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Abstract 

In the last few decades, alkali-silica reaction (ASR) has been extensively discussed in numerous 

studies as a harmful distress mechanism that poses adverse effects to concrete structures. ASR can 

lead to the expansion of concrete members, resulting in the formation of cracks on their surfaces, 

loss in mechanical properties, and severe deformations. These cracks often serve as early indicators 

of structural degradation, making them crucial for condition assessments aimed at providing 

preliminary qualitative and quantitative damage extent results. Visual inspection, a commonly used 

and versatile technique, is employed to assess concrete degradation by visually detecting signs of 

damage on the surface. However, visual inspection tends to be qualitative and is therefore limited 

in providing accurate information regarding the extent of damage and its evolution. To address this 

limitation, researchers have introduced the Cracking Index (CI) as a crack mapping process 

capable of quantitatively assessing the extent of cracking on the surfaces of affected concrete 

members. Nevertheless, conventionally collecting data for CI calculation can be both time-

consuming and reliant on the expertise of the operators, which can yield inaccurate results when 

applied in aggressive environments and/or within hard-to-access areas of a structure. To enhance 

the condition assessment process, the use of Artificial Intelligence (AI) can provide significant 

assistance by enabling automatic crack detection. However, to improve the performance of crack 

automating, it is imperative to intensively train a machine learning model, employing a substantial 

dataset of annotated images, and associated quantitative data. Questions remain regarding the 

required image quality and image collection methodology to ensure the model’s accuracy and 

reliability in crack detection. Therefore, this thesis introduces a comprehensive procedure for 
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image acquisition and processing, further analyzing the outputs to explore the capabilities of 

damage diagnosis through the image-based crack measurement approach. 

Keywords: Condition assessment, Crack automation, Artificial intelligence (AI), alkali-silica 

reaction, concrete surface crack, Machine Learning, Cracking Index, Total Crack Length, Image 

analysis, Image processing. 
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Chapter 1 : Introduction 

1.1. Synopsis 

Among the various types of internal swelling reactions (ISR) that may affect concrete 

serviceability is the alkali-silica reaction (ASR), which is the most commonly reported type in 

Canada [1–3]. ASR is started from the chemical reaction between the alkali hydroxides (i.e., Na+, 

K+ and OH-) from the pore solution and some unstable mineral phases (i.e., reactive silica) within 

the fine/coarse aggregates, further generate a gel form of production that can swells upon moisture 

uptake, leading to expansive pressure within the element. Cracks therefore begin from within the 

concrete and develop into macro cracks on its surface [4]. Cracks are a common type of deleterious 

damage that frequently appears on concrete surfaces, further increasing the concrete’s permeability 

and allowing the ingress of harmful agents (i.e., water, de-icing salts, etc.). Unlike other defects, 

cracks can be readily visible, making them early indicators of potential damage in concrete 

structures.  The crack monitoring over time leads to critical insights into the damage’s progression, 

indicating the need for further investigation and/or intervention, since the presence of ASR can 

result in harmful distress of concrete mechanical properties, stiffness, serviceability, and durability 

[1]. Yet, assessing the presence and severity of cracks remains an initial step for evaluating the 

overall condition of the concrete from a structure [3]. 

Currently, the evaluation of concrete elements affected by ASR starts with a visual inspection 

process, aimed at qualitatively examining signs of deterioration on the surface. To perform a 

quantitative analysis of the damage extent, researchers have introduced a surface crack mapping 

technique known as the Cracking Index (CI). This non-destructive quantitative tool is utilized to 

assess the degree of damage thus estimating the concrete expansion by measuring the widths of 
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cracks observed on the ASR-affected concrete surface [6,7]. To conduct the measurements of 

cracks towards the CI calculation, one begins by placing a square outline on the surface of the 

concrete element under investigation, by using a magnifying lens (e.g., 25x or 30x magnification) 

and a comparator card with graduations (e.g., 0.1mm to 1.5mm), the width of each crack is 

measured and recorded. The sum of crack widths that intersect the four lines of the square, 

expressed in millimeters per meter (mm/m), consists of the CI value [6]. However, the CI technique 

can be very subjective and sensitive to the inspector's experience, which can result in less accurate 

and less reliable assessments [7] notwithstanding its time-consuming and environment-sensitive 

nature (i.e., variability due to time of day, sunlight position, time of year, weather, overcast).  

As such, image analysis techniques integrated with artificial intelligence (AI) have been 

increasingly proven efficient as a tool to capture such patterns on concrete surfaces. However, their 

application has been limited to qualitative assessments, such as crack identification without 

extending to the association with ASR damage or conducting a quantitative analysis of the 

observed damage in general [8,9]. Although the CI was developed as a practical tool decades ago, 

new technologies and the enhanced resolution obtained with conventional digital cameras allow 

the development of an automated procedure to capture ASR damage extent at the surface of a 

concrete element. However, existing research on crack automation models are mainly trained by 

datasets comprising a sufficient number of small-sized images (e.g., 336 x 339 pixels, 1cm x 1cm) 

that contain partial details of cracks [10–12]. CI aims to quantify damage by summarizing the 

crack measurements over a specific area (e.g., 25 cm x 25 cm, 0.5m x 0.5m). However, there is a 

shortage of datasets containing the required images to train machine learning models for 

quantifying the extent of cracking (i.e., minimal annotated datasets). Therefore, a rigorous protocol 
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is essential to transform images into quantifiable features to advance recognition and damage 

quantification models. 

1.2. Research Objectives and Scope of the Work 

One of the main objectives of this study is to develop a flexible image acquisition and processing 

protocol to accommodate varying conditions (i.e., digital camera type and size of analyzed area). 

The ultimate goal is to facilitate a reliable quantitative evaluation of cracked concrete surfaces 

using image analysis. In this context, an image acquisition procedure will be established and serve 

as input precursor for machine learning (ML) training (e.g., Mask R-CNN[8]). The database of 

this project refers to annotated images capturing crack size at the concrete surface along with crack 

tracing to measure both the quantity and length of cracks. To ensure the reliability and quality of 

the training, images will be analyzed under different light conditions, crack quantifying approaches, 

and comparative assessments between manual and digital evaluations. It is imperative the data 

reflects known causes and extents of damage; therefore, images were taken from laboratory-made 

concrete blocks affected by ASR-induced damage within a controlled environment. These blocks 

have reached their optimum expansion level, as detailed in the study by Zahedi et al. (2021) [7]. 

In this current project, seven concrete blocks varying the reinforcement (i.e., plain concrete, 1 

directional reinforcement, and 2 directional reinforcement) and ASR source (i.e., reactive coarse 

or fine aggregate) were used for data acquisition. Once the crack measurement data had been 

collected, the correlation between various outputs was performed. This included a comparison 

between the CI performed manually (i.e., ground truth) and CI derived from digital images. 

Additionally, characteristics of the crack pattern within the defined square boundary were 

evaluated, focusing on crack intensity (i.e., Total Crack Length as the total cracking length per unit 
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analyzed area, mm/cm2) and preferential crack orientation. Establishing appropriate metrics for 

quantitatively describing the damage extent when utilizing digital imaging techniques is crucial to 

developing reliable datasets through standardized image acquisition, processing, and annotation 

processes for further machine learning solutions when quantifying ASR damage. 

1.3. Thesis Organization 

This thesis is structured into four chapters and is presented in a paper-based format. The first 

chapter serves as an introduction to the fundamental concept of alkali-silica reaction (ASR) and 

provides an overview of current visual inspection methods and automated crack detection and 

quantification techniques. The second chapter entails a comprehensive literature review of ASR, 

covering studies from its occurrence to its consequences. Additionally, this chapter explores 

concrete condition assessment, detailing the protocol for visual inspection and its limitations, and 

proposes an AI-based solution to overcome such limitations. Furthermore, it drives into research 

related to the machine learning (ML) process of a crack automation algorithm. In the third chapter, 

the main topic is expanded, presented in a paper format providing a detailed procedure for 

collecting images from sample concrete surfaces and processing them into a format easily adapted 

for image analysis purposes. It also discusses the results output to give an insight into the 

performance of image analysis regarding the concrete surface damage assessment. It showcases 

the necessary process of an automated crack detection and damage quantification model using AI 

and ML processes, emphasizing the importance of a standardized image acquisition and image 

processing. The final chapter serves as the conclusion of the thesis, summarizing the entire process 

and work conducted, highlights the contribution made toward to the first step into an automated 

crack detection and damage quantification system. The chapter also provides recommendations 
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and suggestions for future work to overcome limitations and optimize the result outcome from the 

image further. The thesis concludes by offering valuable insights and providing recommendations 

for potential future advancements in the field of damage assessment through an image-based 

approach. 
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Chapter 2 : Background and Literature Review 

Chapter 2 focuses on a series of research related to this thesis. It encompasses an investigation into 

the ASR mechanism, the influence of ASR on concrete properties, and the evaluation of existing 

concrete condition assessment methods associated with ASR. While conducting concrete condition 

assessments can offer a preliminary result into structural health based on crack analysis (i.e., 

tolerable crack widths), it is essential to acknowledge certain limitations concerning operational 

efficiency and result reliability. Thus, the chapter delves into the domain of artificial intelligence 

(AI) technology and machine learning (ML), exploring recent works and approaches pertaining to 

concrete crack detection. 

2.1. Alkali-Aggregate Reaction in Concrete 

2.1.1. Introduction to AAR 

Alkali-aggregate reaction (AAR) is a chemical process that occurs between the alkali hydroxide 

from the concrete pore solution and specific types of mineral phases from aggregates. Two types 

of AAR can potentially harm concrete structures: alkali-silica reaction (ASR) and alkali-carbonate 

reaction (ACR) [1,2]. The phenomenon of ASR was first recognized by T.E. Standon in 1940 [13], 

who noticed cracking and other forms of damage in concrete structures that contained certain types 

of aggregates. Since then, ASR has been widely recognized and studied in United States structures 

built during the 1940s and subjected to extensive research in concrete durability problems [13]. 

ASR is a physicochemical reaction between alkali hydroxides (i.e., Na+, K+, OH-) from the 

concrete pore solution and certain unstable silica mineral phases found in fine or coarse aggregates. 

As shown in Figure 2.1 [3], ASR produces a hygroscopic secondary reaction product often referred 

to as “gel” that swells upon absorbing water, leading to expansion, exceeding the tensile strength 
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of the concrete and causing significant damage to concrete structures through cracking. In contrast, 

ACR represents another harmful chemical reaction associated with carbonate rocks. Its 

mechanisms are less understood and are less common compared to ASR. As such, this thesis will 

only describe ASR.  

 

Figure 2.1: Concrete cracks filled with products of ASR within the aggregate were labeled as an open crack in the 

aggregate with “gel” - OCAG (white color) [3]. Micrograph of 1 cm2. 

Typically, the extent of ASR-related concrete damage is gauged by its volumetric expansion. While 

the correlation between expansion and deterioration isn't always direct, it's generally believed that 

greater expansion signifies more pronounced degradation, including reduced mechanical 

properties, structural integrity, and rigidity. Sanchez et al. (2014) has developed a qualitative model 

(Figure 2.2) to describe the damage generation and propagation caused by ASR [1]. At low levels 

of expansion (0.05%), sharp (A), onion-skin-like cracks can be observed within the reactive 
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aggregate particles, represented as A and B in Figure 2.2 [1]. As the reaction progresses, not only 

the formation of new cracks within these aggregate particles appears, but more critically, the 

previously developed cracks undergo an increase in both length and width, notably occurring at 

moderate expansion levels, e.g., 0.12%, and potentially extending slightly into the cement paste. 

With the further development of ASR, these pre-existing cracks ultimately reach the cement paste 

at both ends of the aggregate, typically around 0.20% expansion, significantly compromising the 

physical integrity and mechanical properties of the affected material [1]. Lastly, at extremely high 

levels of expansion, like 0.30%, the cracks originating from various aggregate particles begin to 

interconnect, creating a substantial network of cracks within the affected concrete, this further lead 

to the reduction in durability and mechanical properties of concrete elements [20]. 

 

Figure 2.2：Descriptive ASR Damage propagation model [1]. 

2.1.2. Factors affecting ASR. 

As shown in Figure 2.3 [1], ASR development can be influenced by three essential factors. Each 

of these factors can act as a critical variable influencing the rate of concrete expansion when they 

are all present in a concrete element: 

-Reactive silica phases in aggregates 
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-Alkali content from cementitious materials 

-Presence of efficient moisture (e.g., > 80%) 

 

Figure 2.3: Three essential elements to trigger AAR [1]. 

Silica minerals in aggregates are generally in a stable form, but there are exceptions. According to 

the Federal Highway Administration (FHWA) report, many aggregate sources are not well-

crystallized, examples include tridymite, acidic quartz volcanic glass, and basalt glass. These 

contain a high concentration of reactive silica and show a significant potential for ASR when 

exposed to highly alkaline solutions [5].  Reactive aggregate contains a form of silica minerals that 

is often amorphous, many lattices defect or exists in a poor crystalline state, which creates more 

surface area that can chemically react than crystalline forms of silica [1,14]. 

The formation of ASR gel in concrete is influenced by the quantity and kind of reactive silica, as 

well as the concentration of alkali hydroxide in the concrete's pore solution. Alkali hydroxides in 

the pore solution can react rapidly with the reactive forms of silica in the aggregate. As the 

reactivity of the aggregate increases, gel reaction products can be formed even with lower alkali 

concentrations [15,16]. If the alkali concentration is sufficiently high, the alkali hydroxides can 
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even break the stronger silicon bonds found in less reactive aggregates to form the gel reaction 

product. 

Moisture also facilitates the movement of alkali ions to reactive sites, and the formed gel can 

subsequently absorb water and leading to volume expansion. Moreover, repeated cycles of wetting 

and drying can amplify the alkali concentrations. As moisture transport through the concrete, 

dissolved alkalis move in the solution and remain when the moisture evaporates from the concrete 

surface. This phenomenon, known as alkali migration, can elevate the alkali concentrations on 

evaporative surfaces, resulting in more severe damage to the concrete's surface compared to its 

interior [1,14,17]. 

2.1.3 Loss of mechanical properties 

The effects of ASR on mechanical properties have been extensively studied through numerous 

experimental and analytical studies [3,18,19]. Many of these investigations highlight the 

correlation between the degradation of concrete properties and expansion levels. In general, the 

volumetric expansion and cracking induced by ASR can lead to a significant reduction in the 

compressive strength, tensile strength, and modulus of elasticity of affected concrete. 

Consequently, all these effects can significantly compromise the serviceability and durability of 

concrete structures. Sanchez et al. (2014) has conducted a series of experiments to report the 

concrete mechanical property loss under ASR affection combining reactive aggregates, concrete 

qualities, and combined mechanisms [20].   

In Figure 2.4, Sanchez et al. (2014) presented the result of mechanical properties reduction under 

free expansion condition for different 35 MPa mixtures combinations [1]. The compressive 

strength loss is approximately 10% at an expansion of 0.05%, rising to between 10% and 20% at 
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0.12% expansion, and then to 20% - 30% for expansions of 0.20% and above. Overall, with 

increasing expansion, the compressive strength of ASR-affected concrete shows a modest 

reduction at low to medium expansion levels (i.e., from 0.05% to 0.12%), and the reduction 

becomes significant at high expansion level (i.e., from 0.20% to > 0.30%). 

Regarding the reduction in tensile strength, at a low expansion level of 0.05%, there's already a 

noticeable loss in tensile strength, showing reductions ranging from 15% to 70%. However, as the 

expansion level exceeds 0.12%, the reduction of tensile strength starts to stabilize, remaining 

relatively consistent until higher expansion levels. 

For the 35 MPa mixtures, the modulus of elasticity reduction shows a gradual increase at a low 

expansion level (0.12%), with a broad range from 10% to 45%. However, as the expansion level 

rises to a high threshold (0.30%), the rate of reduction decelerates slightly, settling the modulus of 

elasticity reduction within a range from 40% to 65%. 

These findings evidence that concrete exposed to ASR-induced expansion experiences a severer 

reduction in tensile strength and elastic modulus, especially at medium to low expansion levels 

(0.05% and 0.12%) when compared to the reduction in compressive strength. At high expansion 

levels (0.30% and above), all mechanical properties witness a substantial reduction yield to 60%. 

Moreover, the results above insights that mixtures containing different types of aggregate present 

a distinct influence (up to 30%) on mechanical properties under the same expansion level [1]. 
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(a) 

 

(b) 
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(c) 

Figure 2.4: Mechanical properties loss due to ASR for 35 MPa concrete mixtures [1]. 

2.1.4. Macro consequence of ASR on concrete structures 

ASR has become a typical threat to many existing concrete structures in terms of long-term 

durability [3,18]. Figure 2.5 [3,15] depicts damaged concrete elements severely affected by ASR. 

In addition to affecting the mechanical properties of concrete elements, ASR also can cause 

permanent deformation, cracking, spalling, extrusion of joint materials, and ‘ASR gel’ exudation. 

According to CSA A864-00 (2005) [21], ASR begins with the presence of a minimal amount of 

'ASR gel' . As ASR progresses to moderate or significant levels, surface-level cracking and micro-

cracking become evident, along with the darkening of the cement paste around known reactive 

aggregate particles. In severely affected concrete, expansion induced by swelling pressure can be 

positively identified at locations ASR-gel emanates from aggregates that have reacted and cracked, 

extending into the adjacent cement paste, signification amount of gel can be observed in cracks 
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and spaces associated with reactive aggregate particles, either with the corrected-to-normal vision 

or minimal magnification. 

 

Figure 2.5: Typical ASR damaged concrete element with presence of spalling, deformation, joint closing, map 

cracking with the presence of gel product [3]. 

Recent studies have specifically focused on the impact of ASR on critical infrastructure elements, 

including concrete dams and bridges [18,22,23]. In the mid-1980s, both Canada and the United 

States discovered that the Mactaquac Dam in New Brunswick, Canada, which had been 

commissioned for hydroelectric power generation in the 1960s, had been adversely affected by 

ASR. Millions of dollars are spent annually to reduce the expansion and prolong the service life 

of the dam since the discovery of ASRin the concrete material of the dam [24]. Consequently, the 

decision was made to decommission the dam due to the prohibitive cost of repairs. Notably, the 

Mactaquac Dam has experienced an expansion in height of approximately 230 mm since its initial 

construction in early 1980s, and extensive cracks can be observed throughout the entire structure 

(Figure 2.6). The dam has since been the subject of the “Life Achievement” project aiming to 

achieve its intended 100-year service life [24]. 
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Figure 2.6 : Mactaquac Dam in New Brunswick, Canada affected by ASR [24]. 

 

The Robert-Bourassa/Charest (RBC) overpass, located in Quebec, Canada (Figure 2.7), was a 

highway bridge constructed in 1966 using alkali-silica reactive limestone aggregate. Over the past 

50 years, the RBC's structural elements exhibited numerous damages, largely attributed to the 

effects of ASR and freeze-thaw cycles, including extensive steel corrosion and concrete 

delamination/spalling on the bridge deck, as well as map cracking, scaling, disintegration, and 

pop-outs on the massive concrete foundations of the reinforced concrete supporting columns. The 

overpass was commissioned for demolition in 2010/2011. 

Researchers have conducted a multi-level assessment of the damage extent to various concrete 

elements demolished from RBC [3]. Compressive strength tests showed that a significant number 

of samples from foundation blocks and bridge decks had strength results lower than the expected 

design values, with stiffness loss up to 50%, compress strength loss up to 20%, and tensile strength 
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loss up to 60%, raising concerns about the overpass's integrity to bear service loads as designed 

and in accordance with Canadian standards and safety protocols.  

 

 

Figure 2.7: Robert-Bourassa/Charest (RBC) overpass affected by ASR in 50 years of service [3]. 

 

Such cases are most severe where map-cracking had appeared well before reaching this state of 

disrepair. Nevertheless, reliable and time-efficient monitoring techniques can indeed indicate 

volumetric expansions on their earlier on-site [18], where mitigation and rehabilitation strategies 

could be applied to counteract the effects of ASR on a concrete structure.  
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2.2. Condition assessment of ASR-Affected Concrete 

Condition assessment is dedicated to employing experimental analyses to provide a comprehensive 

diagnosis and prognosis to evaluate the condition of the concrete element corresponding to a 

structure, including identifying the causes of concrete component damage, quantifying the extent 

of the damage, establishing current condition criteria, and predicting the structure's future 

performance [6] By gaining a thorough understanding of these aspects, it becomes possible to 

develop an improved strategy for structure rehabilitation and management [5]. Currently, various 

types of condition assessment methodologies have been proposed and advocated in studies 

including assessing the concrete damage affected by ASR [1,25,26]. For instance, the assessment 

process usually can start from visual inspection and non-destructive tests (NDT), some popular 

NDTs include Rebound/Schmidt hammer method, Ultrasonic pulse velocity (UPV) method, and 

Half-cell test [5,25]. These techniques allow an indirect property measurement through the surface 

of the concrete without causing damage to the tested elements. Moreover, the stiffness damage test 

(SDT) and damage rating index (DRI) belong to categories of multi-level assessment methods 

proposed by [1,20,27], that can evaluate the mechanism properties through core samples under 

laboratory experiments [27].  

2.2.1. Current protocols and tools to detect damage at the surface of concrete. 

2.2.1.1. Visual inspection  

Visual inspection is one of the fundamental NDT methods that allow the evaluation of concrete 

components' condition and integrity by analyzing information collected from the appearance of 

damaged elements. It is usually performed periodically after the building construction throughout 

the building service life [26]. According to the visual inspection guidelines from ACI 201.1R-08 
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[28], a comprehensive visual inspection identifies visible signs of distress, damage, and 

deterioration (e.g., cracking, scaling, delamination, and disintegration). It provides information 

about the overall condition of the concrete structure, determines subsequent testing requirements, 

and recommends necessary maintenance and mitigation strategies [28].  

The accuracy of visual inspection largely relies on the inspector's experience. When an inspector 

observes damage and deterioration in the concrete, the observations related to environmental 

exposure, durability, and performance must be properly documented, and review the concrete 

material records and construction practices as needed. However, while the guideline provides a 

checklist of visible defect signs that might indicate potential distress in the concrete, determining 

the exact extent of damage often requires support from NDT or destructive tests; the latter is 

especially true for concrete affected by ASR. 

2.2.1.2. General appearance of cracking on concrete surface 

The development and extent of surface cracking on concrete structures exposed to the elements, 

particularly in the case of concrete members affected by ASR, are influenced by various factors. 

When concrete undergoes internal expansion due to ASR, surface cracking can occur and may also 

have distinctive characteristics [29]. ASR-induced cracks, for instance, often exhibit a map-like 

pattern and may show signs of aggregate expansion through pop-outs and ASR gel formation 

leaching from the surface [30]. 

Cracking patterns or signatures observed at the surface of concrete can provide valuable 

information about the underlying distress mechanisms. Whether the distress is caused by external 

factors such as environmental exposure or internal factors like material properties or construction 

practices, different cracking patterns can be associated with specific mechanisms or a combination 



 

19 

 

of multiple mechanisms. For example, shrinkage cracks are commonly observed in concrete due 

to the drying and volume reduction that occurs during the curing process. These cracks typically 

appear as hairline cracks and are often evenly distributed across the concrete surface [31]. On the 

other hand, loading cracks can result from excessive applied loads or structural overloading. These 

cracks may exhibit a more irregular pattern and can be wider and more prominent compared to 

shrinkage cracks [31]. The distinction between such cracks and cracks due to ASR is necessary to 

determine if the mechanism causing cracking is active or was a one-time event [14]. Such 

distinction can be a challenge upon a single inspection therefore, routine monitoring is necessary 

to capture the potential of cracking due to ASR. In some cases of large infrastructures such as 

bridges and dams which can be remote and at long distances from urban centers, opting for remote 

inspections can be an attractive replacement to routine monitoring however, limitations remain in 

such protocols which will be further discussed in the next sections.  

2.2.1.3. Quantitative damage assessment method: Cracking index 

The Cracking Index (CI) is a technique for mapping cracks that quantitatively evaluates the degree 

of surface cracking in structural concrete elements. This method includes measuring and summing 

the widths of cracks along lines that are drawn as square boundaries to the primary restraints on 

the concrete surface under examination [6]. Inspectors visually examine the concrete surface, 

measuring the width of cracks encountered along each grid line. The measured crack widths are 

then recorded and added together along each line, resulting in a cumulative crack width value for 

that specific line. The calculation for the cracking index is expressed by equation 2.1 which was 

proposed by a research report from Fournier et al. (2010) [6]:  
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𝐶𝐼 =  
∑𝐶𝑟𝑎𝑐𝑘 𝑜𝑝𝑒𝑛𝑖𝑛𝑔𝑠

𝐵𝑎𝑠𝑒 𝑙𝑒𝑛𝑔𝑡ℎ
 Equation 2.1 

To perform the CI measurement, a square frame with four lines is created on the severely damaged 

concrete surface. Typically, these lines are drawn parallel and perpendicular to the main restraint(s). 

The square is usually drawn as 0.5m by 0.5m on structure elements, and the size of the ROI frame 

can be adjusted for the smaller damage area. As such, the spacing between the lines may vary 

depending on the size and complexity of the concrete element.  To obtain a reliable assessment of 

cracking using the CI method, it is recommended to create multiple CI reference grids on the 

surface of the most severely cracked structural components [6]. These components are typically 

the ones exposed to moisture and harsh environmental conditions, as well as areas where ASR is 

expected to have occurred to a significant degree. 

As shown in Figure 2.8, each CI reference grid should contain a “measurable amount of cracking”. 

These grids serve as visual reference points for quantifying and documenting the extent of cracking 

in the concrete structure. By strategically placing the reference grids on the most affected areas, a 

quantifying evaluation can be conducted to assess the severity of cracking. To measure the width 

of cracks on the surface of the investigated element, a magnifying lens with a plastic crack 

comparator card is required for precision. Each line drawn on the surface should be divided by 10 

intervals as reference points and tabulating the crack amount and width in 10 steps for each side, 

this is to help the measurement can be documented correctly and efficiently.  
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Figure 2.8: A typical cracking index layout on a concrete surface using a 3D-printed reference grid. 

 

The CI measurement method allows for a systematic and less-objective evaluation of the extent of 

cracking in concrete elements when compared to descriptive analysis. It provides valuable 

information for assessing the condition and performance of the structure, aiding in the 

determination of appropriate maintenance, repair, or rehabilitation measures [6,7]. As the protocol 

suggested, after carefully examining the cracks and obtaining the measurement, the following 

criteria can be purposed as a reference to justify for further investigation: the CI measured on the 

most exposed concrete component, which typically represents the most severe signs of 

deterioration from ASR, it also can provide a rough estimate of the expansion experienced by the 

element under investigation.  
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The CI was however developed as a practical tool to assess damage to concrete caused by ASR in 

which crack widths along straight lines can easily be measured. Although the CI does allow for 

directional interpretation of the results by providing a value for cracks parallel and perpendicular 

to the reinforcements, it remains a 1-directional analysis where widths of cracks are measured 

along lines. Measuring crack orientation and total crack lengths between the boundaries of the CI 

square remains a challenge on the field in practice therefore, a shift towards digitizing the images 

and applying image analysis techniques to improve time and objectivity of the crack quantification 

result is necessary. Although the surface cracking may appear as severe yet internally, the concrete 

is sound and vice-versa [3] this does not inhibit the development of a standardized protocol for 

image acquisition, processing, and analysis such that various parameters can further be used in 

combination with internal damage data (i.e., multi-level assessment) to provide more a reliable 

diagnosis. Without such established and standardized approaches, condition assessments will 

remain subjective and could result in inaccurate diagnoses, misdiagnoses or capturing an active 

mechanism in a later stage at which mitigation, rehabilitation and repair can become inefficient 

and more costly.  
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2.3. Automated crack detection techniques through machine learning (ML) 

Various studies have highlighted that traditional manual inspection, while esteemed for crack 

detection, suffers from limited efficiency and a lack of quantitative analysis for evaluating 

structural conditions [11,12,32]. As a result, automatic image-based crack detection emerges as a 

replacement for effective non-destructive testing. This section will delve into several existing 

machine learning techniques present in the literature, examining both current challenges and 

achievements within the automatic crack detection field. 

2.3.1. An Overview 

Image analysis, in alignment with Artificial Intelligence (AI) and Machine Learning (ML), plays 

a significant role in various domains such as medical diagnosis, autonomous driving, object 

detection, and computer vision tasks [10,33]. In the field of civil engineering, there is a growing 

interest in crack detection as an efficient approach to inspect and monitor concrete structures and 

infrastructure. To overcome the limitations of human-based crack inspection methods, researchers 

are turning to automated crack detection techniques using machine learning algorithms [10,12,33]. 

Machine learning techniques, such as object classification and segmentation, are widely employed 

to identify and separate regions of interest within images. These techniques involve training a 

developed model with image datasets to accurately classify and separate specific objects or regions 

within the images[12]. 

The use of ML in object segmentation enables automation and efficiency in tasks that would 

otherwise require manual effort and expertise [10,34]. Munawar et al (2021). presents a basic 

architecture of ML for crack detection application as shown in Figure 2.9 [12]. Initially, a dataset 

containing surface cracks, intended for detection via the ML model, must be created. These images 
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undergo preprocessing by using techniques in image processing to reduce noise, eliminate shadows, 

and adjust other properties like size and brightness. Subsequently, the cracks in these images 

undergo pixel-wise annotation or labeling, where defective pixels are marked in the image. This 

annotation step can be executed manually or through a labeling tool. One example of labeling 

involves setting crack pixels as white or "1" in the image while the rest are set as black or "0". 

After the model is trained by annotated images, another set of images will be input to the model to 

determine its capability in accurately classifying the regions containing cracks within the image 

[12]. ML techniques are crucial for developing an automated image-based crack detection system, 

which can effectively locate and quantify cracks on concrete surfaces, offering an efficient and 

cost-effective method for non-destructive concrete damage assessment. 

 

Figure 2.9: Machine Learning Methods Schematic for Crack Detection [12]. 

 

2.3.2. Machine Learning (ML) models 

A suitable ML model for crack detection is required to build the crack detection system, the review 

also identified several typical ML models has been proposed in studies such as Artificial neural 

networks (ANNs) [35].Different types of ML models address different methodologies to identify 

and extract information from the image along with object segmentation purposes. As shown in 

Figure 2.10 [10], classification can divide images into small patches, identifying and locating the 

presence of cracks from each small patch. However, classification (Figure 2.10 (a)) can only 

generate binary results of crack presence, lacking some important measurements, such as crack 
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length, width, and count. Object detection (Figure 2.10 (b)) can create a bounding box involving 

the area where a crack exists, resulting in object categorization and quantification of different 

features based on annotated data input. Segmentation (Figure 2.10(c)) involves creating detailed 

pixel predictions of cracks in the image, where each pixel is classified as cracked or non-cracked. 

Segmentation can provide a precise description of fracture location and structure and has great 

significance for the classification and extraction of basic crack characteristics [10].  

 

Figure 2.10: Different Deep Learning methods for crack identification and location: a) raw input, b) crack 

classification from sectional image grid. c) crack identification output. d) crack identified and measured at pixel 

level [10]. 

ANN were applied to address road condition-related issues such as defects and road roughness 

reconstruction as well as crack detection [36], the primary drawbacks of ANN methods include 

their slow training process, the complexity of designing the hidden layer and its nodes, which can 

lead to suboptimal results if the number of neurons is underestimated and their reduced 

performance in handling noisy data [37].  
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SVMs represent another supervised classification method. The fundamental concept of SVMs 

involves constructing a set of hyperplanes to classify data based on their distance from them [38]. 

Typically, a variety of potential settings are examined and cross-validated to determine the most 

suitable option for each problem. Consequently, SVMs exhibit low speed during the training phase 

[37]. Conversely, the complexity of the model remains unaffected by the number of features 

selected for the training phase, which constitutes a benefit of the method. SVMs are widely favored 

for binary classifications; however, they appear less suitable for the classification of multiple 

defects [10,36]. 

The most commonly model found in literatures is the Convolutional Neural Network (CNN) 

[33,39,40]. CNNs are deep learning algorithms that derived from ANNs, they are proficient and 

effective in image classification and object recognition. CNN incorporates more than one 

convolution operation, applying a feature detection layer to learn from training data. The CNN 

model consists of three layers of neurons: the convolutional layer, pooling layer, and fully 

connected layer. An optimized CNN model can execute the procedure that are implemented in the 

code to find patterns or make decisions effectively from a previously unseen dataset. CNNs have 

many types of variation and semantic segmentation networks proposed in research (i.e., CrackNet 

and Region-based CNN: R-CNN) [10,33]. A key advantage of CNN is their weight sharing 

mechanism, where neurons on the same feature mapping surface share the same weight, 

simplifying the feature extraction process [10,32,39]. Figure 2.11presents the general training 

process of CNN [40]. 
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Figure 2.11: Flow chart for detecting cracks using a CNN [40]. 

2.3.3. Image dataset 

The image dataset is essential for training and enhancing model performance. Mohan et al. (2015) 

[11] have identified that one of the main challenges in identifying concrete defects autonomously 

is to provide the machine with enough knowledge to identify the damage of concrete. While 

traditional datasets often comprise a collection of images displaying various crack patterns or 

segments from different surfaces (e.g., walls, pavement), the images lack processing and annotated 

information. This absence of annotation, especially when combined with potential issues in image 

quality, can compromise the accuracy of damage quantification. Kulkarni et al. (2022) highlighted 

this inconsistency in crack detection by benchmarking the R-CNN model against three datasets: 

AigleRN (38 images) [41], CFD dataset (118 images) [42], and the HTR dataset (134 images that 
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are not available to public). As depicted in Figure 2.12 [42], the results highlight the inaccuracies 

that stem from training on unannotated images, potentially compromising the precision of damage 

estimation. Consequently, datasets enriched with crack annotations become a potential asset to 

address this limitation. 

 

Figure 2.12: Inconsistent crack detection result through a trained R-CNN model [43]. 

Notably, in the context of concrete damage caused by Alkali-Silica Reaction (ASR), there is a 

deficiency in available datasets, especially in terms of images required for proper machine training. 

Additionally, the quantification of damage based on crack characteristics faces challenges due to 

the lack of high resolutions images capable of capturing necessary features like visible crack 

openings in imaging. Nevertheless, with the increasing accessibility of such cameras, standardized 

datasets can be developed to further train ML models and advance the condition assessment 

protocols for ASR-affected concrete. 

2.3.4. Crack segmentation through Machine Learning (ML) methods. 

Many ML models have been developed and introduced in research literature, with many derived 

and enhanced from the Convolutional Neural Network (CNN) architecture. For image 
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classification applications, CNNs take as input images with numerical values in each pixel, 

organized spatially along width, height, and depth, typically comprising three RGB layers. The 

main architecture is designed to generate a probability score indicating an image's classification 

into a specific class [40]. This is achieved by learning from the spatially arranged numerical values 

through operations such as pooling and convolutions. However, many existing CNN models such 

as AlexNet [44], VGG [45], GoogleNet [46], and ResNet [47] are primarily utilized for automated 

feature extraction for the classification of different types of objects in images. Deep learning 

frameworks like Faster R-CNN and YOLO have remarkable accuracy and speed in object 

detection tasks [48]. 

With the rapid advancement of deep learning, various attempts have been made to apply it to crack 

detection. Cha et al. (2017)[33] implemented a deep CNN architecture to detect cracks on concrete 

surfaces across different environmental variables; the trained network achieved accuracies of  

98.22% with training by 322 high-resolution images. Zhang et al. (2016) proposed an automatic 

detection method for road maintenance called ConvNet [49], optimized based on D-CNN (Deep 

Convolutional Neural Network). It was trained using 500 pavement images of size 3264 x 2448, 

divided into 640,000 samples. The results demonstrated that the detection achieved a precision of 

86.96%. However, these ML models are trained for binary class crack detection (Crack or Non-

crack); they lack the potential for learning cracking segmentation. 

Yang et al. (2018) trained an FCN model [50], an end-to-end, pixel-to-pixel convolutional network, 

for semantic segmentation. Utilizing over 800 images with resolutions ranging from 72 dpi to 300 

dpi, the FCN demonstrates the capability to identify and segment intricate crack patterns with a 

precision level of 81.73%. However, the accuracy of predicting crack length and width for thin 
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cracks falls below expectations, with relative errors ranging from -48.03% to 177.79% and -13.27% 

to 24.01%, respectively. 

He et al. (2018) presents the Mask R-CNN, a variant of CNN that merges the functionalities of 

Faster R-CNN and FCN [51]. It has been noted since its architecture goes beyond the traditional 

object detection method and focuses on instance segmentation [8]. It has the potential to identify 

and delineate unique objects from the labeled data with bounding box annotations and pixel-level 

segmentation masks for each object. Kim et al. (2018) has introduced the architecture of Mask R-

CNN consists of three main components as illustrated in Figure 2.13: a backbone network, a region 

proposal network (RPN), and a mask prediction network [8]. They trained the Mask R-CNN model 

using 376 images with varying resolutions but constrained within 2000 x 2000 pixels. There were 

1,102 crack regions identified across these 376 images. To conserve storage space for training 

images, each image had a 50% probability of being horizontally flipped and a 50% probability of 

being vertically flipped during each iteration. Flipped images would be treated as new images for 

further training purposes. To evaluate the performance of the trained model, the crack detection 

results were validated by 73 images with resolution 6000 x 4000 pixels taken by a regular 

photography camera. Results showed that there were 453 cracks in total, but 103 cracks were 

missed in images. Fortunately, 84 of the 103 missed cracks were thinner than 0.1 mm, which is 

negligible for ASR evaluation. The literature has selected 10 points on the damaged concrete 

surface for crack width quantification analysis, with most points falling within the error of 

0.054mm. However, 2 points with major errors at 0.154 mm and 0.254 mm may have been caused 

by noise from the surrounding environment. The paper suggests that employing higher resolution 

images or additional super-resolution techniques may help mitigate such errors. 
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Figure 2.13: General architecture of Mast R-CNN [8]. 

There is a growing interest in image-based crack detection as a non-destructive testing (NDT) 

approach for assessing concrete conditions. These methods provide quantitative results, 

representing an improvement over inspections reliant solely on conventional visual approaches. 

Machine learning (ML) has emerged as a primary approach for automating crack detection, 

necessitating a significant input of raw images with varying crack features, as proposed in 

numerous studies [8,38,40]. Overall, the Mask R-CNN, as a novel crack detection method, 

demonstrated its advantages as an automated structural inspection approach. It requires a smaller 

database size while maintaining acceptable accuracy in crack detection and crack width 

quantification performance. The integration of the Mask R-CNN architecture is expected to 

optimize the image acquisition and processing procedure for automated crack quantification 

analysis. 
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2.4. Research Gaps and Objectives 

Condition assessment is a methodology that remains essential for evaluating damage to concrete 

due to ASR and other forms of deterioration. Visual inspection is a commonly employed strategy, 

and when used effectively, it can provide descriptive, qualitative, and quantitative results that 

indicate the level of element deterioration. Yet, it presents some drawbacks in terms of efficiency, 

accuracy, and thus the reliability of the results, leading to their subjective interpretation. AI 

technology presents an efficient approach for conducting visual inspections. However, current 

research in crack detection lacks the capability to quantify the extent of damage. Typically, datasets 

containing images without annotated cracks are used primarily for qualitative analysis, which 

cannot be utilized for machine learning to ascertain the extent of damage. Therefore, the project 

proposes to follow two streams to enhance the use of the visual inspection technique: A) 

development of an image-based measurement procedure by utilizing conventional images to 

extract data representing ASR damage, and the creation of an image database for future model 

training; and B) evaluate the result output from image analysis, assessing the performance of 

damage quantification, taking into account other crack measurements that are often observed, 

especially in reinforced concrete members. 
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Chapter 3 : Developing an Image Acquisition and Processing Procedure for 

Automated Damage Quantification of a Concrete Surface  

3.1. Abstract 

Quantification of the damage extent of concrete through visual inspections has been limited to 

practical methods that may result in subjective interpretation of the outcomes and image analysis 

without association with the cause of the damage. The presence of cracks can indicate some form 

of distress mechanism through their characteristic pattern; however, the extent of that damage 

along with the time-consuming nature to obtain a quantitative result in which it can be monitored 

over time is often limited. With emerging technologies such as machine learning, namely mask R-

CNNs, used to detect, segment, and classify objects observed in images along with accessibility to 

high-resolution digital cameras, quantitative visual inspections used to monitor the progression of 

damage to concrete are required. Although some works have been developed to detect surface 

cracking and remove certain artifacts from images, quantifying the outputs from image analysis 

and associating it to certain distress mechanisms such as alkali-silica reaction (ASR) remains a 

challenge. Moreover, the lack of a standard approach for image acquisition and processing can 

limit usable datasets for machine learning in which the key features (i.e., cracks) are not annotated, 

scaled, or clearly visible/recognizable in the images. Consequently, there's a growing need to 

develop refined and more accurate visual inspection methods through digitalization. This effort is 

essential in improving condition assessment and establishing protocols for maintaining 

infrastructure affected by ASR deterioration. As such, this work aims to provide a standardized 

methodology for image acquisition and processing for quantitative image analysis purposes. A 

comparison between operators during on-site manual measurements was further conducted to 
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understand the influence of the operator on the results meanwhile comparing manual and digital 

measurements. Moreover, conventional crack quantification (i.e., cracking index – CI) was 

compared to a novel metric used to quantify and characterize cracks at the concrete’s surface 

through its intensity (i.e., Total Crack Length – TCL) as cracking length over the total analyzed 

area) combined with crack orientations. This comparison aims to validate the reliability of 

assessment outcomes produced through the application of an image-based measurement approach.  

3.2. Introduction 

In the context of concrete condition assessment, visual inspection is a significant technique to 

monitor the structure health by identify and define various of defection signs appears on element 

surface over the time. Correspondingly, a trained model that can effectively identify and measure 

cracks on concrete surfaces. This method offers a non-destructive approach to evaluating damage, 

eliminating human subjectivity in the analysis. However, the challenge lies in providing the 

machine with sufficient and accurate knowledge of damaged concrete. Artificial Intelligence (AI) 

encompasses the development of computer systems capable of emulating human intelligence, 

involving learning and applying knowledge to new situations. Machine Learning (ML), a subset 

of AI, focuses on enhancing computer performance through data-driven learning and making 

decisions based on statistical models. Recently, ML and its more advanced counterpart, Deep 

Learning (DL) have been applied to concrete condition assessment, particularly in automating 

crack detection, offering quantitative results [52,53]. The Mask R-CNN method stands out as a 

novel approach for detecting and quantifying cracks through image processing [8,47]. Concerns 

regarding image quality criteria may affect the accuracy of damage quantification results. The 

integration of ML and DL into concrete condition assessment has the potential to revolutionize the 
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field, improving accuracy and efficiency in damage detection and quantification. However, 

challenges related to data (i.e., image) quality must be addressed for optimal results. 

Alkali-silica reaction (ASR), a form of internal swelling reaction, is a distress mechanism that 

compromises the functionality of concrete infrastructure. ASR entails a sequence of chemical 

reactions that lead to the formation of hygroscopic "ASR gel", causing an expansion in volume 

and thereby inducing the propagation of cracks throughout the concrete element [1,14,54]. The 

development and extent of surface cracking on concrete structures exposed to the environment, 

particularly in the case of concrete members affected by ASR, are influenced by various factors 

(i.e., aggregate reactivity, pore solution alkalinity, presence of moisture, wind, heat, etc.). Yet, 

ASR-affected elements often exhibit a map-like crack pattern and may show signs of the element 

expansion and ASR gel presence [6,7]. Over time, these cracks progress in width and length, 

underscoring the progressive nature of the reaction’s damaging effects. 

Cracking patterns or signatures observed at the surface of concrete can provide valuable 

information about the underlying distress mechanisms. Whether the distress is caused by external 

factors such as environmental exposure or internal factors like material properties or construction 

practices, different cracking patterns can be associated with specific mechanisms or a combination 

of multiple mechanisms. For example, shrinkage cracks are commonly observed in concrete due 

to the drying and volume reduction that occurs during the curing process. These cracks typically 

appear as hairline cracks and are often evenly distributed across the concrete surface [1]. On the 

other hand, loading cracks can result from excessive applied loads or structural overloading. These 

cracks may exhibit a more irregular pattern and can be wider and more prominent compared to 

shrinkage cracks [1]. Nevertheless, the distinction between the causes of the cracking may be 
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difficult to determine from a single inspection. As such, monitoring protocols and quantitative-

based inspections have been developed to capture the progression of damage, indicating an active 

mechanism such as ASR. Among the protocols is the cracking index (CI) developed to capture 

changes in volume measured at the surface of the concrete. The CI entails tracing a square of 50 

cm by 50 cm at the surface of a concrete element (which can be adjusted based on the size, 

configuration, and accessibility of the analyzed area) and measuring crack openings that cross the 

perimeter of this square. This method was developed as a practical way to quantify damage 

observed at the surface of the concrete while on site which can distinguish the directionality of the 

cracking pattern through vertical and horizontal comparisons. However, the CI can be time-

consuming, and present some subjectivity in result interpretation and variability among operators 

requiring specified environmental conditions (i.e., time of day/year and meteorological). With the 

rise of new technologies such as machine learning (i.e., Mask R-CNNs and transfer learning) and 

accessibility to high-resolution digital cameras, the digitalization of such protocols has gained 

interest in the visual inspections and non-destructive testing field of work. Although the 

accessibility and applications of such tools are ever-growing, a standardized approach for image 

acquisition remains a major constraint in the further developments of automated monitoring 

systems able to quantify damage to concrete. Very limited datasets are currently available [11,55], 

thus hindering the application of machine learning to concrete deterioration quantification. 

Moreover, practical manual approaches used to annotate and measure cracking to concrete on the 

field in comparison to digital methods may limit the overall assessment (i.e., the information 

contained within the boundaries of the square/image). Very few metrics of damage quantification 

have been developed to validate the use of digital images [11,53].  
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3.2.1. Scope of the work 

As previously stated, the cracking index (CI) can serve as an indicator to evaluate the concrete 

damage extent by obtaining crack measurements along the border of a square frame drawn on the 

concrete surface. However, there are potential limitations in terms of accuracy and accessibility 

when conducting these measurements. Therefore, there is an ongoing need to develop efficient 

methods with the aid of digital technology. Presently, machine learning techniques are gaining 

prominence and proving to be a powerful tool for detecting, segmenting, and classifying observed 

objects thus providing an opportunity to automate the crack measurement process. This automation 

can address the validation of image aspects to ensure that they accurately capture and reflect real 

measurements (i.e., ground truth). This advancement marks the initial step towards automating the 

crack measurement process for the purpose of assessing concrete damage. In this paper, an image 

acquisition and processing protocol was developed and assessed in which the optimal light 

conditions, operator sensitivity, and transition toward digital processing were verified through 

image and statistical analysis.  
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3.3. Methodology 

3.3.1. Material  

Seven concrete blocks of 450 mm by 450 mm by 675 mm were used for the analysis of this study.  

These blocks had been manufactured in a laboratory environment and had previously been the 

subject of investigation in studies [7,14]. The concrete mixtures of the blocks included highly 

reactive coarse (i.e., Springhill) and fine (i.e., Texas) aggregates. The blocks also featured various 

reinforcement configurations, detailed in the previous study [7,14] and shown in Table 3.1.The 

concrete blocks were produced following the ASTM C1293 [56] mixture proportions and stored 

under conditions of 38℃ and 100% relative humidity in order to expedite the development of 

alkali-silica reaction (ASR). The blocks used in this current study were kept in the same conditions 

until they reached their ultimate expansion, at which point they were removed for use in this study. 

These blocks were selected because they have exposure environment controlled in the laboratory 

(to minimize variables such as sunlight, temperature), known level of damage (measured through 

expansion since the beginning of casting by [7,14]), abundance of cracking at the surface, and 

surface characteristics (flat, clean, free of defects, etc.) as shown in Figure 3.1. Meanwhile, some 

blocks are composed with reinforcement in one (transverse) or two (transverse and longitudinal) 

directions to provide a better understanding of the damage influenced by confinement. 
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Figure 3.1: four sample surfaces from 7 concrete blocks in laboratory. 
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Table 3.1: Description of selected concrete blocks, 2D: concrete reinforced in 2 directions. SP: concrete mixture 

contains Springhill coarse.  TX: concrete mixture contains Texas sand [7]. 

Block title Description 

Measured expansion %  

up to date 

Longitudinal Transverse 

B3 Unconfined, SP 0.817 0.818 

B5 Unconfined, SP 0.817 0.818 

B12 1D - SP 0.817 0.818 

B2D21 2D - SP 0.700 0.710 

B2D19 2D - SP 0.700 0.710 

B25 2D- TX 0.801 0.826 

B2D29 2D - TX 0.801 0.826 

Note: SP = Reactive Springhill coarse aggregate; TX = Reactive Texas sand; 1D = 

reinforcements in one direction; 2D = reinforcements in two directions. 
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3.3.2. Equipment and Methodology 

3.3.2.1. Cracking index (CI) 

The cracking index (CI) was used as a tool to measure both the operator variability and the 

variations when digitizing quantitative damage measurements on the concrete surface. Initially, 

two operators manually performed the operations (at consecutive times on the same surfaces), 

followed by a single operator conducting the measurements on digital images. For manual CI 

measurement, a 3D printed square frame of 0.25 m by 0.25 m is affixed directly on the concrete 

surface. Operators visually inspected the concrete surface, assessing the width of cracks 

encountered along each grid line of the reference frame. Subsequently, the operators recorded the 

measured crack widths and sum them up along each line, yielding a cumulative crack width value 

for that line. To measure the width of cracks on the surface of the investigated element, a 

magnifying lens (i.e., 25x or 30x magnification) with a plastic crack comparator card with 

absolute/discrete values was used (i.e., 0.10 mm to 1.5 mm). The surface grid, marked by four 

lines, was divided into ten intervals, serving as reference points for the crack measurements. The 

crack opening is defined as the total sum of all crack widths measured along the grid line in 

millimeters, while the base length represents the length of the grid line, typically expressed in 

meters. Alternatively, the base length can be adjusted according to the size of the specimen. The 

empirical CI formulas are as follows [6]:  

𝐶𝐼 =  
∑𝐶𝑟𝑎𝑐𝑘 𝑜𝑝𝑒𝑛𝑖𝑛𝑔𝑠

𝐵𝑎𝑠𝑒 𝑙𝑒𝑛𝑔𝑡ℎ
 Equation 1 

The digital CI analysis involved obtaining images of the same location under manual examination, 

along with processing them to ensure an accurate representation. Subsequently, the images 

underwent the annotation process which entailed marking the crack width along the edge of the 
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square area. Following annotation, the image analysis software [57] calculated the pixel area 

marked with different colors for each of the two directions (i.e., vertical and horizontal). This 

allowed for the conversion of pixel counts into the actual width of the cracks, accounting for the 

image scale and distortion for each square segment cropped from the raw image. 

3.3.2.2. Image acquisition 

The image-collecting process is a crucial step for ensuring the image quality. This section 

undertakes a comprehensive approach to the image acquisition procedure, wherein the images 

selected for analysis must exhibit clear feature characteristics based on the goal of the analysis. In 

this study, cracks caused by ASR are the desired feature and more specifically to quantify their 

characteristics such as orientation, length, and width to highlight their distribution and pattern. The 

following will describe the image acquisition configuration used in this study.  

Images are expected to demonstrate the features (i.e., cracks), differentiated pixel-wise, which 

allows the edge of each crack to be segmented from the surrounding background either manually 

or automatically in subsequent image processing. As such, the visual inspection protocol is 

expected to be digitized for further analysis. The following equipment and software were employed 

in the image acquisition process of this study: 

1. Camera: A digital single-lens reflex (DSLR) camera (Figure 3.2a) was used, capturing high-

quality images at a resolution of 24.1 megapixels, maximum image size of 6000x4000 

pixels, and ISO sensitivity range of 100-25600. The camera was equipped with versatile 

lens with a focal length range of 18mm to 55mm and up to 1.6x zoom capability (i.e., 

Cannon’s EOS-T8i EF-S 18-55mm f/4-5.6 IS STM) 
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2. Remote shooting software: EOS Utility software (Figure 3.2b) facilitates the connection of 

the camera to a computer for remote shooting and camera control via a USB cable or Wi-

Fi connection. A remote shooting option is preferred during the capturing process since 

minimizes vibrations. The connection also enables real-time review of captured images on 

the computer screen serving as a first stage of the quality validation. 

3. Lighting: Compact and portable LED light kits (containing 480 LEDs unit) were used in 

this study (Figure 3.2c) to enhance the visibility of crack features, with adjustable intensity 

and color temperature (i.e., 3200k (yellow/amber) to 5600k (white/cold)) control the 

lighting conditions and reduce shadow noises. 

4. Reference frames: A 3D printed reference frame (25 cm x 25 cm) and a 3:2 ratio frame 

was used for image analysis and perspective distortion correction (The 3D printing source 

files for the frame can be found in Appendix A.). The frames were placed on top of the 

interest area and ensured consistent camera-to-surface distance (i.e., not varying zoom 

ranges and adjusting the reference frame to the picture frame size), minimizing parameters 

that could affect image quality. 

Each side of the 3D printed square was divided into 10 equally spaced intervals normally 

used to record the cracking index data and used for scaling purposes (Figure 3.2d). The 

reference grid was designed to be disassembled for easy compact storage while conserving 

the 90⁰ corners. It can then be tapped onto the concrete’s surface directly.  

Perspective distortion occurs when the imaging frame of the camera cannot remain parallel 

to the target plane when taking a photo. As shown in figure 3.2a, this distortion results in 

the image taking on a trapezoidal shape instead of retaining a square shape as it appears, 

hence the image fails to display the correct measurement. There are many approaches to 
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mitigate the perspective distortion, the method outlined in this project is to use a frame to 

assist the adjustment for the camera shooting angle and position, the detailed instruction 

on how to address the perspective is further illustrated in the image acquisition step-by-

step procedure.  

  

(a) (b) 

  

(c) (d) 

Figure 3.2: (a) A typical photographic DSLR camera with lens; (b) EOS utility software, remote shooting interface; 

(c) LED light Kits; (d) 3D Printed Reference Frames. 
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(a) (b) 

Figure 3.3: (a) Image with perspective distortion, (b) image after perspective correction. Image (a) has the left side 

boarder wider than the right side, resulting in scale inconsistency for the whole image. 

The image acquisition procedure involved setting up the equipment (Figure 3.4) capturing images 

under different lighting conditions: white (cold, 5600K), maximum yellow (warm 3200k), and 

white-yellow (daylight, 4800k). Nonetheless, camera settings and positioning for each image 

captured were kept consistent.  



 

50 

 

 

Figure 3.4: Image acquisition setup. 

Figure 3.4 represents the flowchart regarding the step-by-step procedure for image acquisition. It 

is worth mentioning that the concrete blocks were lifted onto a table to allow for a comfortable 

working height thus, minimizing human error. The lights were placed on either side of the camera 

and the camera brought close to the surface of the concrete block until only the reference frame 

was brought into the field of view. The procedure will ensure that each image captured by camera 

can be fulfilled by the region of interest (ROI) with the maximum quality. 
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Figure 3.5: Image acquisition procedure flowchart.  

1. Frame attachment: Attach the 3D-printed frame and the 3:2 perspective correction frame, 

as depicted in Figure 3.6, onto the damaged surface. The purpose of the outer frame is to 

locate the ROI and the inner frame is to aid the camera to mitigate the perspective distortion.  

2. Camera setup: Ensure the tripod is stable and sturdy, with the camera securely locked, 

perfectly horizontal, and aligned with the center of the segment to prevent tilted or skewed 

images. Set the camera to manual focus mode and manually adjust the lens zoom to the 

minimum (1.0x). Observe through the camera LTCL screen and adjust the camera's 

position to ensure the outer frame overlaps with the camera view's border. If multiple ROIs 

need to be collected on the same surface, measure the distance between the camera lens 

and the objective surface for further reference. 
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3. Lighting setup: Set the camera and LED lights’ heights lights at 45-degrees angles relative 

to the subject. These LED lights offer the capability to modify the color temperature within 

the range of 3200K to 5600K, allowing for a transition from a warm, yellowish color to a 

colder, white tone. The light temperature is an independent variable, and its control 

guarantees a consistent color temperature across the entire interest image area. This 

preservation of the intended color rendition remains unaffected by ambient light conditions.  

4. Remote shooting: Connect the remote shooting software on the computer to the camera 

this allows for full control of the target feature to be captured. Utilizing this software offers 

an improved view on the computer screen and enables remote image capture, eliminating 

the need to physically touch the camera and ensuring a stable shooting process. 

5. The camera lens should be in the minimum zoomed (1.0x) position.  

6. Adjust the camera lens' zoom ring to view the perspective frame. Tune the height and 

shooting angle to guarantee that all four corners of the frame fit perfectly within the 

camera's view. Adjusting the camera position and angle until both vertical and horizontal 

boarder on the camera view is parallel with the edge of the frame. After the adjustment, the 

camera's shooting angle should be corrected to be perpendicular to the targeted surface.  

7. Once ROI is set, adjust the zoom ring to the maximum (i.e., fully zoomed-in) and while 

watching the camera display though EOS utility software on laptop, adjust the focus ring 

until a crack or any other surface feature is in focus. This ensures the best image quality. 

8. Zoom-out the zoom ring on until the view is back to the original position with the entire 

reference frame into the field of view and click the trigger button on the remote shooting 

software, review the image to check the image quality. 
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9. Adjust the LED light temperature to another color and proceed step 8 again until the 3 

different color temperature (warm, cold, and intermediate) images were captured. 

10. Review the image quality, relocate the equipment to collect the next ROI segment, repeat 

step 1 to 9. 

 

a) 

 

b) 

 

Figure 3.6: (a) A perspective frame affixed at the lower part of the reference frame and (b) the perspective frame in 

the full field of view after zoom-in. 
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3.3.2.3. Image processing  

After the images are captured, the processing phase is the next stage on the process of data 

collection.  

Correcting for barrel distortion 

Other than perspective distortion, images captured by a DSLR camera can always have images 

distorted due to cameras wide angle lens structure, which arises from aberrations near the image 

edges. This type of problem has been introduced by Stankiewicz et al. (2018), where lens distortion 

represents a departure from the theoretical projection outlined in the pinhole camera model [58]. 

This phenomenon constitutes an optical aberration, causing straight lines within the scene to 

appear curved or distorted within the resulting image.  

a) 
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b) 

 

Figure 3.7: Barrel distortion that appears near the edge of the frame that led image has distortion curves outward. 

(a) shows the full image and (b) shows the upper edge with the outward distortion curve. 

 

As shown in Figure 3.7, an instance of barrel distortion is evident in the sample image captured by 

the camera employed for this project. This distortion is generated as a bending or curving effect 

along the edges of the reference frame within the image, which may induce inaccuracies when 

collecting quantitative data during subsequent post-processing. 

To remove image distortion caused by a camera lens, two methods are available: 1) manually 

correcting the barrel distortion using an open source or commercial image processing software 

(i.e., Adobe Photoshop) or 2) automating the procedure using a camera calibration algorithm. The 

most common and practical approach for image analysis purposes is to perform a camera 

calibration technique using an algorithm on the OpenCV platform [59] , which stands for Open-

Source Computer Vision Library. OpenCV is an open-source software library dedicated to 

computer vision and machine learning tasks. OpenCV offers an extensive range of tools and 

functions designed for processing images and videos. These include advanced algorithms for 

detecting features, recognizing objects, stitching images together, calibrating cameras, and much 

more. OpenCV is available for several programming languages, including Python, Java, and C++, 

allowing developers to leverage its capabilities across various platforms.  
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Zhang et al. (2000) has developed a camera calibration algorithm and illustrate the calibration 

process by a mathematic model. The pin-hole camera model establishes a mathematical 

relationship between the three-dimensional (3D) coordinates in the real world and their projection 

onto a two-dimensional (2D) image plane [60]. 

The calibration process typically involves capturing a set of calibration images, estimating camera 

parameters, and applying distortion correction to subsequent images. The following is a general 

overview of the steps involved: 

1. Capture calibration images: Take a series of images (around 20 - 30) of a calibration 

pattern from different angles and distances within the camera’s field of view. Ensure the 

calibration pattern covers a significant portion of each image. The study from Zhang et al. 

(2000) indicated that the chessboard/checkerboard pattern (Figure 3.8) is commonly used 

as a calibration target, which includes a grid that has distinct corner geometry allowing for 

precise calibration calculations [48].  Chessboards used for calibration shall be printed on 

a flat surface with very precise, sharp and clear quality on every edge corner, otherwise, 

the camera calibration algorithm cannot recognize and proceed the computation.  
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Figure 3.8: A chessboard pattern for camera calibration. The chessboard was professionally printed on an 

aluminium board by a local photography equipment and service supplier. 

2. Detect calibration pattern corners: Detecting corners of the calibration pattern is 

accomplished by inputting the calibration image set into a Python code named 

"calibration," executed within the PyCharm software (Figure 3.9), an integrated 

development environment (IDE). This code can identify the corners of the calibration 

pattern in each image by detecting substantial changes in color in pixel wise. 
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Figure 3.9: PyCharm interface, an IDE for executing image analysis integrate with OpenCV library. 

3. Calculate camera parameters: Calculating camera parameters involves utilizing the 

calibration algorithm to estimate intrinsic camera parameters as shown in Figure 3.10 (such 

as focal length, distortion coefficients and principal points) as well as extrinsic parameters 

(comprising rotation and translation vectors). These estimations are derived from the 

identified corners within the calibration images. 
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Figure 3.10: Intrinsic and extrinsic parameter results calculated by the camera calibration algorithm. 

4. Undistort images: Executing another code named as “undistortion” to fix the image barrel 

distortion within the assigned folder with the camera parameters (intrinsic and extrinsic 

matrix) input calculated by “calibration” code from step 2. This code processes all 

subsequent images, utilizing the intrinsic camera parameters as input. This operation entails 

applying inverse distortion equations to each pixel, effectively eliminating the distortion 

effect. 

Once the undistortion parameters are applied to the images, the previously displaced pixels within 

the image will be restored to their original positions. The precision of the undistortion process is 

influenced by the quantity of calibration images captured with the specific camera. It is only 

necessary to calibrate a camera once during its lifetime. The camera matrix and distortion 

coefficients obtained from the calibration can be stored using write functions in NumPy [59], 

allowing them to be readily accessed for future applications. This calibration process further allows 
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for any device to be used during image analysis thus, an accessible approach to quantify features 

in images. Indeed, the lower the resolution of the images, the higher the uncertainty of the results 

which would need to be considered during the analysis.  

Image cropping 

After addressing the distortion issue, the subsequent step involves cropping the images to fit within 

the confines of the reference frame (Figure 3.11), ensuring they adopt a square shape, and resizing 

them to a uniform resolution of 3000 x 3000 pixels. It's important to note that when a camera 

captures images at varying distances, a phenomenon referred to as scale variation or scale 

distortion can occur. This arises due to the changing proximity between the camera and the subject 

during different setups, which impacts the perceived size of objects within the images. In more 

detail, when the camera is positioned closer to the subject, objects within the scene tend to appear 

larger within the image. Conversely, as the camera is moved further away, those same objects 

assume a smaller appearance in subsequent images. To manage this scale variation, resizing the 

images in alignment with the reference frame serves as a practical approach since the distance 

within the reference frame is known (i.e., 25 cm). This resizing assists in maintaining a consistent 

scale, thereby contributing to improved image processing outcomes. At this point, the images are 

prepared for subsequent stages of image data collection.  
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Figure 3.11: Cropped, resized image to 3000 by 3000 pixels or 25 cm by 25 cm ready for analysis. 

Image analysis for quantitative comparison 

To produce the quantification result, this study relies on an image analysis software called ImageJ 

[57] as shown in Figure 3.12. It is an open-source image processing software widely used for 

scientific research fields. It provides various functions for image editing, analyzing and processing, 

enhance the intensity of visualized effects for featuring details in an image. Moreover, ImageJ has 

various statistic analyzers to generate numerical result in pixel wise of an image. 

A new parameter, referred to as "Total Crack Length (TCL)," has been introduced as an indicator 

to enhance the quantification of concrete damage analysis. TCL is determined by dividing the total 

crack length by the surface area, and it is a measurement that cannot be feasibly performed 

manually on-site. Therefore, TCL is proposed as an innovative measurement that is expected to 

provide more comprehensive information than the Cracking Index method, regarding the extent of 
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damage. To calculate the TCL output, a crack tracing technique is necessary, and the details are 

explained in the following sections (Figure 3.13). 

 

Figure 3.12: The interface of Image J. 

In this study, a series of images featuring cracks are manually annotated using an image processing 

software [61] (provided compatibility with the device used during the annotations) and a tablet 

with pen by tracing the cracks using the pencil function with a known pixel width. The annotation 

set-up was selected due to availability yet is not limited to this type of set-up. To ensure enhanced 

quantitative analysis, the cracks are annotated using precise RGB color codes such as red (255, 0, 

0), blue (0, 0, 255), or green (0, 255, 0). Meanwhile, it is advocated to use different color for every 



 

63 

 

count of cracks (as shown in Figure 3.13) to help segment between every crack and generate a 

precise quantification result. 

 

Figure 3.13: A traced image with its mask layer. 

In general, cracks tend to propagate linearly and may possibly result in branching and spalling at 

specific points along their initial course. To enable ImageJ to effectively differentiate between 

distinct cracks and accurately count them, it becomes imperative to trace the cracks using distinct 

colors for each branch. For example, two cracks forming a “Y” shape may be recognized as one 

crack therefore colour segmentation is favourable This approach facilitates the segmentation of 

individual cracks from one another. Several guidelines should be adhered to during the annotation 

process, as follows: 

1. Enable the use of layers in image processing software [61]. 

2. Commence crack tracing from a root crack. At a node point, each branch is treated as a 

separate crack. 
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3. Utilize a different color for tracing when a crack ceases to continue. 

4. Extremely thin cracks can be disregarded. This decision reflects on the disregard of very 

thin cracks (less than 0.1 mm in width, Figure 3.14) during the cracking index calculation. 

5. Avoid using the same color when two cracks are positioned too closely to each other. 

6. Use the “mask” layer for further processing (for each colour or for all colours representing 

all cracks traced). 

 

Figure 3.14: Partial of crack tracing and a negligible crack example. 
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After the images have been processed and annotated following the steps above, they are now 

prepared for the analysis phase, which involves utilizing ImageJ software to generate results. Figure 

3.15 illustrates a procedure for acquiring pixel area using ImageJ's analyzer tool. To achieve this:  

1. Import the mask layer to image J and Transform the image to 8-bit grayscale: Choose 

[Image] → [Type] → [8-bit].  

2. Next, establish a threshold value to isolate the colors within the desired range for analysis. 

Set the threshold: Go to [Image] → [Adjust] → [Threshold], adjust the threshold bar to 

encompass the relevant color range in the image, and click [Apply].  

3. Perform particle analysis: Navigate to [Analyze] → [Particle Analyze]. A spreadsheet will 

be generated, containing information such as the total area in pixels occupied by cracks, 

the count of cracks, and the area in pixels for each individual crack. This spreadsheet can 

then be exported as a .csv file.  
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a) b) 

  

c) 

 

Figure 3.15: Generating result for crack area in pixel wise. (a)Transform the image to 8-bit grayscale, (b)adjust the 

threshold bar to encompass the relevant color range in the image, (c) Perform particle analysis, spreadsheet will be 

generated. 
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The results exported entail the number of cracks along with their length after which the calculation 

for the Total Crack Length can be applied (i.e., total crack length over analyzed area). The results 

are not limited to lengths but can also describe preferential crack orientation and lengths, etc. which 

will be further shown in the “Results” and discussed in the “Discussion” section. Figure 3.16 

summarizes the essential steps used in this study. Crack counts may also be selected for output 

however, due to the length of cracks, the counts were not part of the metrics used in this study. 

Nevertheless, this study's methodology aims to enhance the accuracy of crack assessment through 

image analysis as opposed to manual measurement.  
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Figure 3.16: Image processing flowchart. 
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3.4. Results 

3.4.1. ASR damage measured through the cracking index (CI)  

The cracking index (CI) outcomes for seven concrete blocks were manually recorded by two 

operators according to Eq. 3.1. The surfaces of each concrete block, provided they were clean, 

unmarked, and free of artifacts that may compromise the measurement, were divided into 6 

portions of 25 cm by 25 cm squares (i.e., segments). The CI is normally performed on a square of 

50 cm by 50 cm; however, for this project, the aim was to optimize the number and quality of 

images; therefore, smaller squares were selected. An example from the result table for one segment 

collected by manual measurement is presented in Appendix B.1 with the average value of CI 

calculated for 6 segments, which shows the CI results of a region of interest (ROI) portion of the 

block B2D21, thus showcasing the crack widths manually measured in millimeters and their 

corresponding positions, denoted as steps 1 to 10, along each side of the reference frame. After all 

crack measurements over one square segment were recorded, the CI along one side of the ROI can 

be calculated by dividing the sum of crack width by the base length (0.25m). 

𝐶𝐼 =  
∑𝐶𝑟𝑎𝑐𝑘 𝑜𝑝𝑒𝑛𝑖𝑛𝑔𝑠

𝐵𝑎𝑠𝑒 𝑙𝑒𝑛𝑔𝑡ℎ
 Equation 3.1 

Based on the crack width collected during the CI measurement, the majority of cracks exhibit a 

width of less than 1.00 mm. All cracks observed on unreinforced blocks have a width range 

between 0.1mm to 1.0mm. Cracks distributed on reinforced blocks have a relatively wider crack 

width range, within 0.1mm to 2.0mm mostly. Cracks with widths exceeding 2.00 mm are 

uncommon, appearing predominantly in blocks with severe expansion (i.e., greater than 0.73% of 

expansion). Among all 1814 measurements, only one crack on Block B2D29 had a crack width 

exceeding 2.5 mm oriented in the horizontal direction. CI can exhibit an overlap between different 
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types of blocks, yet some clustering is observed. The CI for 2D-TX blocks can range from 3.5 

mm/m to 14.50 mm/m. Furthermore, 2D-SP blocks have the CI can vary from 5.25 mm/m to 12.56 

mm/m. In contrast, unreinforced type of blocks has more concentrated value of CI (in 3.1 mm/m 

to 5.4 mm/m). 

 

3.4.2. Operator sensitivity to damage quantification 

To address some variability concerns, two operators conducted the measurement to quantify the 

variability between them and ensure that any further use of the results such as machine learning 

training for damage quantification includes results of more than one operator. To assess the 

statistical significance and relevance of the results obtained from various factors, paired t-test 

results presented in Table 3.2, which involved 66 square segments of CI measurements from 2 

operators, a strong positive correlation with a Pearson correlation coefficient of 0.95 was observed 

between the two variables. The average CI values obtained from the two operators were 5.74 and 

5.88, with variances of 7.51 and 7.08, respectively. The calculated P-value was found to be 0.37, 

which exceeds the significance level of 0.05. As a result, the null hypothesis cannot be rejected, 

suggesting that there is no statistically significant difference between the pairs of CI measurements 

manually measured by 2 operators. 
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Table 3.2: T-test results between 2 operator’s CI measurement. 

 Operator 1 Operator 2 

Mean 5.742424 5.887879 

Variance 7.513557 7.088774 

Observations 66 66 

Pearson Correlation 0.955561  

Hypothesized Mean Difference 0  

df 65  

t Stat -1.46028  

P(T<=t) one-tail 0.374515  

t Critical one-tail 1.668636  

 

3.4.3. Effect of light temperature on image analysis result 

As the goal of this study was to digitize the visual inspection protocol through digitized imaging, 

several parameters were tested to understand their effect on image quality. The controllable 

parameter of artificial lighting conditions exerts a noticeable influence on image quality when 

compared to no artificial light being used. Optimal lighting conditions enhance crack visibility and 

reduce background blurring. A comparative analysis of CI and the novel measurement of total 

crack length (TCL – length over area, mm/cm2) results was conducted over 72 digitized images 

performed under three distinct lighting conditions: warm light (yellow - 3200K), daylight 

(white/yellow - 4800K), and cold light (white - 5600K), as depicted in Figure 3.20. Four out of the 

7 blocks were selected for this portion of the study which represent the various components with 

different reinforcement settings: unconfined, reinforced in one direction (1D, SP), reinforced in 

two directions with reactive coarse Springhill aggregate (2D, SP) or reactive Texas fine aggregate 

(2D - TX). A similarity in the results can be observed for each light condition where overlapping 

results are observed yet the overall trend is conserved. The lowest CI value is captured with the 

warm (yellow - Y) and daylight (white/yellow – WY) light at 3.12 mm/m while its corresponding 
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CI value for the cold (white -w) light is 3.75 mm/m. Meanwhile, the largest difference can be 

observed at between a CI of 6.0 mm/m captured with the warm (yellow – Y) light, 6.63 mm/m for 

the cold (white – W) light and 8.13 mm/m for the daylight (white/yellow – WY) light. As for the 

TCL, similar trends are observed. 

a) 
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b) 

 

Figure 3.17: Comparison for 3 light conditions among 24 image segments. a) Cracking index (mm/m), and b) 

Cracking density (mm/m2). 

Due to the varied extent of damage in the concrete blocks, the CI results span from 3.0 mm/m to 

12.0 mm/m, reflecting some degree of variance within the group. However, through ANOVA 

analysis (Table 3.3) across the three sets of data from different lighting conditions, it can be 

concluded that varying lighting conditions do not significantly affect the CI results obtained from 

image analysis. Statistically, the obtained P-Value exceeds the significance threshold of 0.05, 
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indicating insufficient evidence to reject the null hypothesis (i.e., no significant difference in 

results among different lighting conditions). This conclusion is further supported by the fact that 

none of the "F values" exceed their corresponding "F-critical" values. Similar findings apply to the 

TCL image analysis results (table 4.3b). TCL values range from 2.4 mm/cm² to 4.7 mm/cm². The 

ANOVA analysis reveals all P-values are higher than the significance level of 0.05, reinforcing the 

absence of significant differences among 3 set of light condition results. 

Table 3.3: a) ANOVA results for: a) Cracking index, and b) Total Crack Length. 

 

a) ANOVA of Cracking Index in different light condition 
 

F P-Value Critical    

Unreinforced 0.21 0.81 3.68    

1D-SP 0.56 0.58 3.68    

2D-SP 0.23 0.79 3.68    

2D-TX 0.05 0.94 3.68    

b)   ANOVA of Total Crack Length in different light condition 
 

F P-Value Critical 
   

Unreinforced 1.86 0.19 3.68 
   

1D-SP 0.46 0.64 3.68 
   

2D-SP 1.95 0.18 3.68 
   

2D-TX 0.12 0.89 3.68    

 

Based on the comparison, it can be concluded that the light conditions do have an influence on the 

results, but the effect is minimal and can be considered negligible.  
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3.4.4. Digital cracking index (CI)  

The digital image-based analysis is a different approach to collect the measurement of cracks by 

using pixel-wise annotations on images. It is to be noted that only one operator conducted the 

digital CI for this part of the study. Figure 3.22 illustrated the digital CI results from four selected 

blocks (one from each configuration as aforementioned) for digital image analysis over single light 

conditions, compares CI results obtained through manual measurements with those derived from 

the image-based approach under daylight conditions using white/yellow (4800K) artificial light.  

The plot represents that the CI collected from each segment varies in value by location, yet every 

sample closely aligns with the manual CI results as they cluster around the 1:1 line. It demonstrates 

a positive linear relationship with an R2 value of 0.91, supporting the effectiveness of CI 

digitalization. The findings clearly indicate that measurements obtained from images follow a 

similar trend to the manual method since the difference falls within 10% which is the allowance 

of manual method due to the variation by different operators. 
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Figure 3.18: Manual vs. digital CI measurement. Marker shape differentiated by concrete reinforcement 

configuration: (1) reinforced in two directions (2D) with reactive coarse (SP – blue square) or fine (TX – green 

square) aggregate, reinforced in one direction(1D) with SP coarse aggregate (triangle), and unreinforced with SP 

coarse aggregate (circle). 

3.4.5. Total Crack Length 

Total Crack Length (TCL) serves as another quantification indicator, measuring the intensity of 

cracking that can be linked to the level of concrete damage by assessing the length of cracks within 

a unit surface area of concrete elements. In this study, TCL has been derived from the pixel amount 

in images using image analysis software [43], with units in mm/cm2. The TCL values of four 

concrete block specimens have been compared across three different lighting conditions in the 
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results section. Previously, it was noted that there is no significant difference in the TCL values 

under the three different temperature conditions of light (72 measurements). However, for 

unreinforced specimens, TCL values at different locations exhibit wide variation, whereas for 

reinforced specimens, they tend to hover around average values. The results also indicate 

significant differences in average TCL values across different specimen configurations. 

Figure 3.23 illustrates the cracking index from digitally recorded crack widths as a function of the 

TCL over 24 segments under artificial light in daylight conditions (4800k). The data points show 

a broad distribution without generally clustering into distinct groups. Notably, Block 2D-TX 

(unreinforced, SP) displays the highest TCL values (3.68 mm/cm2 to 4.68 mm/cm2) among the 

four blocks. TCL values within all types of blocks range widely, from 2.50 mm/cm2 to 4.68 

mm/cm2. However, the correlation was found to have an R2 of 0.47. 

 

Figure 3.19: Calculated expansion level against the TCL value. 
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3.4.6. Crack orientation.  

Through image analysis, the crack orientation can be obtained as an output which can be further 

illustrated through histograms to depict the most frequently observed crack directions. In Figure 

3.20, a sample of histogram illustrates the percentage frequency of crack occurrences at different 

angles within a segment of block 1D-SP. This block is reinforced in the transverse direction and 

consists of reactive coarse aggregate (Springhill, SP) and non-reactive fine aggregate (natural 

sand). The distribution in the histogram shows a preference for the 0-degree region (horizontal) 

and a lesser tendency towards the 90-degree region (vertical). This suggests that more cracks are 

oriented horizontally rather than vertically. More crack orientation angle histogram from different 

segments can be found in Appendix B.2. 

 

Figure 3.20: Histogram of crack orientation angle from one square segment of block B12. 
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In contrast, unreinforced block (B5), which is not confined by any specific direction, exhibits from 

the Figure 3.21, the orientation angle does not concentrate in any range of direction. The mean 

values closely align with the medians at around 45 degrees, suggesting a distribution of cracks that 

is not skewed towards either the horizontal or vertical direction. 

 

Figure 3.21: Histogram of crack orientation angle from one square segment of block B5. 

The mean crack orientation values provided in Table 3.4 illustrates the characteristics of cracks 

propagation in the reinforced blocks (). These values indicate that the majority of cracks have 

angles of less than 45 degrees. This implies that most of the cracks are oriented vertically 

meanwhile, block B5 (unreinforced) exhibits an average crack orientation angle close to 45 

degrees. This highlights the fact that crack propagation in this block exhibits an anisotropic feature 

without restraint in any specific direction. 
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Table 3.4:Mean value summary of average crack orientation angles from 5 concrete surfaces (in degrees) 

Segment  1 2 3 4 5 6 AVERAGE 

B2D21B 33.32  40.23  25.17  34.82  43.70  35.00  35.37  

B12 36.99  35.91  30.38  44.74  43.35  37.83  38.20  

B2D29B 40.22  26.09  34.34  33.93  30.34  33.77  33.12  

B5A 44.60  44.51  56.42  38.39  42.82  45.99  45.46  

B5B 39.45  47.56  41.91  41.04  48.18  39.03  42.86  

 

3.5. Discussion 

3.5.1. Variability to consider when digitizing. 

It is expected that the highest degrees of variability will be observed during manual operations as 

more factors can influence the variability as opposed to measurements being conducted while 

using digitized images. This reasoning stems from the variables often met when performing 

manual operations on site or in a laboratory in which human error is more prominent. Therefore, 

cconcerns from operator variability and use of artificial light have often been raised due to the 

nature of the conducted on-site visual inspections. Through validation in this study, the CI 

conducted on-site (called “manual CI” in this study) was not deemed sensitive to operator 

variability when both operators work alongside each other, under the same conditions. Operator 

variability remained at 0.2 mm/m which is considered negligeable such that, the operators’ 

variability is lower than that of the range used to indicate the volumetric changes around 1.85 

mm/m per year [14]. Meanwhile, it was earlier stated that the artificial light condition had 

negligeable effect on the outcomes. However, when digitizing the CI, variability may be observed 
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due to image resolution thus a set of t-test results were conducted (Table 3.5). The CI was further 

divided into the two directions. The average value for manual CI is 3.55 mm/m, while for digital 

CI, it is 3.90 mm/m. The difference between these averages yields a p-value of 0.051, which is just 

on the border of the significance level of 0.05. Similarly, a p-value of 0.51 was found in the vertical 

CI results from both measurement approaches. Since both p-values are very close to reaching 

statistical significance, it suggests that there is a small chance of observing a significant difference 

in all measurements. Obtaining more convincing results may require a larger sample size. 

Table 3.5: T-test results for comparison between CI results from digital and manual method 

Horizontal Direction Manual Digital 

Mean 3.55 3.90 

Variance 3.01 3.50 

Observations 24.00 24.00 

Pearson Correlation 0.92  
Hypothesized Mean Difference 0.00  

df 23.00  
t Stat -2.30  

P(T<=t) two-tail 0.05  
t Critical two-tail 2.07  

 

Vertical Direction Manual Digital 

Mean 1.25 1.29 

Variance 0.56 0.56 

Observations 24.00 24.00 

Pearson Correlation 0.91  
Hypothesized Mean Difference 0.00  

df 23.00  
t Stat -0.67  

P(T<=t) two-tail 0.05  

t Critical two-tail 2.07  
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The conditions affecting the results during each operation are indeed different such that digital CI 

measurements can be influenced by image quality provided by the camera itself or the screen used 

to measure such cracks. It is expected that lower image quality will provide a higher variability 

while a better image quality will provide less variability as the crack features will be more 

resemblant of what is observed by eye. A parametric study using various image qualities would 

help to further define the ranges of uncertainty. Furthermore, this correlation is for the observed 

surfaces used in this study which does not include lower degrees of damage, different types of 

damage other than ASR and represent laboratory-made and exposed concrete. Further images 

following the proposed standard protocol through this study are required to refine these 

correlations and the dataset to draw conclusions beyond the points evaluated in this study. 

Nevertheless, the CI served as an efficient tool to measure the ability to transfer from manual to 

digital measurements of cracking at the surface of concrete. 

3.5.2. Capturing damage with crack directionality in reinforced concrete  

Observations indicate that cracks in unreinforced blocks display a random distribution, while 

reinforced blocks tend to have more cracks oriented horizontally with wider openings. Considering 

the apparent observable crack directionality, the CI was divided into two directions to capture 

horizontal cracking and vertical cracking. The following discussion will explore the impact of 

confinement on crack distribution and the resulting cracking index, thereby enhancing the 

effectiveness of image analysis to correlated with manual method for CI measurement. It is to be 

noted that although the CI calculates cracks in two directions, its final output is a one-dimensional 

value such that crack widths are measured along a line.  
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Figure 3.25 presents the average directional CI results from both operators plotted along a 1:1 line, 

this plot represents that cracking is more significant in the horizontal direction. Note that the x-

axis represents the crack CI measurement from cracks aligned in horizontal direction, and vice 

versa.  

 

 

Figure 3.22: Plot of CI measurement collection Vertical vs. Horizontal in mm/m, digitally collected from 4 types of 

blocks. 
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By evaluating the data clusters where different types of blocks were grouped to assess the impact 

of reinforcement on crack patterns, it can be observed that all data points from blocks without 

reinforcement cluster closely around the 1:1 line, with a highest CI value of 4.20 mm/m for vertical 

cracking, 5.10 mm/m for horizontal cracking. This suggests that their horizontal CI values closely 

align with their vertical CI values since these blocks can expand in all directions without restraint. 

In contrast, all reinforced blocks exhibit CI values in horizontal cracks that are much greater than 

in vertical cracks. The block reinforced in one direction and has the average CI value at 2.43 mm/m 

for horizontal cracking, 0.81 mm/m vertical cracking, which are lower than the value observed on 

blocks reinforced in 2 directions, in both vertical and horizonal cracking directions. For blocks 

reinforced in 2 directions, 2D-SP have their average CI at 3.86 mm/m in horizontal cracking and 

1.39 mm/m in vertical cracking, while 2D-TX have even larger crack width open with 7.458 mm/m 

in horizontal and 1.439 mm/m in vertical cracking directions.  

Based on the 132 observations, it is evident that the average range of CI values obtained by image 

analysis by horizontal cracking direction is larger than the average range of CI values by vertical 

cracking direction, especially for reinforced concrete blocks. In figure 3.23, the CI and expansion 

values of 1D-SP, 2D-TX and 2D-SP type blocks are significantly higher than those of unreinforced 

blocks. This observation reveals that the presence of reinforcement does impact and leads to 

increased crack length, width and expansion along the reinforced direction. Corroborating existing 

literature [9, 49, 50], expansion measurements conducted on different surfaces of the reinforced 

blocks indicate that reinforced blocks (1D-SP, 2D-SP, and 2D-TX) take longer to achieve the same 

expansion level as unreinforced blocks. Additionally, under identical levels of expansion, crack 

openings become larger due to the confinement setting as the propagation of induced expansion 

can shift from reinforced directions to directions with less or no reinforcement, leading to increased 
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expansion in the direction with the least reinforcement (perpendicular to the main reinforcing bars). 

Through the cracking orientation analysis, preferential cracking directions are observed with 

respect to the reinforcements. Therefore, in cases of reinforced concrete presenting cracking 

directionality, quantifying the cracking orientation may help to refine models used to predict the 

CI.  

3.5.3. Image analysis for damage evaluation 

As the primary goal of this research is to automate damage quantification through imaging, the 

first step was to understand how the machine/algorithm detects features such as cracks and how 

well. Further training/study is ongoing through this iterative process. However, it was concluded 

that crack identification must come before being able to measure those considered in the CI 

calculation such that a crack can only be measured upon its detection. Therefore, a new metric was 

considered top quantify the intensity of cracking such as the Total Crack Length (TCL) which 

takes into account the length of cracks (in one dimension) over an area (2 dimensions). The TCL 

can then be used to measure the machine’s ability to measure the length of cracks. While annotated 

images are used for training of the machine, they can further be used to assess the metrics best 

describing damage in this context through image analysis.  

The TCL alone cannot measure crack directionality therefore, it was compared against the vertical 

and horizontal CIs, as illustrated Figure 3.26. By comparing the slope of the trendline, TCL may 

not be able to represent a good correlation with either vertical or horizontal CI value, this can be 

proved by the residual value analysis displayed in Figure 3.24. As the TCL increases, the value of 

CI between two directions shows a significant difference, indicating the TCL may not be capable 

to represent the damage extent in either direction. Moreover, the correlations show an R2 of 0.39 
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for the horizontal cracking and 0.06 for the vertical cracking, which is considered as a poor 

correlation.  

 

Figure 3.23: Divided CI as a function of TCL. 

Further consideration of the influence of crack direction on the damage pattern can be discussed 

in this work. The orientation angle of cracks can serve as potential indicators. As aforementioned, 

the configuration of reinforcement in certain blocks may contribute to an increased prevalence of 

surface cracks in the horizontal direction.  

Results of crack orientation displayed in section 3.4.6 claims that the proportion of crack 

orientation reveals the possibility of indicating the overall crack propagation direction, thus 

provides a potential solution to convert TCL to a directional CI by assigning coefficients according 

to the angle within a certain range corresponding to the direction. In this study, following Eq. 3.2 
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and Eq. 3.3 are defined though linear regression by the image analysis results output within this 

work. 

 

𝐶𝐼𝑣 =  3.271𝑎𝑣 ∗ 𝐶𝐷 − 0.8698 Equation 3.2 

𝐶𝐼ℎ = 1.7653𝑎ℎ ∗ 𝐶𝐷 − 0.3718 Equation 3.3 

Where 𝑎𝑣  𝑎ℎ  is the total percentage of crack orientation from 0º to 30º and 60º to 90º, representing 

cracks propagating in horizontal and vertical direction, respectively. TCL is the Total Crack Length 

in mm/cm2, CIv CIh are the predicted CI results for vertical and horizontal direction.  

Relevant data is further presented in Appendix C. The performance of the regression model can be 

assessed through residual analysis, as depicted in Figure 3.24 and Figure 3.25. The residual values 

range from -2.0 mm/m to +2.3 mm/m for the vertical direction and from -1.0 mm/m to +1.0 mm/m 

for the horizontal direction without a trend of heteroscedasticity observed. Notably, the histograms 

of the residual values in both directions closely approximate a normal distribution. This suggests 

that the prediction model (Eq. 3.2 and 3.3) has a good regression with the ground truth values. 

  

Figure 3.24:Residual analysis, vertical CI prediction though TCL and crack orientation. 
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Figure 3.25: Residual analysis, vertical CI prediction though TCL and crack orientation. 

The CI, TCL, and crack orientation angle represent three distinct parameters that do not exhibit a 

direct relationship. Nevertheless, when considering TCL and crack orientation collectively, they 

can jointly characterize crack behavior in terms of distribution and quantity. Their combined 

analysis can reasonably describe the cracking intensity in their respective directions, akin to the 

role CI plays. Additional findings presented in Table 3.6 provide compelling evidence to assess the 

model's predictive capability. Based on the results of paired t-tests, the predictive outcomes of CI 

closely align with manual CI results of horizontal cracking, yielding an average p-value of 0.96 

and correlation coefficients of 0.82. suggesting that there is no significant difference between the 

predicted and observed values. Similarly, in the vertical direction, the p-value is 0.90 with a 

correlation coefficient of 0.79, supporting a similar conclusion of a positive result, 2 plots present 

in Figure 3.26, is comparing the predicted CI results vs. manual CI in both directions for better 

determine the regression performance visually. 
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Table 3.6: The t-test results between predict CI and manual CI results. 

t-Test: Paired Two Sample for Means 

   

Horizontal Variable 1 Variable 2 

Mean 3.90 3.90 

Variance 3.50 2.24 

Observations 24.00 24.00 

Pearson Correlation 0.80  
Hypothesized Mean Difference 0.00  

df 23.00  
t Stat 0.00  

P(T<=t) two-tail 0.96  
t Critical two-tail 2.07  

 

Vertical Variable 1 Variable 2 

Mean 1.24 1.23 

Variance 0.50 0.20 

Observations 24.00 24.00 

Pearson Correlation 0.74  
Hypothesized Mean Difference 0.00  

df 23.00  

t Stat 0.07  
P(T<=t) two-tail 0.94  

t Critical two-tail 2.07  
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(a) 

 

(b) 

Figure 3.26: CI value predicted through TCL-orientation model in the a) horizontal b) vertical directions. 
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Through the analysis presented above, the combination of Total Crack Length and crack 

orientation has proven capable of summarizing damage extent results similar to the output of CI 

under selected concrete surfaces. Since ASR development involves anisotropic propagation in 

reinforced concrete members, accurately extracting damage from randomly distributed crack 

patterns can be challenging. However, the model introduced in this section successfully integrates 

crack quantity and crack propagation direction across the entire area of interest to correlate with 

an already established metric, the CI, for evaluating crack damage in two directions across the 

damaged surface.  
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Chapter 4 : Conclusion and future recommendations 

Digitalization of visual inspections is becoming the standard practice in many applications such as 

assessing the cracking of concrete surfaces. Among the mechanisms causing cracking to concrete, 

alkali-silica reaction (ASR) causes a distinct map-cracking pattern in which its intensity is 

quantified to evaluate the overall level of deterioration and its rate. The cracking index (CI) was 

initially developed as a means to measure this cracking intensity in a practical manner in the field. 

Since its development, the availability and accessibility of high-resolution digital cameras have 

transformed visual inspections in which the assessment could be performed on a computer as 

opposed to on the site thus, reducing some of the variables encountered through such operations. 

Moreover, the use of automated technologies such as using machine learning to automatically 

detect, and measure crack characteristics has emerged in the last decade. The following main 

conclusions are therefore presented as follows: 

• Training an automated crack detection model using a machine learning system presents an 

initial major challenge when quantitatively annotated datasets are unavailable. This challenge 

prompted the development of a novel procedure to acquire, process, and analyze images for 

quantitative purposes. This procedure enables the creation of quantitatively annotated datasets 

featuring cracks on concrete surfaces with known widths (along the perimeter of the image) and 

known areas for the region of interest (ROI). 

• Machine learning is inherently iterative. However, beyond a qualitative evaluation of its 

ability to detect cracks, more nuanced performance metrics are essential, especially if the aim is to 

quantify characteristics of entities in the image, such as cracks. As the system learns from 

annotated images, these same images serve as benchmarks for assessing crack patterns via image 
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analysis. The system, in its learning phase, doesn't detect every annotated crack, meaning it can't 

measure what it doesn't detect. To address this, image analysis was leveraged to establish a metric 

called 'Total Crack Length', designed to evaluate the machine's performance starting with crack 

detection. This metric quantifies cracking intensity by computing the total crack length relative to 

the analyzed area. 

• Variability between two operators was evaluated in the CI computation and was found to 

be negligible. Among other variable parameters that could be controlled in this study, artificial 

lighting was probably the most significant factor. All other variables were kept constant, such as 

the distance between the camera lens and the block surface, the camera zoom set to its minimal 

value, position in the laboratory, angles adjusted for perspective distortions, and area of analysis. 

Using three different light settings (all set to their maximum intensity to further reduce variability), 

image analysis was performed using the digital cracking index (where crack widths were measured 

on images) and the Total Crack Length (where cracks were annotated/traced on images). It was 

thus revealed that the lighting conditions did not significantly influence the outcomes. Furthermore, 

converting the cracking index into a digital technique displayed a strong correlation, thereby 

validating the digitalization process. 

• A thorough protocol for image acquisition, processing and analysis was developed 

throughout this project to facilitate the creation of similar datasets. Datasets of quantifiable features 

of concrete cracking are non-existent and crucial towards machine learning developments. The 

dataset can further serve as a calibration for other developers and the application of the protocol 

can extend lend itself beyond cracks in concrete caused by ASR.  
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• By evaluating the expansion as a function of the cracking index, a linear trend was observed 

however, distinction between the various reinforcement configurations were not apparent when 

compared to digitally measured crack widths to calculate the cracking index and the Total Crack 

Length. The division of the cracking index into horizontal and vertical directions aids in 

comprehending the viability of crack detection through image analysis and enhance the influence 

of crack directionality on predicting the cracking index using image analysis via total crack length. 

Nevertheless, the two linear models formulated in this project were constrained by sample size 

limitations and are only applicable to forecasting crack indices for the concrete samples utilized in 

this study. Thus, they do not assure a quantitative assessment of crack opening size for all concrete 

structure surfaces. 

• The machine learning model trained by Mask R-CNN that motivated this study is not yet 

fully optimized and cannot be effectively applied to real structures for quantitative assessment of 

concrete surface cracks. The primary limitation stems from the dataset created for this project, 

which comprises only a small number of sample concrete images from a controlled laboratory 

environment. However, the model requires a larger and more diverse image dataset for robust 

training. For future research, it is recommended to expand the dataset size by collecting images of 

actual concrete structures affected by ASR, following the procedures outlined in this project. 

Additionally, it is highly advisable to verify and optimize the dataset's quality by testing it with 

different operators and using various image acquisition instruments to migrate the variation from 

different factors. 
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APPENDIX 

Appendix A 

3D Print source of tools for image acquisition: 

3D Printable Portable Reference Frame 25cm x 25 cm, available at:  

https://drive.google.com/file/d/1SY6waz4NGDjgIGVcNC9s7uf2V8YjAcoa/view?usp=drive_link 

3D Printable Perspective mitigation Frame, available at: 

https://drive.google.com/file/d/1Zawj6utxADef3Rm1am23Ib3fIPmPPJn_/view?usp=drive_link  

 

  

https://drive.google.com/file/d/1SY6waz4NGDjgIGVcNC9s7uf2V8YjAcoa/view?usp=drive_link
https://drive.google.com/file/d/1Zawj6utxADef3Rm1am23Ib3fIPmPPJn_/view?usp=drive_link
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Appendix B.1 

Sample CI results collected by operator 1 (Block B2D21, Segment 1). 

 

Sample CI results collected by operator 2 (Block B2D21, Segment 1). 

 

 

SQ1 Side A 0.25

Interval OA BC OB AC Interval OA BC OB AC Total

1 0.40 1 1.00 0.80

2 1.00 0.15 2 0.30

3 0.10 3

4 4 0.10

5 0.20 5 0.10

6 0.10 0.60 6

7 0.20 0.10 7 0.80

8 0.10 8 0.25 0.60

9 0.10 9 0.15

10 10

Max width. 1.00 0.60 0.10 0.20 1.00 Max width. 1.00 0.80 0.60 0.15 1.00

Sum 1.30 1.15 0.20 0.40 3.05 Sum 1.25 1.70 1.00 0.15 4.10

mm/m 5.20 4.60 0.80 1.60 12.20 mm/m 5.00 6.80 4.00 0.60 16.40

Cracks 3 3 2 3 11 Cracks 2 3 3 1 9

Avg/Crcak 0.43 0.38 0.10 0.13 1.05 Avg/Crcak 0.63 0.57 0.33 0.15 1.68

C.I. 6.10 C.I. 8.20

EXP % 0.53 EXP % 0.880.82 0.24 1.18 0.58

B2D21(Operator 1)

Base length (m) Side B
Square Method Square Method

4.90 1.20 5.90 2.30

0.25

Interval OA BC OB AC Interval OA BC OB AC Total

1 0.40 1 1.00 0.80

2 1.00 0.15 2 0.30

3 0.10 3

4 4 0.10 0.10

5 0.20 5 0.10

6 0.10 0.60 6

7 0.20 0.10 7 0.80 0.10

8 0.10 8 0.20 0.60

9 0.10 9 0.20

10 10

Max width. 1.00 0.60 0.10 0.20 1.00 Max width. 1.00 0.80 0.60 0.20 1.00

Sum 1.30 1.15 0.20 0.40 3.05 Sum 1.30 1.70 1.00 0.30 4.30

mm/m 5.20 4.60 0.80 1.60 12.20 mm/m 5.20 6.80 4.00 1.20 17.20

Cracks 3 3 2 3 11 Cracks 3 3 3 2 11

Avg/Crcak 0.43 0.38 0.10 0.13 1.05 Avg/Crcak 0.43 0.57 0.33 0.15 1.48

C.I. 6.10 C.I. 8.60

EXP % 0.53 EXP % 0.760.82 0.24 1.00 0.52

B2D21(Operator 2)

Side A Base length (m) Side B
Square Method Square Method

4.90 1.20 6.00 2.60
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Average CI result (B2D21) by 2 operators with expansion level calculated. 

B2D21A 

image# 1 2 3 4 5 6 

Ave. Horizontal  4.90  4.60  4.60  4.80  1.80  3.60  

Ave. Vertical 1.20  2.70  1.80  0.45  1.10  1.45  

Expansion % Horizontal 0.82  0.66  0.92  1.20  0.36  0.72  

Expansion % Vertical 0.24  0.45  0.36  0.45  0.22  0.24  

 

B2D21B 

image# 1 2 3 4 5 6 

Ave. Horizontal 5.95  3.50  5.75  3.70  3.70  4.55  

Ave. Vertical 2.45  2.00  1.00  0.50  0.75  0.30  

Expansion % Horizontal 1.09  0.41  0.96  1.53  0.62  0.91  

Expansion % Vertical 0.55  0.83  0.29  0.25  0.30  0.30  
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Appendix B.2 

Crack orientation distribution diagram for block B2D21(2D-SP), B12 (1D-SP), B2D29(2D-TX) 
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Appendix C 

Coefficient of CI predictions from crack characteristics (TCL x Orientation Angle) 

  Angle 15 30 45 60 75 90 TCL*Ori(V) TCL*Ori(H) 

B2D21 

1 0.210 0.234 0.221 0.172 0.080 0.083 1.471 0.541 

2 0.216 0.189 0.161 0.109 0.163 0.162 1.308 1.049 

3 0.382 0.209 0.153 0.078 0.058 0.119 1.765 0.528 

4 0.243 0.200 0.223 0.092 0.102 0.140 1.386 0.754 

5 0.221 0.146 0.136 0.107 0.206 0.184 1.080 1.146 

6 0.217 0.229 0.199 0.140 0.120 0.095 1.409 0.679 

B2D29 

1 0.278 0.153 0.130 0.126 0.125 0.189 1.788 1.300 

2 0.329 0.255 0.163 0.082 0.072 0.099 2.150 0.629 

3 0.250 0.240 0.149 0.118 0.121 0.122 2.171 1.078 

4 0.239 0.230 0.183 0.137 0.121 0.089 1.849 0.831 

5 0.288 0.232 0.177 0.108 0.100 0.094 2.245 0.841 

6 0.292 0.194 0.147 0.125 0.120 0.123 2.272 1.135 

B12 

1 0.279 0.174 0.141 0.121 0.140 0.145 1.473 0.927 

2 0.271 0.179 0.141 0.164 0.138 0.107 1.451 0.790 

3 0.283 0.241 0.168 0.123 0.092 0.092 1.468 0.515 
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4 0.151 0.152 0.177 0.216 0.158 0.145 0.871 0.871 

5 0.165 0.170 0.202 0.154 0.146 0.162 1.018 0.938 

6 0.229 0.189 0.156 0.162 0.145 0.119 1.255 0.792 

B5 

1 0.193 0.205 0.124 0.223 0.187 0.185 1.097 1.026 

2 0.161 0.163 0.121 0.197 0.162 0.159 0.980 0.972 

3 0.145 0.125 0.106 0.156 0.171 0.131 0.925 1.036 

4 0.129 0.127 0.129 0.150 0.172 0.136 0.679 0.814 

5 0.177 0.175 0.219 0.139 0.146 0.180 1.147 1.065 

6 0.195 0.205 0.301 0.136 0.162 0.208 1.755 1.622 

 

 


