an important process which helps to determine whether a grey 

-level constitutes continuous shades in the foreground or background. It is observed that 

individual cracks usually develop in one dominating direction. Therefore, the main 

direction of changes in intensity of adjacent pixels within the grey image is often 

perpendicular to the dominant direction of the crack. More importantly, the main 

direction does not change for a number of continuous shades from foreground to 

background. Consequently, the last shade towards the background in the longest series 

of shades, having the same main direction, can be chosen as the optimal threshold. It is 

also important to note that there would be no main direction apparent for background 

shades. 

 

Based on the abovementioned observations, the threshold decision technique is 

proposed herein in a two-step process. Firstly, the statistics regarding the direction of 

the neighbouring pixels with the highest intensity are computed (See Algorithm #1 in 

Figure 3.4(a)). Secondly, the optimal threshold is computed using these statistics. 

Starting with the lowest intensity, the longest continuous and unchanged dominating 

update direction is explored. Algorithm #2 in Figure 3.4(b) details this computation. 
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for each column x 

for each row y 

min_value + 

initialize min_direc to 0 

for each d in one of 8 chain-code directions 

if I(x,y,d)< min_value then 

min_valueI(x,y,d) 

set min_direc to d 

end if 

end for 

increase bins[I(x,y)][d]; 

end for 

end for  

(a) Algorithm #1 

current_direction = -1 

current_length = max_cont_length = choice = 0 

for each increasing shade 

max = 0 

dmax = 0 

for each main direction (vertical, horizontal, left-diagonal, right-

diagonal) 

if bins[shade][direc]+bins[shade][direc+4] > max then 

max bins[shade][direc]+bins[shade][direc+4] 

set dmax to direc 

end if 

end for 

if max > 0 then  

if dmax = current_direction then 

increase current_length by 1 

else 
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if current_length > max_cont_length then 

set max_cont_length to current_length 

Threshold = shade 

end if 

reset current_length to 1 

set current_direction to dmax 

end if 

end for 

(b) Algorithm #2 

 

Figure 3.4 Algorithms for threshold computation 

 

After the threshold value has been computed, the grey-scale image is converted into a 

black and white (binary) image by comparing the intensity of each pixel with the 

threshold. A pixel is assigned with a white (255) colour if its intensity is equal or greater 

than the threshold. Otherwise, it is assigned with a black (0) colour. 

 

The dynamic threshold values were computationally determined based on the input 

image rather than manually chosen as in other techniques, such as thresholds T1, T2, etc 

in Yamguchi’s percolation processing technique (Yamaguchi and Hashimoto 2009). 

Therefore, the most remarkable feature of the proposed technique lies in that it is more 

objective than a manual threshold selection. 

 

3.4.4 Cluster detection and classification 

After thresholding and possibly further image enhancement processes, clusters of 

connected pixels are formed by grouping them using the 8-neighbour scheme. It is 

necessary to discard all clusters that are not belonging to a valid crack. One of the 

criteria for the overall shape of the cluster is that, in general, the shape of a crack should 

be relatively long, thin, and linear. Blobs which are often seen on concrete surfaces are 

caused by air, and should be identified and removed. Yamaguchi and Hashimoto (2006) 
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proposed that the circularity of percolation regions can be useful in the elimination of 

such anomalies. In their study, the circularity of percolation regions was computed by 

dividing the number of pixels of the percolated cluster by the area of the window being 

considered. More effectively, Fujita and Hamamoto (2011) compared the magnitude of 

the eigenvectors of the corresponding Hessian matrix of crack candidates to determine 

whether a cluster should be retained or discarded. 

 

Since crack/non-crack classification is not the main focus of this preliminary research, 

only the following simple heuristic rules are employed to discard the non-crack clusters: 

1. Reject if both the width and height of the cluster is less than 10 pixels; 

2. Reject if the ratio of the maximum distance between a point of the cluster to the 

longest line segment between any two points of the cluster is greater than ⅓; and 

3. Reject if the difference between the average intensity of the pixel in any colour 

channel and the small surrounding area is smaller than a predefined threshold, 

which was determined experimentally. 

 

3.4.5 Crack width measurement 

Given a crack width represented by a cluster of black pixels, the local width is initially 

computed for each point on the boundary of the crack. The nominated width of the 

crack is then determined by comparing the local width values and finding the maximum. 

The principle of this process is similar to that proposed by Hutchinson and Chen (2006). 

In the implementation, the ‘Breadth first search’ technique (Knuth 1997) is employed to 

inspect points with increasing distance from the local point, until a boundary point on 

the other edge of the crack is reached. The expansion process is defined by prioritising 

the expansion of the local boundary in both opposite directions. Points which are not 

eligible for width computation at the two ends of a crack are discarded simply by 

comparing the distance between the two guarding boundary points and the distance 

between each guarding point to the boundary point being considered. 
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3.5 Feasibility Study 

In order to validate the accuracy of the crack width determined by the proposed 

automatic crack width measurement system, actual crack widths were concurrently and 

manually measured at random locations along each valid crack using microscopic 

equipment whenever an original image was taken. The locations of the measurement 

was also marked and recorded in another image. The microscopic imaging device used 

was the TE-220 Handheld Digital USB Microscopic device, which features an 

adjustable focus of up to 230X at a 2-megapixel resolution (1600×1200). Note that this 

image device is not intended to be used for structure inspection, it is instead used in this 

study for validation purpose only. The microscopic images taken may also be used for 

further examination and an in-depth analysis. The difference between the actual 

measurement and the automatic image processing outcome can represent the level of 

adequacy and accuracy of the proposed image processing technique. 

 

During raw image acquisition, two laser pointers are attached beside the camera. Both 

are calibrated to be parallel to the camera’s line of sight. They help to compute the size 

of each pixel automatically based on the defined distance between the two red marks 

they produce in the captured image. This is illustrated in Figure 3.5. 

 

 

Figure 3.5 Illustration of laser pointers used for automatic pixel size measurement 

 

3.6 Results and Discussion 

After automatic crack detection/width measurement, the computed results are compared 

to the manual microscopic measurements. As a typical example, the crack width 

measurement for Element 54C (Headstock) is performed following the six image 
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processing steps as shown in Figure 3.1, this is displayed in Figure 3.6(a). To validate 

the proposed method, the image processing outcomes are compared with the actual 

microscopic measurements (Figure 3.6(b)), which were captured on-site at the same 

time that the images were taken. 

 

 

 

Figure 3.6 Results of crack width measurement (Element #54C on Bridge #x6x0x): 

(a) Image processing; and (b) Microscopic measurement 

 

The results for Element 54C on Bridge #x6x0x show that the image processing 

measurement (0.716mm) only slightly over-estimates the actual measurement 

(0.682mm) by 4.985% which is considered satisfactory. The Condition State obtained 

through the image processing approach is CS4 which agrees with that defined by the 

actual crack width. This implies that the proposed method can successfully represent the 

Condition State for this case. Table 3.2 shows the measurement results comparing 

image processing and microscopic measurements. 
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Table 3.2 Example of image processing and microscopic measurement results 

Bridge 

ID 

Element 

ID 

Actual 

Crack 

Width (A) 

Actual 

CS 

Image 

processing 

Measurement 

(B) 

Predicted 

CS 

Difference 

(A and B) 

 

x6x0x 2C 0.451 mm CS3 0.492 mm CS3 9.090 % 

x65xx 4C 1.285 mm CS4 1.313 mm CS4 2.178 % 

x6x0x 54C 0.682 mm CS4 0.716 mm CS4 4.985 % 

x6x0x 56C 0.22 mm CS2 0.237 mm CS2 7.727 % 

 

 

Identical analysis, as shown in Table 3.2, has been performed for all 50 sample images. 

The results of all 50 sample images are shown in Table B.1 in Appendix B. Among all 

the images, 32 are found to over-estimate the actual crack width measurement. In terms 

of the percentage differences between the image processing approach measurements and 

the actual crack widths, the analysis results show that a total of 28 samples out of 50 (i.e. 

56%) have produced no more than 20% difference. The breakdown differences are: 8 

samples have yielded ±5% difference; 7 samples, ±10%; 8 samples, ±15% and 5 

samples, ±20%. Figure 3.7 illustrates the crack width comparisons between image 

processing and microscopic analysis.  

 

As far as the Condition States (CS1 to CS4) are concerned, following image processing, 

39 results out of the 50 samples (i.e. 78%) have led to the correct CSs when compared 

with the actual CSs. Based on the results obtained, it can be concluded that automated 

image processing can provide appropriate bridge element assessment based on the 

visual bridge inspection standard. However, the image processing outcomes of the 

remaining 11 cases do not compare well with the microscopic measurements. 
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(a) 2C (Barrier) (b) 4C (Footpath) 

  

  

(c) 54C (Headstock) (d) 56C (Column) 

 

Figure 3.7 Differences between crack widths based on image processing and 

microscopic analysis 
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(a) 2C (Barrier) (b) 4C (Footpath) 

  

  

(c) 54C (Headstock) (d) 56C (Column) 

  

Figure 3.8 Noise on concrete surfaces 

 

There are several factors which may negatively affect the computation of crack width as 

shown in Figure 3.8. Firstly, due to various lighting environments and the condition of 

the concrete surface, the acquired image may contain both crack information and other 

background information. The brightness is not uniform within all regions of the image. 

Although it can partially be corrected using the median filter, the cracks, which are 

exposed to brighter light, tend to have a higher intensity and are more likely to be 

considered background components during thresholding. 
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The second limitation is apparent in the camera’s view of angles. To satisfy the purpose 

of visual inspection, each condition state has to be defined appropriately. In order to 

detect a crack width of CS1 (< 0.1mm), each pixel must correspond to 0.1mm or less. 

For this reason, the digital camera used in the present research has a limitation in the 

viewing angle with a resolution of 5616×3744. An increase in the viewing angle 

increases the distance from the object. In this case, the proposed model cannot 

accurately detect a crack width because each pixel in the image is larger than 0.1mm.  

 

Another issue is the varying shape of different cracks. It is evident that a simple rule-

based classification scheme is not robust enough to handle cracks of unconstrained 

shapes and sizes. A supervised machine learning technique and knowledge-based 

system should be employed to effectively reject false cracks. 

 

3.7 Summary 

This chapter has presented the feasibility of employing image processing techniques for 

enhancing the Level-2 bridge inspection method. The crack-detection and evaluation 

method for bridge elements constructed from concrete is proposed among 21 different 

deterioration mechanisms. The procedure for the proposed image processing technique 

consists of six steps: (1) raw image acquisition, (2) image subtraction, (3) conversion to 

grey-scale intensity image, (4) binarisation, (5) cluster detection and classification 

associated with image pixels and (6) identifying and measuring the maximum crack 

width represented by a cluster of pixels. 50 images of concrete elements from nine 

bridges in the Gold Coast region were taken under different conditions to evaluate their 

condition status using the proposed image processing technique. The actual crack 

widths were measured using microscopic equipment to validate the accuracy of the 

technique. The results show that 39 samples out of 50 (i.e. 78 %) produced sufficiently 

accurate comparisons based on the Level-2 bridge inspection standard. This implies that 

the proposed method can represent the condition state using optical images based on 

current bridge assessment criteria. However, it is noted that the accuracy of the image 
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processing technique can be affected by various factors such as light exposure, 

environmental conditions and the camera’s view of angles, perspective etc. 

 

The results indicate that the proposed image processing approach is encouraging, but 

requires further development in the area of concrete-crack detection. In order to 

improve the performance of the proposed system, it is necessary to further enhance the 

algorithms for threshold determination, crack detection and classification.  

 

In addition to improving the accuracy of the current inspection process, the proposed 

method also improves the time taken to analyse each image, which is approximately one 

minute. This in turn leads to an overall reduction in time for bridge inspections. 

 

Chapter 4 presents case studies using 120 bridge elements from eight bridges to further 

validate and evaluate the capability and comparability of the proposed method.  
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Chapter 4  

 

Case Studies 

 

 

 

4.1 General Remarks 

As emphasised in Chapter 2, subjective condition assessments in Level-2 bridge 

inspections are one of the major causes of unreliable inspection outcomes. An enhanced 

Level-2 bridge inspection method is developed in Chapter 3 to overcome the limitations 

of the current Level-2 bridge inspection practice. The development employs image 

processing techniques to objectively analyse the condition state of bridge elements. 

Upon validation presented in Chapter 3, the proposed method using the image 

processing techniques can be successfully used to reliably determine the condition 

status of bridge elements thereby enhancing Level-2 inspection methods. 

 

Nevertheless, a comprehensive validation of the image processing method developed in 

Chapter 3 is conducted in this chapter covering four case studies on crack detection. For 

these case studies, 130 samples of bridge element images are collected from eight 

bridges in the Gold Coast region. These samples represent three different types of 

bridge elements, i.e. barrier, footpath and headstock in CS1 to CS4. Although only three 

element types are considered in this study, the proposed method is also applicable to 

many other concrete bridge elements. 
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The outcomes of the case studies demonstrate the capability and compatibility of the 

enhanced visual-based inspection method in accordance with the bridge inspection 

standard. The objectives of this chapter are as follows: 

 

 verify the compatibility of the proposed method using different CSs; 

 identify the limitations of the proposed method. 

 

4.2 Details of Case Studies 

The demonstration of the proposed method is carried out via four case studies (CS1 to 

CS4). In this case study, a total of 130 bridge element images, which are related to three 

types of bridge elements, are used: 2C (barrier), 4C (footpath) and 54C (headstock) 

from eight bridges in the Gold Coast region. The details of the bridge element images 

collected are presented in Table 4.1. 

 

 

Table 4.1 Number of collected images 

Bridge ID Element Type No. of Sample 

x5xxx 4C 19 

x62xx 2C 9 

x65xx 4C 23 

x6x0x 54C 44 

x6x1x 2C 12 

x6x7x 2C 7 

x6x8x 2C 7 

xx1xA 2C 9 

Total 130 
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Figure 4.1(a) shows the photographic equipment, which consists of a Canon 5D Mark II 

camera, a Canon 24–70 mm lens and a Canon 70–200 mm lens. The captured colour 

images had a resolution of 5616×3744 (21 megapixels). In this study, bridge component 

images were collected using different backgrounds, surface and light exposure 

conditions. To validate the accuracy of the proposed method, actual crack widths were 

measured and compared with the results of the proposed method. A TE-220 Handheld 

Digital USB microscopic device was used to determine the actual crack width in the 

sample images (see Figure 4.1(b)), which were captured on-site at the same time that the 

images were taken. The collected bridge element images were classified into four 

different CSs based on the crack width: from CS1 to CS4. The distribution of the actual 

CSs for the 130 sample images is presented in Figure 4.2. 

 

 

  

(a) Photography equipment (b) Microscopic image device 

Figure 4.1 Photography equipment 
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Figure 4.2 Distribution of actual CSs for 130 sample images 

 

Chapter 3 presents the image processing analysis procedure of the proposed method 

which contains raw image acquisition, image subtraction, grey-scale conversion, 

threshold decision and binarisation, cluster detection and classification and crack width 

measurement. The same procedure is adopted herein to conduct the four case studies. 

As a typical example, an image of an element type 2C on Bridge #x6x7x was processed 

following the six steps shown in Figure 3.1, and the result is displayed in Figure 4.3(a). 

To validate the proposed method, the predicted and the actual measurements are 

compared in Figure 4.3(b). The comparison indicates that the image processing 

measurement (0.072 mm) slightly over-estimates the actual measurement (0.062 mm) 

by 0.010 mm, i.e., 16.13%. This indicates that the CS determined by the proposed 

image processing approach is equivalent to CS1, which agrees with the actual CS. In 

addition, similar comparison results for other CSs (CS2, CS3 and CS4) were obtained 

using an identical analysis, as shown in Figure 4.3, and are shown in Table 4.2. These 

imply that the proposed method can successfully represent the CS for these cases.  
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(a) Proposed method (b) Actual measurement 

Figure 4.3 Results of crack width measurement (element 2C on bridge #x6x7x) 

 

 

Table 4.2 Image processing and microscopic measurement results 

Bridge 

ID 

Element 

ID 

Actual 

Crack 

Width (A) 

Actual 

CS 

Image 

Processing 

Measurement 

(B) 

Predicted 

CS 

Difference 

(A and B) 

x6x7x 2C 0.062 mm CS1 0.072 mm CS1 16.13% 

x6x0x 54C 0.149 mm CS2 0.172 mm CS2 15.44% 

X65xx 4C 0.301 mm CS3 0.334 mm CS3 10.96% 

X5xxx 4C 0.626 mm CS4 0.612 mm CS4 -2.24% 

 

Identical analysis, as shown in Table 4.2, has been performed for all 130 sample images. 

The results of all 130 sample images are shown in Table C.1 to Table C.4 in Appendix 

C. 
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4.3 Crack Width Measurement Comparisons 

The comparison results of the image processing measurement and the actual 

measurement of all 130 collected images are presented in Figure 4.4. As a result, in CS1, 

the percentage differences between the image processing measurements and the actual 

crack widths are obtained, as shown in Figure 4.4(a), which indicates that the predicted 

crack widths of eight samples out of ten over-estimate the actual measurements. These 

eight samples correspond to the bars above the zero difference line, as illustrated in 

Figure 4.4(a). The average difference for the over-estimated results is 55.86%. The bars 

below the zero difference line in Figure 4.4(a) represent the predicted crack widths for 

the remaining two (i.e., –11.36%) samples that under-estimate the actual measurements. 

The absolute difference is 33.61%. Similarly, Figure 4.4(b), Figure 4.4(c) and Figure 

4.4(d) respectively show the results of the proposed method in terms of the percentage 

differences between the image processing crack width measurements and the actual 

crack width measurements in CS2, CS3 and CS4. The absolute difference for CS2, CS3 

and C4 are 27.94%, 22.64% and 18.915%, respectively. 
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(a) CS1 (b) CS2 

  

  

(c) CS3 (d) CS4 

  

Figure 4.4 Differences between crack widths due to image processing and 

microscopic analysis 

 

 

4.4 Condition State Comparisons 

Figure 4.5 shows the comparison results of bridge element condition ratings based on 

crack widths between CSs using the image processing approach and actual CSs. A 

sample of ten actual concrete bridge element images in CS1 from the collected images 

was tested. In CS1, four out of five (i.e., 80%) of the samples in bridge element 2C and 

two out of five samples (i.e., 40%) in bridge element 54C produced sufficiently accurate 

comparisons based on the actual CSs, as shown in Figure 4.5(a). In total, six results of 
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the image processing analysis from the ten samples (i.e., 60%) led to the correct CS 

when compared with the actual CS. For the other cases, each of 40 sample images in 

CS2, CS3 and CS4 were tested and the results are presented in Figure 4.5(b), Figure 

4.5(c) and Figure 4.5(d), respectively. 

 

  

(a) CS1 (b) CS2 

  

  

(c) CS3 (d) CS4 

  

Figure 4.5 Condition states comparison results between image processing and 

microscopic analysis 

 

 

4.5 Results and Discussion 

To satisfy the visual inspection standards, determining the CS is the most important 

practice. To validate the capability and compatibility of the proposed method based on 
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the inspection standard, 130 bridge element images were evaluated. As shown in Figure 

4.6, ten sample images were identified using a microscopic measurement as CS1; 

however, the image processing analysis identified six samples, giving an accuracy of 

60%. In CS2, 29 samples out of 40 (i.e., 72.5%) were comparable when utilising the 

image processing approach and the actual microscopic measurements. In CS3, 33 

samples of 40 (i.e., 82.5%) led to the correct CS on comparison between the image 

processing approach and the actual microscopic measurements. CS4 showed the highest 

accuracy; in this case study, using the image processing approach resulted in 38 samples 

out of 40 (i.e., 95%) having the same CS assignment as the actual measurement. In 

addition, the comparison of the results of the crack width measurements indicates that 

CS4 has the lowest difference, as shown in Figure 4.7. For this particular case study, it 

can be concluded that if the bridge element is classified as being in CS4 (crack width 

>0.6 mm), it is more accurate than for the bridge elements in CS1, CS2 and CS3. 

 

 

 

 

Figure 4.6 Summary of the condition states analysis results  
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Figure 4.7 Absolute differences between crack widths on the basis of image 

processing and microscopic analysis  

 

 

This feasibility study shows that 106 samples out of 130 (i.e. 81.54%) produced 

sufficiently accurate comparisons based on the visual-based bridge inspection standard 

when comparing the image processing approach with the actual microscopic 

measurement of a sample. Based on the results obtained, it can be concluded that the 

proposed enhanced method of processing can provide an appropriate bridge element 

assessment. However, the image processing outcomes of the remaining 24 samples do 

not compare well with the actual measured CSs. 

 

The limitations of the proposed method have been identified from the feasibility study 

presented in Chapter 3. These limitations include lighting conditions, camera angle 

views and different shapes of cracks. As a results of these case studies, the limitations of 

the proposed method are still affected by crack width measurements. 

 

It can be seen from Figure 4.7 that for CS1, a more noticeable discrepancy is resulted in 

the measurement of crack width. For CS2 to CS4, on the other hand, the measured crack 
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widths are more satisfactory. Note that it is more challenging to accurately measure 

smaller cracks because of the limitations of the image acquisition hardware and 

experimental settings adopted in the proposed research, as described below. 

 

The problem stems from the combination of the resolution of the acquired images and 

the actual width of the crack. To further explain this problem, Figure 4.8 shows a partial 

section of a crack of approximately 0.1mm in width and the size of pixels is also around 

0.1mm. If a crack covers only part of a pixel, the light distribution of that pixel is 

affected by averaging the lights with and without a crack. This inevitably widens the 

actual crack width. This limitation can be minimised by decreasing the size of pixels. 

This can be done by either reducing the distance between the camera and the concrete 

surface, or employing a camera with higher resolution in future study. 

 

 

Figure 4.8 Partial section of crack image  

 

In addition, another factor that has been identified in the case studies is the condition of 

the concrete surface. If the concrete surface is rough, the shape of the crack can be 

distorted in the images. In this case, the proposed method cannot accurately compute the 

width of the crack and determine the CS exactly. To overcome the abovementioned 

limitations, further improvement of the proposed method is required in order to increase 

the performance of concrete crack detection. 

 

Actual crack width 

Image processed 

measured width 
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4.6 Summary 

The goal of Level-2 bridge inspection is to provide bridge agencies with the current 

condition of all bridge elements in order to establish a more reliable future maintenance 

strategy. The strategy is mainly based on the bridge condition records from the bridge 

inspector. However, Level-2 bridge condition assessments are subjective, as they are 

highly dependent on inspectors’ knowledge and experience, which varies from one 

inspector to another. Therefore, an enhanced Level-2 inspection method has been 

proposed to improve the accuracy of condition assessments by objective judgement 

using an image processing approach. This chapter includes: (a) verification of the 

compatibility of the proposed approach using different CSs and (b) identification of the 

limitations of this enhanced approach. Four different cases (CS1 to CS4) are utilised in 

order to demonstrate the reliability of the proposed approach. As a result of the 

enhanced approach, 106 samples out of 130 (i.e. 81.54%) produced sufficiently accurate 

comparisons based on the visual-based bridge inspection standard. This indicates that 

the proposed image processing approach is feasible to be developed as an actual 

application for effective visual-based bridge inspection. 

 

While the accuracy of the image processing approach has proven to be a valuable 

method, there remain a few factors that may bring about inaccurate results. As 

mentioned earlier, lighting conditions, camera angle views and the condition of the 

concrete surface can affect the performance of the proposed approach, which may lead 

to inaccurate results. Based on the limitations identified in these case studies, further 

improvements to the evaluation technique, in relation to concrete surface conditions and 

lighting conditions, will be required in order to improve the performance of the 

enhanced visual-based inspection method. 
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Chapter 5  

 

Conclusions  

 

 

 

5.1 General Remarks 

BMSs, as decision-support tools, have been developed for assisting bridge asset 

engineers to determine optimal MR&R activities for their large bridge networks. To 

operate BMSs reliably, it is necessary to conduct routine inspections, i.e. structural 

condition assessments which are one of the most essential tasks in bridge management 

practices. Such visual inspections, called ‘Level-2 inspections’ in Australia, require 

qualified inspectors to determine the condition status of bridge elements based on the 

inspection manual. This inspection method provides a convenient and economical 

solution for evaluating the current health status of a bridge. However, the quality and 

reliability of subjective Level-2 inspection outcomes rely heavily on the inspector’s 

knowledge, experience and skills. Such limitations can result in unreliable predictions 

of future bridge performance, which may lead to early, unnecessary or late maintenance, 

any of which is unacceptable for bridge agencies. 

 

This research proposed an enhanced Level-2 bridge inspection method using image 

processing techniques for concrete crack detection in accordance with the bridge 

inspection standard (see Chapter 3). It is demonstrated through a feasibility study that 

the proposed method is able to reliably determine the condition states (CSs) of bridge 

elements using optical images collected from the Gold Coast region. Four case studies 
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are conducted in Chapter 4 to further validate the capability and compatibility of the 

proposed method. The advantages and limitations of the proposed method are also 

identified.  

 

The proposed method provides a significant contribution towards minimising the 

shortcomings of current subjective bridge inspection practices and providing cost 

effective solution to bridge agencies. The outcomes of this research can provide consistent 

and accurate evaluation on the condition states of bridge elements. This in turn will lead 

to more reliable predictions of long-term bridge performance. 

 

5.2 Summary of Research Outcomes and Contribution 

The successful completion of the research activities proposed in this thesis has led to the 

following achievements and contribution to the area of bridge condition assessment: 

 

 An enhanced Level-2 bridge inspection method is developed to reliably 

determine the CSs of bridge elements using image processing techniques. A 

novel automatic thresholding technique specifically designed for crack image 

binarisation is also proposed. Focused on concrete materials, the feasibility 

study based on 50 bridge element images confirms the reliability of the proposed 

method in crack detection and crack width measurement. Although only three 

concrete element types are considered in this study, the proposed method is also 

applicable to many other types of bridge elements exhibiting similar cracking 

behaviour. 

 

 Further validation of the proposed method is carried out through four case 

studies on 130 bridge element images representing four different CSs (CS1 to 

CS4). The enhanced image processing approach is able to produce sufficiently 

accurate predictions for 106 samples out of 130 (i.e. 81.54%), as compared to 

the actual crack width measurement. This indicates that the proposed method 
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has the potential to be developed as a practical application tool for effective 

visual-based bridge inspection. 

 

5.3 Recommendations for Future Study 

Based on the enhanced Level-2 bridge inspection method developed in this study, the 

following recommendations can be made for future study: 

 

 A supervised machine-learning technique, together with an evaluation approach 

for concrete surface and lighting conditions are necessary to be developed in the 

future. This will assist in further enhancing the accuracy of the proposed method 

in terms of determining the CSs more reliably. 

 

 The proposed method focuses on concrete element crack detection as one of the 

21 bridge deterioration mechanisms. To establish a complete, automatic Level-2 

bridge inspection system, different image processing methods for the remaining 

20 deterioration mechanisms (Figure 2.2) should be developed. It should be 

noted that the first three steps of the proposed crack detection procedure (raw 

image acquisition, image subtraction and grey-scale conversion) can be readily 

adopted for other deterioration mechanisms. The remaining steps (threshold 

detection and binarisation, cluster detection and classification) must be 

developed to reflect individual defect mechanisms using appropriate image 

processing techniques. 
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Figure A.1 Example of bridge condition inspection report  
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Figure A.2 Example of defective components report 
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Figure A.3 Example of standard procedure exceptions report 
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Figure A.4 Example of photographic and sketches record 
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Figure A.5. Example of timber drilling survey report 
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Figure A.6 Example of bridge scour soundings report
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Appendix B 

 

Table B.1 The image processing and microscopic measurement results 

Bridge 

ID 

Element 

ID 

Actual 

Crack 

Width (A) 

Actual 

CS 

Image 

processing 

Measurement 

(B) 

Predicted 

CS 

Difference 

(A and B) 

 

x5xxx 4C 0.626 mm 3 0.558 mm 4 -10.863 % 

x5xxx 4C 0.23 mm 4 0.204 mm 3 -11.304 % 

x5xxx 4C 0.403 mm 2 0.318 mm 2 -21.092 % 

x5xxx 4C 0.669 mm 4 0.961 mm 4 43.647 % 

x5x9x 4C 2.13 mm 4 0.879 mm 4 -58.732 % 

x6x1x 2C 0.766 mm 3 0.943 mm 3 23.107 % 

x6x1x 2C 0.372 mm 3 0.523 mm 3 40.591 % 

x6x1x 2C 0.366 mm 4 0.523 mm 4 42.896 % 

x6x7x 2C 0.338 mm 2 0.332 mm 2 -1.775 % 

x6x7x 2C 0.149 mm 2 0.172 mm 1 15.436 % 

x6x7x 2C 0.102 mm 2 0.075 mm 2 -26.471 % 

x6x7x 2C 0.179 mm 3 0.122 mm 3 -31.844 % 

x6x7x 2C 0.23 mm 2 0.141 mm 2 -38.696 % 

x65xx 4C 0.301 mm 4 0.306 mm 4 1.661 % 

x65xx 4C 1.285 mm 4 1.313 mm 4 2.179 % 

x65xx 4C 0.644 mm 4 0.581 mm 4 -9.783 % 

x65xx 4C 1.532 mm 3 1.349 mm 3 -11.945 % 

x65xx 4C 0.804 mm 4 0.99 mm 3 23.134 % 

xx1xA 2C 0.986 mm 4 0.991 mm 4 0.507 % 

xx1xA 2C 0.237 mm 2 0.206 mm 2 -13.080 % 

xx1xA 2C 0.275 mm 2 0.188 mm 2 -31.636 % 
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x6x8x 2C 0.29 mm 3 0.312 mm 3 7.586 % 

x6x8x 2C 0.3 mm 4 0.337 mm 3 12.333 % 

x6x8x 2C 0.646 mm 3 0.535 mm 3 -17.183 % 

x6x8x 2C 0.416 mm 2 0.512 mm 3 23.077 % 

x6x8x 2C 0.332 mm 3 0.456 mm 3 37.349 % 

x62xx 2C 0.252 mm 2 0.256 mm 2 1.587 % 

x62xx 2C 0.296 mm 2 0.306 mm 3 3.378 % 

x62xx 2C 0.216 mm 3 0.204 mm 3 -5.556 % 

x62xx 2C 0.207 mm 2 0.192 mm 2 -7.246 % 

x62xx 2C 0.451 mm 2 0.492 mm 3 9.091 % 

x62xx 2C 0.309 mm 2 0.384 mm 2 24.272 % 

x62xx 2C 0.305 mm 3 0.486 mm 3 59.344 % 

x6x0x 54C 0.339 mm 4 0.341 mm 4 0.590 % 

x6x0x 54C 1.029 mm 4 1.078 mm 4 4.762 % 

x6x0x 54C 0.682 mm 4 0.716 mm 4 4.985 % 

x6x0x 54C 1.068 mm 4 0.971 mm 4 -9.082 % 

x6x0x 54C 0.218 mm 4 0.245 mm 4 12.385 % 

x6x0x 54C 0.804 mm 4 0.934 mm 4 16.169 % 

x6x0x 54C 0.734 mm 4 0.854 mm 4 16.349 % 

x6x0x 54C 0.313 mm 4 0.367 mm 4 17.252 % 

x6x0x 54C 0.281 mm 4 0.23 mm 3 -18.149 % 

x6x0x 54C 1.029 mm 4 1.381 mm 4 34.208 % 

x6x0x 54C 0.968 mm 3 1.392 mm 3 43.802 % 

x6x0x 54C 0.734 mm 2 1.091 mm 2 48.638 % 

x6x0x 54C 0.339 mm 2 0.227 mm 3 -33.038 % 

x6x0x 54C 0.97 mm 3 1.498 mm 2 54.433 % 

x6x0x 56C 0.22 mm 2 0.237 mm 2 7.727 % 

x6x0x 56C 0.225 mm 2 0.25 mm 2 11.111 % 

x6x0x 56C 0.155 mm 2 0.251 mm 2 61.935 % 
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Table C.1 The image processing and microscopic measurement results (CS1) 

Bridge 

ID 

Element 

ID 

Actual 

Crack 

Width (A) 

Actual 

CS 

Image 

processing 

Measurement 

(B) 

Predicte

d 

CS 

Difference 

(A and B) 

 

x6x0x 54C 0.07 mm 1 0.082 mm 1 17.143 % 

x6x0x 54C 0.06 mm 1 0.096 mm 1 60 % 

x6x0x 54C 0.07 mm 1 0.117 mm 2 67.143 % 

x6x0x 54C 0.08 mm 1 0.146 mm 2 82.5 % 

x6x0x 54C 0.089 mm 1 0.127 mm 2 42.697 % 

x6x7x 2C 0.062 mm 1 0.075 mm 1 20.968 % 

x6x7x 2C 0.076 mm 1 0.194 mm 2 155.263 % 

x6x7x 2C 0.081 mm 1 0.082 mm 1 1.235 % 

x62xx 2C 0.056 mm 1 0.052 mm 1 -7.143 % 

x62xx 2C 0.077 mm 1 0.065 mm 1 -15.584 % 
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Table C.2 The image processing and microscopic measurement results (CS2) 

Bridge 

ID 

Elemen

t ID 

Actual 

Crack 

Width (A) 

Actual 

CS 

Image 

processing 

Measurement 

(B) 

Predicted 

CS 

Difference 

(A and B) 

 

x5xxx 4C 0.23 mm 2 0.204 mm 2 -11.304 % 

x5xxx 4C 0.23 mm 2 0.292 mm 2 26.957 % 

x5xxx 4C 0.23 mm 2 0.253 mm 2 10.000 % 

x5xxx 4C 0.23 mm 2 0.114 mm 2 -50.435 % 

x5xxx 4C 0.23 mm 2 0.225 mm 2 -2.174 % 

x5xxx 4C 0.23 mm 2 0.241 mm 2 4.783 % 

x5xxx 4C 0.23 mm 2 0.293 mm 2 27.391 % 

x5xxx 4C 0.23 mm 2 0.254 mm 2 10.435 % 

x5xxx 4C 0.23 mm 2 0.085 mm 1 -63.043 % 

x5xxx 4C 0.23 mm 2 0.075 mm 1 -67.391 % 

x5xxx 4C 0.23 mm 2 0.112 mm 2 -51.304 % 

x5xxx 4C 0.23 mm 2 0.263 mm 2 14.348 % 

x5xxx 4C 0.23 mm 2 0.147 mm 2 -36.087 % 

x5xxx 4C 0.23 mm 2 0.096 mm 1 -58.261 % 

x5xxx 4C 0.23 mm 2 0.212 mm 2 -7.826 % 

x6x7x 2C 0.149 mm 2 0.172 mm 2 15.436 % 

x6x7x 2C 0.179 mm 2 0.122 mm 2 -31.844 % 

x6x7x 2C 0.102 mm 2 0.075 mm 1 -26.471 % 

xx1xA 2C 0.237 mm 2 0.206 mm 2 -13.080 % 

xx1xA 2C 0.275 mm 2 0.188 mm 2 -31.636 % 

x6x8x 2C 0.29 mm 2 0.312 mm 3 7.586 % 

x62xx 2C 0.252 mm 2 0.256 mm 2 1.587 % 

x62xx 2C 0.216 mm 2 0.204 mm 2 -5.556 % 

x62xx 2C 0.207 mm 2 0.192 mm 2 -7.246 % 

x62xx 2C 0.296 mm 2 0.366 mm 3 23.649 % 

x62xx 2C 0.296 mm 2 0.242 mm 2 -18.243 % 

x6x0x 54C 0.218 mm 2 0.285 mm 2 30.734 % 
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x6x0x 54C 0.218 mm 2 0.163 mm 2 -25.229 % 

x6x0x 54C 0.218 mm 2 0.134 mm 2 -38.532 % 

x6x0x 54C 0.218 mm 2 0.189 mm 2 -13.303 % 

x6x0x 54C 0.218 mm 2 0.204 mm 2 -6.422 % 

x6x0x 54C 0.218 mm 2 0.12 mm 2 -44.954 % 

x6x0x 54C 0.218 mm 2 0.22 mm 2 0.917 % 

x6x0x 54C 0.218 mm 2 0.161 mm 2 -26.147 % 

x6x0x 54C 0.218 mm 2 0.351 mm 3 61.009 % 

x6x0x 54C 0.218 mm 2 0.212 mm 2 -2.752 % 

x6x0x 54C 0.218 mm 2 0.353 mm 3 61.927 % 

x6x0x 54C 0.218 mm 2 0.319 mm 3 46.330 % 

x6x0x 54C 0.218 mm 2 0.355 mm 3 62.844 % 

x6x0x 54C 0.218 mm 2 0.374 mm 3 71.560 % 
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Table C.3 The image processing and microscopic measurement results (CS3) 

Bridge 

ID 

Element 

ID 

Actual 

Crack 

Width (A) 

Actual 

CS 

Image 

processing 

Measurement 

(B) 

Predicted 

CS 

Difference 

(A and B) 

 

x6x1x 2C 0.366 mm 3 0.318 mm 3 -13.115 % 

x6x1x 2C 0.372 mm 3 0.523 mm 3 40.591 % 

x6x7x 2C 0.338 mm 3 0.332 mm 3 -1.775 % 

x6x8x 2C 0.3 mm 3 0.337 mm 3 12.333 % 

x6x8x 2C 0.416 mm 3 0.512 mm 3 23.077 % 

x6x8x 2C 0.332 mm 3 0.456 mm 3 37.349 % 

x62xx 2C 0.451 mm 3 0.492 mm 3 9.091 % 

x62xx 2C 0.309 mm 3 0.384 mm 3 24.272 % 

x65xx 4C 0.301 mm 3 0.306 mm 3 1.661 % 

x65xx 4C 0.301 mm 3 0.256 mm 3 -14.815 % 

x65xx 4C 0.301 mm 3 0.312 mm 3 3.704 % 

x65xx 4C 0.301 mm 3 0.346 mm 3 14.815 % 

x65xx 4C 0.301 mm 3 0.320 mm 3 6.312 % 

x65xx 4C 0.301 mm 3 0.346 mm 3 14.815 % 

x65xx 4C 0.301 mm 3 0.502 mm 3 66.667 % 

x65xx 4C 0.301 mm 3 0.424 mm 3 40.741 % 

x65xx 4C 0.301 mm 3 0.401 mm 3 33.333 % 

x65xx 4C 0.301 mm 3 0.334 mm 3 10.963 % 

x65xx 4C 0.301 mm 3 0.212 mm 3 -29.630 % 

x65xx 4C 0.301 mm 3 0.323 mm 3 7.407 % 

x65xx 4C 0.301 mm 3 0.212 mm 3 -29.630 % 

x65xx 4C 0.301 mm 3 0.435 mm 3 44.444 % 

x65xx 4C 0.301 mm 3 0.268 mm 3 -11.111 % 



Appendix C 

 

 

 

- 95 - 

 

 

x6x0x 54C 0.313 mm 3 0.367 mm 3 17.252 % 

x6x0x 54C 0.313 mm 3 0.353 mm 3 12.931 % 

x6x0x 54C 0.313 mm 3 0.324 mm 3 3.448 % 

x6x0x 54C 0.313 mm 3 0.362 mm 3 15.517 % 

x6x0x 54C 0.313 mm 3 0.340 mm 3 8.621 % 

x6x0x 54C 0.313 mm 3 0.364 mm 3 16.379 % 

x6x0x 54C 0.313 mm 3 0.329 mm 3 5.172 % 

x6x0x 54C 0.313 mm 3 0.375 mm 3 19.828 % 

x6x0x 54C 0.339 mm 3 0.385 mm 2 13.492 % 

x6x0x 54C 0.339 mm 3 0.382 mm 2 12.698 % 

x6x0x 54C 0.339 mm 3 0.374 mm 2 10.317 % 

x6x0x 54C 0.339 mm 3 0.328 mm 2 -3.175 % 

x6x0x 54C 0.339 mm 3 0.320 mm 2 -5.556 % 

x6x0x 54C 0.339 mm 3 0.342 mm 2 0.794 % 

x6x0x 54C 0.339 mm 3 0.126 mm 2 -62.698 % 

x6x0x 54C 0.339 mm 3 0.137 mm 2 -59.524 % 

x6x0x 54C 0.339 mm 3 0.113 mm 2 -66.667 % 
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Table C.4 The image processing and microscopic measurement results (CS4) 

Bridge 

ID 

Element 

ID 

Actual 

Crack 

Width (A) 

Actual 

CS 

Image 

processing 

Measurement 

(B) 

Predicted 

CS 

Difference 

(A and B) 

 

x5xxx 4C 0.626 mm 4 0.558 mm 3 -10.863 % 

x5xxx 4C 0.626 mm 4 0.612 mm 4 -2.236 % 

x5xxx 4C 0.626 mm 4 0.769 mm 4 22.780 % 

x5xxx 4C 0.669 mm 4 0.961 mm 4 43.647 % 

x65xx 4C 1.285 mm 4 1.313 mm 4 2.179 % 

x65xx 4C 0.804 mm 4 0.990 mm 4 23.134 % 

x65xx 4C 1.532 mm 4 1.347 mm 4 -12.076 % 

x65xx 4C 0.644 mm 4 0.765 mm 4 18.770 % 

x65xx 4C 0.644 mm 4 0.855 mm 4 32.752 % 

x65xx 4C 0.644 mm 4 0.768 mm 4 19.226 % 

x65xx 4C 0.644 mm 4 0.857 mm 4 33.067 % 

x65xx 4C 0.644 mm 4 0.616 mm 4 -4.368 % 

xx1xA 2C 0.986 mm 4 0.991 mm 4 0.507 % 

xx1xA 2C 0.986 mm 4 0.679 mm 4 -31.111 % 

xx1xA 2C 0.986 mm 4 0.687 mm 4 -30.370 % 

xx1xA 2C 0.986 mm 4 0.830 mm 4 -15.802 % 

xx1xA 2C 0.986 mm 4 0.901 mm 4 -8.642 % 

xx1xA 2C 0.986 mm 4 0.774 mm 4 -21.481 % 

xx1xA 2C 0.986 mm 4 0.648 mm 4 -34.321 % 

x6x8x 2C 0.646 mm 4 0.535 mm 3 -17.183 % 

x6x8x 2C 0.646 mm 4 0.887 mm 4 37.349 % 

x6x8x 2C 0.646 mm 4 0.950 mm 4 46.988 % 

x6x1x 2C 0.766 mm 4 0.943 mm 4 23.107 % 



Appendix C 

 

 

 

- 97 - 

 

 

x6x1x 2C 0.766 mm 4 0.884 mm 4 15.385 % 

x6x1x 2C 0.766 mm 4 0.624 mm 4 -18.531 % 

x6x1x 2C 0.766 mm 4 0.696 mm 4 -9.091 % 

x6x1x 2C 0.766 mm 4 0.878 mm 4 14.685 % 

x6x1x 2C 0.766 mm 4 0.754 mm 4 -1.567 % 

x6x1x 2C 0.766 mm 4 0.742 mm 4 -3.147 % 

x6x1x 2C 0.766 mm 4 0.702 mm 4 -8.392 % 

x6x1x 2C 0.766 mm 4 0.699 mm 4 -8.741 % 

x6x1x 2C 0.766 mm 4 0.635 mm 4 -17.133 % 

x6x0x 54C 1.029 mm 4 1.078 mm 4 4.762 % 

x6x0x 54C 0.682 mm 4 0.716 mm 4 4.985 % 

x6x0x 54C 1.068 mm 4 0.971 mm 4 -9.082 % 

x6x0x 54C 0.804 mm 4 0.934 mm 4 16.169 % 

x6x0x 54C 0.734 mm 4 0.854 mm 4 16.349 % 

x6x0x 54C 1.029 mm 4 1.381 mm 4 34.208 % 

x6x0x 54C 0.968 mm 4 1.392 mm 4 43.802 % 

x6x0x 54C 0.734 mm 4 1.091 mm 4 48.638 % 
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