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Abstract

Defects such as cracks and spalling in reinforced concrete can have a detrimental e�ect

on structural integrity if unnoticed and left untreated. Inspection methods have largely

evolved over the years from traditional visual inspections to partially and fully auto-

mated inspections. One of the most common forms of automated inspections is the use

of cameras and application of deep learning algorithms to identify cracks and spalling

on the captured images. Automated inspections overcome limitations of visual in-

spections, mainly as it concerns inconsistency and subjectivity in the identi�cation and

interpretation of cracks. Still, they do not come without their own caveats: autonomous

vehicles (e.g. drones) require an expert, trained and licenced user, the captured images

use di�used lighting that does not necessarily reveal the true geometric characteristics

of the crack or even the crack itself, and most deep learning algorithms developed for

crack detection and identi�cation are not performing well with low quality images and

low light conditions and are mainly trained with di�used light images captured in the

lab. This thesis is focusing on addressing all of these challenges in the technology of

automated concrete structure inspections in Civil Engineering through the development

of both hardware and software.

Utilising the bene�ts of multi-directional, multi-angle lighting, which has been suc-

cessfully used in other disciplines (medicine) in highlighting features clearly, an auto-

mated platform called ALICS (Adaptive Lighting for Inspection of Concrete Structures)

has been developed. It captures images of concrete structures by creating and casting

shadows through illuminating light from multiple angles and multiple directions, mim-

icking what an experienced inspector would do during a visual inspection. The original

i



design of ALICS has subsequently been modi�ed to �eld-deployable hardware, suit-

able for carrying out inspections outside the lab. Following a number of experimental

setups where the angle of light was varied and analysis of the captured images using a

pretrained VGG-16 neural network model, the optimum angle was identi�ed.

To overcome declined performance of the VGG-16 model, one of the most com-

monly used models in concrete crack identi�cation in Civil Engineering, in the case of

low-quality images, an automated image quality assessment work
ow was developed

based on BRISQUE (Blind/Referenceless Image Spatial Quality Evaluator) score and

incorporated into the VGG-16 model. The traditional VGG-16 and VGG-19 neural

network models are developed to satisfy three-channel di�used RGB images. To allow

for the analysis of directional lighting, i.e. for �ve channels, one for the gray scale image

in Right, Down, Left, Up and di�used directions each, novel �ve-channel VGG-16 and

VGG-19 were developed, capable to detect and classify cracks.

The VGG-16 �ve-channel neural network was further improved in terms of evalu-

ation time by utilising the light neural network model, MobileNetV2. The multi-channel

MobileNetV2 model, MCNet has been implemented similar to �ve-channel VGG mod-

els. The maximum-intensity fusion technique, which has been successfully used in

medical �eld to combine multiple images has been utilised to implement a fused neural

network model, FusedNN. The FusedNN, and MCNet models are developed to satisfy

three-channel RGB images, and �ve-channel images, respectively. The performance of

the traditional MobileNetV2 model, FusedNN, the �ve-channel VGG-16 model, and

MCNet were compared for crack detection and classi�cation tasks, and MCNet demon-

strated the best performance. For detecting cracks and spalling, a comparison of the

four models: traditional, Zoubir, FusedNN, and MCNet, revealed that MCNet outper-

formed the others. This highlights the advantage of additional information provided

by directional lighting to enhance automated concrete crack inspection in Civil Engin-

eering. The performance of traditional model and the FusedNN model was compared

under increased exposure values to evaluate the advantages o�ered by the FusedNN

model over traditional model.

Overall, this research o�ers a comprehensive approach to automated concrete in-
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spection, leveraging, for the �rst time in Civil Engineering, advanced illumination tech-

nologies used successfully in other scienti�c �elds. The results in this thesis show that

multi-directional lighting, combined with speci�cally adapted neural networks can suc-

cessfully identify cracks of widths 0.1mm.
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Chapter 1

Introduction

1.1 Introduction

Civil structures are susceptible to deterioration due to factors ranging from repetitive

tra�c loads to natural disasters [1]. This gradual deterioration reduces the safety

margin and the lifespan of the structure, which in turn poses signi�cant risks to both

human life and property [2]. Therefore, early awareness and identi�cation of the defects

is crucial to extend lifespan and safety of reinforced concrete structures [3]. The primary

forms of defects include cracking and spalling [4].

Routine inspections in reinforced concrete structures are still predominantly con-

ducted visually. Manual visual inspections bene�t from the adaptable decision-making

of people, but they present signi�cant �nancial and time costs, often put inspectors at

risk, and su�er from low repeatability [5]. Robotics and deep learning are gradually

automating some aspects of inspection and image analysis, providing asset managers

with remote, consistent and cost-e�ective tools to maintain concrete structural health

and resilience [6].

Most of the automated inspections utilise cameras for image capture. The quality

of the captured images is in
uenced by factors such as lens quality, working distance,

brightness and lighting conditions [7, 8]. As it concerns the latter, many automated

systems still lack the adaptability to assess diverse defects under varying, low, and un-

controlled lighting conditions [9], with the quality of illumination signi�cantly a�ecting
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the accuracy of image analysis results [10].

Geometrical illumination is commonly applied in surgery [11] to improve feature

contrast but has received limited attention in the context of Civil Engineering. Al-

though human inspectors often instinctively use directional lighting with 
ash-lights,

previous studies on crack detection has not fully utilised the additional data that dir-

ectional lighting could provide [12, 13].

Early studies explored various approaches, such as ring and angled lighting, to

identify textural di�erences associated with concrete cracking [12]. Another investig-

ation examined the impact of brightness and lighting direction on crack recognition

in ambient lighting conditions, where they found that low-intensity, low-angle lighting

was e�ective in detecting smaller crack widths [14]. Meanwhile, a separate study used

extreme dark-�eld imaging to detect air voids in concrete, employing nearly parallel

lighting to the concrete surface. However, this approach required signi�cant preparation

of the substrate [9].

Previous studies on concrete crack detection have primarily focused on analysing

laboratory datasets [15]. This tendency is common in concrete defect detection liter-

ature, where hardware and software testing often relies on laboratory samples and as

such, do not fully capture the complexities of real-world concrete structures [16]. There

are no studies on testing and evaluation of directional lighting concrete inspection tech-

nology in real-world applications.

Engineering standards typically state that crack widths of 0.2mm to 0.4mm in con-

crete structures need immediate attention [17]. Previous studies have detected cracks

with widths less than 0.1mm on clear backgrounds but faced challenges in identifying

such cracks under low-light or uneven illumination conditions [18].

Regarding the image quality, the conventional subjective evaluation method that

relies on human perception to assess, is not only slow and costly but also prone to sub-

jective biases [19, 20]. Consequently, objective Image Quality Assessment (IQA) meth-

odologies have been developed to automate image quality prediction through diverse

algorithms [21, 22, 23]. Real-time automatic Image Quality Assessment has received

little attention in computer-aided Civil Engineering [24, 25].
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Previous studies have prioritised defect detection capabilities while neglecting the

signi�cance of automating the evaluation of concrete image quality, which is essential

for e�ective crack detection. To add to this, currently there is a lack of image processing

algorithms that are trained on datasets comprised of directionally lit images.

This thesis focuses on the development of an automated inspection methodology

that leverages multi-angle and multi-directional lighting in low-light or challenging

environmental conditions to detect cracks in concrete with widths less than 0.1mm.

This research focuses solely on detection and classi�cation, with crack segmentation

being beyond the scope of this thesis.

1.2 Thesis Overview

The outline of the remaining of this thesis is as follows:

Chapter 2 focuses on common defects in concrete structures such as, cracks and

spalling, exploring how they form, and why they happen. Traditional visual inspection

techniques are reviewed, including their advantages, disadvantages, and in
uencing

factors. The chapter also looks into semi-autonomous inspection methods, discussing

their bene�ts over traditional techniques, as well as their drawbacks. The Chapter

concludes with the suggestion that automated inspection methods could be a tool to

overcome the limitations of manual inspections.

Chapter 3 focuses on automated visual inspection techniques and deep learning

models utilised for Civil Engineering infrastructure today. It highlights the advantages

of using automated visual inspection methods and introduces black-box and white-box

crack analysis methods, with more emphasis on black-box methods. It presents recent

studies on image recognition, image classi�cation and semantic segmentation used for

automated defect inspections in concrete structures. Further, it reviews illumination

methods employed to detect concrete defects in low-light environments, highlighting

the limitations present in existing literature and the research gaps that this thesis aims

to address.

Chapter 4 outlines the methodology and experimental setup for the implementation
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of hardware (ALICS) and development of software (based on VGG-16 model) that

allows for the investigation of the potential of directional lighting and suitable optimal

illumination angle to provide enhanced inspections of concrete structures.

Chapter 5 presents the implementation of the Blind/Reference-less Image Spatial

Quality Evaluator (BRISQUE), a No-Reference IQA (NR-IQA) algorithm in the VGG-

16 algorithm. The BRISQUE score threshold (BT ), which signi�cantly improved the

overall data quality for deep learning applications is introduced. An automated data

cleaning procedure based on a BRISQUE score threshold has been implemented and

integrated to ensure that only high-quality images are utilised for further image pro-

cessing.

Chapter 6 presents a novel approach to concrete crack detection and classi�cation,

employing �ve-channel (multi-channel) neural network models based on the VGG-n

architecture (where n=16 and 19) utilising the multi-directional lighting. The study

evaluated and compared the performance of these multi-channel deep learning models

with their 3-channel versions commonly used for crack detection on Civil infrastructure,

for binary image classi�cation tasks. The results show major improvements in crack

detection and classi�cation in low-light conditions.

Chapter 7 focuses on multi-class image classi�cation for crack and spalling detec-

tion. It implements two novel Convolutional Neural Network (CNN) models, FusedNN

and MCNet, which are developed based on the MobileNetV2 architecture using multi-

directional lighting approach. The chapter analyses the impact of exposure on di�used

and fused images, highlighting the advantages of utilising directional lighting in fused

images. It compares the performance of directional lighting-enhanced neural network

models with traditional model and advanced model in the literature for both binary and

multi-class image classi�cation tasks. It compares the best performing neural network

model from Chapter 6 with the best-performing neural network model in Chapter 7,

highlighting the advantages of using directional lighting for classifying both cracks and

spalling. FusedNN and MCNet are compared to a SOTA model, Zoubir and are found

to exhibit superior performance.

Chapter 8 discusses the �ndings and outlines the future work for this thesis.

4



Chapter 1. Introduction

Chapter 9 provides the conclusions of this thesis.

1.3 Contributions to Knowledge

The research contributions of the work carried out in this thesis are summarised as

follows:

ˆ First study to assess the potential of directional lighting incident at an angle of

10 to 60 degrees on the surface of real world concrete structures, captured under

low-light conditions (Chapter 4). Geometrical illumination, commonly applied in

surgery to enhance feature contrast, has received limited attention in Civil Engin-

eering, particularly for defect detection in concrete structures. Previous studies

have successfully detected cracks smaller than 0.1mm on clear backgrounds but

have faced signi�cant challenges when attempting to identify these cracks un-

der low-light or uneven illumination conditions. Based on the literature review

presented in Chapters 2 and 3, no other study was identi�ed that utilised dir-

ectional lighting for crack identi�cation, including those of widths < 0.1mm, in

concrete Civil infrastructure.

ˆ Implementation of a novel end-to-end, automated process for data-cleaning via

a threshold based image quality assessment algorithm (Chapter 5). Unlike ex-

isting methods that might incorporate image quality assessment as a separate

pre-processing step after completion of image acquisition, this study incorpor-

ates Threshold-based IQA algorithm during image capture, ensuring that only

high-quality images are retained for subsequent image processing, and low-quality

images are discarded. This enhances the performance of the crack detection al-

gorithm.

ˆ Developed a methodology for the implementation of multi-channel deep learning

models for detecting defects like cracks and spalling in concrete Civil Engineering

infrastructures (Chapter 6 and Chapter 7). Directional lighting was implemented

in this work through sets of 5 images, i.e. 5-channels instead of the commonly
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used 3-channels in deep learning algorithms. To achieve this, multi-channel deep

learning models were developed. No multi-channel deep learning models used for

concrete defect detection exist in the reviewed literature. The proposed method-

ology for multi-channel deep learning models can be applied to any model.

ˆ Developed the Fused Neural Network (FusedNN), a novel CNN model for detect-

ing cracks in concrete structures by using maximum intensity pixel-level image

fusion. This is a technique widely used in medical imaging but not in other �elds,

including Civil Engineering (Chapter 7). Unlike traditional methods that rely on

single-image inputs under challenging lighting conditions, the FusedNN merges

multiple images captured from di�erent lighting directions, enhancing contrast

and defect visibility in concrete structures. This is the �rst application of image

fusion for concrete defect detection in low-light and real-world conditions where

conventional approaches struggle.

ˆ First study to demonstrate the e�ect of exposure on di�used and fused images,

particularly in the context of crack detection (Chapter 7).

In addition to the above contributions, the author of this thesis also contributed to

the following:

ˆ The thesis is presenting the design of a lighting apparatus (ALICS rig) that

employs illumination techniques such as geometrical illumination (direction and

angle) in hardware to aid in automated defect detection/analysis. This is an essen-

tial aspect for addressing the current lack of illumination methods in automated

inspections. This apparatus is a �rst in hardware that utilises multi-directional

and multi-angle lighting approach to accurately detect concrete defects in low-

light environments.

ˆ The author contributed to this hardware by developing and implementing the

initial design of the lighting rig along with its hardware components. More

speci�cally, a machine-vision camera and manually operated multi-direction and
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multi-angle lighting rig were integrated onto a six-axis robotic arm. This integ-

ration was intended to capture thorough datasets of concrete specimen images in

controlled laboratory settings.

ˆ Later, in collaboration with two other researchers, the lighting rig was modi�ed

to automate multi-angle and multi-directional lighting. Following this, the author

took active part in the implementation of the �rst �eld deployable ALICS rig.

1.4 Research outputs

The research outputs derived from this thesis and related research work by the author

of this thesis are presented below.

1.4.1 Journal Articles

1. S. Pennada , M. Perry, J. McAlorum, H. Dow, and G. Dobie, \Threshold-based

BRISQUE-assisted deep learning for enhancing crack detection in concrete struc-

tures," in J. Imaging 2023, 9, 218. The author carried out the conceptualisation,

data pre-processing, methodology, visualisation, validation, software implement-

ation, and original writing. Along with McAlorum and Dow, the author captured

the images. Perry and Dobie were involved in the supervision of this work.

https://doi.org/10.3390/jimaging9100218 .

2. J. McAlorum, H. Dow, S. Pennada , M. Perry, and G. Dobie \Automated Con-

crete Crack Inspection with Directional Lighting Platform," in IEEE Sensors

Letters. The author contributed to the hardware development (as described in

section 1.3), the author captured part of the images in the lab, and implemented

the VGG binary classi�er outlined in this paper.

https://10.1109/LSENS.2023.3327611 .

3. H. Dow, M. Perry, J. McAlorum, S. Pennada , and G. Dobie, \Skeleton-based

noise removal algorithm for binary concrete crack image segmentation," in Auto-

mation in Construction, vol. 151, p. 104867, 2023. The author contributed to
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the development of the hardware (as described in section 1.3) which was utilised

to capture the images utilised in this paper, and captured part of the images used

in this paper.

https://doi.org/10.1016/j.autcon.2023.104867 .

4. H. Dow, M. Perry, S. Pennada , R. Lunn, and S. Pytharouli, \3D reconstruction

and measurement of concrete spalling using near-�eld Photometric stereo and

YOLOv8," in Automation in Construction, vol. 166, p. 105633, 2024. The author

contributed to the hardware (as described in section 1.3) which was utilised to

capture the images utilised in this paper.

https://doi.org/10.1016/j.autcon.2024.105633 .

1.4.2 Conference Papers

1. S. Pennada , M. Perry, J. McAlorum, H. Dow, and G. Dobie, \Performance

evaluation of an improved deep CNN-based concrete crack detection algorithm,"

in Society of Photo-Optical Instrumentation Engineers (SPIE) Conference Series,

vol. 12486, p. 1248615, 2023. The author carried out the conceptualisation, data

pre-processing, methodology, visualisation, validation, software implementation,

and original writing. McAlorum and Dow helped with capturing the images used

in this study. Perry and Dobie were involved in the supervision of this research.

https://doi.org/10.1117/12.2657723 .

2. J. McAlorum, M. Perry, H. Dow, and S. Pennada , \Robotic concrete inspection

with illumination-enhancement," in Sensors and Smart Structures Technologies

for Civil, Mechanical, and Aerospace Systems 2023, vol. 12486,pp. 125{131,

SPIE, 2023. The author contributed to the hardware development (as described

in section 1.3), the author captured part of the images in the lab, and was the

reason for the utilisation of BRISQUE in this study. The author reviewed the

�nal draft of this paper.

https://doi.org/10.1117/12.2655938 .

3. H. Dow, M. Perry, J. McAlorum, S. Pennada , and G. Dobie, \A novel direc-
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tional lighting algorithm for concrete crack pixel-level segmentation," in Sensors

and Smart Structures Technologies for Civil, Mechanical, and Aerospace Systems

2023, vol. 12486, pp. 344{350, SPIE, 2023. The author contributed to the hard-

ware development (as described in section 1.3), and captured part of the images.

https://doi.org/10.1117/12.2657235 .

4. H. Dow, M. Perry, J. McAlorum, and S. Pennada , \Concrete crack pixel-level

segmentation: a comparison of scene illumination angle of incidence," in Proceed-

ings of the 11th European Workshop on Structural Health Monitoring, EWSHM

2024, Vol. EWSHM 2024. The author contributed to the hardware development

(as described in section 1.3).

https://doi.org/10.58286/29683 .

1.5 Journal Articles (Under Peer Review)

1. S. Pennada , M. Perry, J. McAlorum, H. Dow, and G. Dobie, \Concrete Crack

and Spalling Detection: A Comparative Study of Conventional and Directional-

Lighting-Enhanced Deep Learning Models," Submitted to Remote Sensing,

MDPI . The author carried out the conceptualisation, data pre-processing, meth-

odology, visualisation, validation, software implementation, and original writing.

McAlorum and Dow helped with capturing the images used in this study. Perry

and Dobie were involved in the supervision of this research.

2. H. Dow, M. Perry, J. McAlorum, S. Pennada , and G. Dobie, \Comparison of

directional and di�used lighting for pixel-level segmentation of concrete cracks,"

- Submitted to Infrastructures . I contributed to the hardware (as described

in section 1.3) which was utilised to capture the images utilised in this paper, and

also captured part of the images used in this paper.
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Chapter 2

Concrete inspection techniques

and structural health monitoring

2.1 Introduction

Defects in reinforced concrete structures can lead to signi�cant damage, risking public

safety and causing �nancial cost. Deteriorating infrastructure requires regular inspec-

tions and timely maintenance. Structural Health Monitoring (SHM) includes various

inspection techniques to assess the condition of these structures over time. This chapter

focuses on traditional inspection techniques before conducting a literature review on

the state-of-the-art (SOTA) inspection procedures, highlighting their advantages and

disadvantages. Following this, a research gap is identi�ed regarding the use of these in-

spection procedures for detecting cracks and spalling in reinforced concrete structures,

particularly in low-light environments.

Concrete is the second most widely consumed material globally after water and

the most consumed man-made material in the world, with a consumption rate of 14

billion m 3 in 2020 [26, 27, 28]. The consumption of certain building materials, such as

concrete, is unlikely to decrease in the coming years; in fact, with population growth,

demand is expected to rise [29].

Design codes are standardised guidelines that outline the rules and speci�cations
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for the design, construction, and maintenance of structures. Various organisations

such as the American Concrete Institute (U.S.A), American Society of Civil Engineers

(U.S.A), British Standards Institution (U.K), and International Union of Laboratories

and Experts in Construction and Structures (France) have established guidance and

standards for evaluating the condition and performance of concrete structures [30, 31].

In the UK, structural designs typically follow the Eurocode 2 (EN 1992), a series

of European standards adopted by all countries in the European Union, for the design

of concrete structures in Civil Engineering. It details material properties, load calcu-

lations, structural analysis, and design requirements, ensuring concrete structures are

safe, e�cient, and durable. Eurocode 2 speci�es that maximum allowable crack widths

for regular reinforced and prestressed concrete structures range between 0.2mm and

0.4mm. Cracks wider than these limits could compromise the safety and durability of

concrete structures [32].

2.2 Concrete Defects

Concrete structures can exhibit various types and levels of structural defects, including

minor surface cracks and major issues such as spalling, delamination, and reinforcement

bar debonding [33]. Several factors contribute to such defects. For instance, cracks in

concrete structures immediately after construction are often due to the surface evap-

orating water at a faster rate than internal moisture, creating a moisture di�erential

and resulting in tensile strain. After approximately 24 hours, the tensile capacity of

concrete prevents this. Thermal strain can also cause early age cracking [34]. Addi-

tionally, lack of construction knowledge among contractors, poor cooperation between

contractors and designers (such as lack of communication or inconsistencies on project

speci�cations), and contractor negligence can further worsen these issues [35].

Cracks and spalling pose a signi�cant risk to the structural integrity of concrete

elements and can result in rework costs, ranging from 6% to 12% of the total construc-

tion expenses [36]. Therefore, it is crucial to identify and address such defects early to

prevent further deterioration and additional costs. The review of literature will explore
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their de�nition, causes, and underlying mechanisms.

2.2.1 Cracking in Concrete: De�nition, Categorisation, and Causes

A crack is a complete or incomplete separation that appears on the surface, dividing

the concrete into separate parts. Cracks can occur due to various factors such as elastic

deformation, thermal movement, shrinkage, and overloading.

Elastic deformation occurs in concrete when subjected to stress, especially when

combined with materials that have di�erent elastic properties, for example concrete

and steel. The varying shear stresses where the materials meet can lead to cracks, as

the materials respond di�erently to the applied load due to their varying characteristics.

Fluctuation in temperature can cause concrete to expand and contract, resulting

in cracks. For instance, if a concrete slab heats up during the day and cools down at

night, it may crack if there is not enough space for it to expand and contract.

Shrinkage occurs as concrete dries and hardens, causing it to lose moisture and

contract (shrink). If this shrinkage is restricted (like if it is tightly packed against

another structure), it can lead to cracks. This is common in new concrete that has not

had enough time to cure properly.

Overloading occurs when a building is subjected to loads exceeding its designed load-

bearing capacity. Excessive weight can cause cracks, as the concrete and supporting

structures experience too much stress, leading to failure in those areas [37].

Figure 2.1: Thin concrete crack.
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Figure 2.2: Thick concrete crack.

Cracks can vary in shape, size, width, length, and depth. They may also di�er

in severity ranging from hairline cracks, thin cracks (shown in Figure 2.1) to large,

thick and noticeable cracks (shown in Figure 2.2) that a�ect the structural integrity.

These are the sub-images obtained from real-world images captured using ALICS. The

severity of a crack is evaluated based on its width [17].

Table 2.1 shows the classi�cation of cracks based on their widths. Thin cracks

are typically considered minor and do not signi�cantly a�ect the structural integrity.

Medium cracks indicate moderate distress and needs monitoring or minor repairs, while

wide cracks are serious and require immediate attention and possible remedial measures

[38].

Table 2.1: Classi�cation of Cracks based on width adapted from [38].

Classi�cation Crack width
Thin < 1mm

Medium 1mm to 2mm
Wide > 2mm

2.2.2 Spalling: De�nition, Categorisation, and Causes

Concrete spalling is a phenomenon where the surface layer of concrete breaks apart

and delaminates. An example of concrete spalling is shown in Figure 2.3. Table 2.2

summarises the key causes of concrete spalling.

There are three main types of spalling which occur in concrete [42]:
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Figure 2.3: Concrete spalling adapted from [39]. The image dimensions are 780� 440
pixels, and the scale is set at 1cm : 20 pixels.

ˆ Aggregate spalling: This occurs when the connection between the aggregate and

the concrete matrix is weakened, often due to freezing and thawing cycles, cor-

rosion, or chemical exposure. As a result, the coarse aggregate in the concrete

surface may be lost.

ˆ Corner spalling: This occurs at corners and edges of concrete surfaces, where

the concrete is more susceptible to stress and damage. Inadequate reinforcement

or a lack of proper waterproo�ng measures may result in water penetrating the

concrete and freezing, causing expansion and damage to the surface.

ˆ Explosive spalling: This kind of spalling arises as a result of high-stress conditions,

for example sudden impact, �re, or thermal shock. If the internal pressure in the

concrete exceeds its strength, pieces of the concrete break and chip o� from the

surface.

If left untreated, these types of spalling weaken the integrity of the structure by

reducing the load-bearing capacity of key elements such as beams and columns, posing

a signi�cant threat to its safety. To e�ectively identify cracking and spalling structural

health monitoring and various inspection techniques are used.
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Table 2.2: Causes of Concrete Spalling [40, 41].

Cause of Concrete
Spalling

Description

Corrosion of Reinforce-
ment Bars (Rebars)

Moisture and oxygen penetrate the concrete,
corroding the steel bars, which expand and push
the concrete apart.

Sulfate Attack Sulfate ions from soil or water react with hy-
drated compounds in concrete, forming expans-
ive products that create internal stress and lead
to surface damage.

Alkali-Silica Reaction
(ASR)

Alkali hydroxides in the concrete react with re-
active silica in certain aggregates, producing a
gel that swells and cracks the concrete.

Freeze-Thaw Cycles Water trapped in the concrete expands when
frozen, creating internal pressure that can crack
and degrade the surface.

Thermal Stress Rapid heating rates and the formation of water
vapour and gas pressure within the concrete can
cause spalling.

Inadequate Depth of Rein-
forcement Cover

Insu�cient concrete cover over reinforcement
can lead to exposure and spalling.

Low-Quality Concrete
Cover

Poor quality concrete cover fails to protect
the embedded reinforcement, leading to surface
damage and spalling.

Improperly Constructed
Joints

Faulty joints can allow water ingress and di�er-
ential movement, causing cracking and spalling.

Improper Water Content Incorrect water content can lead to weak con-
crete, making it prone to spalling.

Poor Compaction of Con-
crete

Insu�cient compaction leaves voids and weak-
nesses in the concrete, making it susceptible to
spalling.

Improper Installation
Practices

Lack of supervision, failure to vibrate the con-
crete, or carelessness during installation can lead
to spalling.

On-Site Actions by Person-
nel

Dislodging rebars or carelessly pouring concrete
can disrupt the integrity of the structure, lead-
ing to spalling.

Structural Parameters Factors such as hindered thermal expansion,
sharp corners, and inadequate reinforcement
cover can increase the likelihood of spalling.

High Applied Loads High loads can create stress and strain in the
concrete, making it more susceptible to spalling.
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2.3 Structural Health Monitoring and Crack detection in

Concrete

SHM involves continuously monitoring the physical and functional condition of struc-

ture over time to detect deterioration since the last inspection. With advancements in

sensing technologies and data processing techniques, SHM is capable of collecting data

on issues like concrete deterioration, steel rebar corrosion, concrete cover delamination,

spalling, de
ection or settlement, cracks, and changes in geometry. SHM plays a critical

role in extending the lifespan of structures and reducing the likelihood of catastrophic

failures by providing early warning signs of potential structural failures [43, 44, 45, 46].

Table 2.3 outlines several key SHM techniques to detect cracks. However, implementing

SHM poses several challenges [47, 48] as shown in Table 2.4.

Table 2.3: Studies on Structural Health Monitoring Techniques and Crack detection.

Method Description References

Signal-Based Methods Analyses signals from sensors

that measure vibrations, ac-

celerations, or strains using

signal processing techniques

to detect defects, including

crack identi�cation in civil

structures.

Bakhshi and

Tehran [49]

Curvature Mode Shape-

Based Techniques

Analyses changes in the

curvature of mode shapes

to identify damages, partic-

ularly cracks by observing

deviations from expected

patterns.

Wahab and Roeck

[50]
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Damping-Based Meth-

ods

Assesses changes in the damp-

ing characteristics to evaluate

the performance and detect

cracks in civil structures.

S�afak [51]

Vision-Based Monitor-

ing System

A cost-e�ective system for

capturing dynamic responses

of civil structures in real-time,

utilising consumer-grade cam-

eras to support health monit-

oring.

Fukuda [52]

Microwave Interfero-

meter for De
ection

Measurement

Uses a non-contact microwave

interferometer to measure de-


ections in vibrating stay

cables, aiding in the health

monitoring of cable-stayed

bridges.

Gentile [53]

Table 2.4: Challenges faced by SHM.

Challenge Description

Environmental

Factors

Variations in environmental conditions can alter the dy-

namic behaviour of structures, making it challenging to ac-

curately detect damage.

Data Inaccuracies Many damage detection techniques can exhibit inaccuracies,

especially in large-scale structures, due to high noise levels

and missing measurements.

Complexity of

Large Structures

Large structures often have complex behaviours and diverse

material properties, complicating the analysis and interpret-

ation of SHM data.
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Instrumentation

and Technology

Limitations

Existing SHM systems face challenges in instrumentation,

communication, signal processing, and data storage, which

can a�ect their reliability and e�ciency.

Anomalies in

Data

Abnormalities in data, such as missing observations and out-

liers, can hide the true condition of the structure, making

damage assessments more di�cult.

Figure 2.4 compares two sets of operations: one with SHM deployment and one

without. The quality of the structure is determined by its functional value and main-

tenance cost. When a system does not have SHM, its functional value is initially high

but decreases as it ages, which also results in increasing maintenance costs. In contrast,

when SHM is deployed, the functional value of the system keeps increasing as it ages

with a constant maintenance cost. This means that SHM deployment can enhance the

quality and service life of the structural system with standard or lower maintenance

costs. Without SHM, a decrease in functional value and an increase in maintenance

costs occurs as the structure ages [54].

Figure 2.4: Comparison of structures with and without SHM taken from [54].
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Regular inspections of concrete structures are essential for identifying damage, fa-

cilitating repairs, and ensuring safety while maintaining structural integrity. General

inspections are carried out every 1 to 2 years, depending on the age of the structure,

condition, and use. For example, the bridges in UK are inspected every 1 to 3 years

to ensure safety regarding cracks and structural integrity [55]. Principal inspections,

which are more detailed, occur approximately every 6 years and involve a thorough

examination of the structural elements [56]. There are various levels of inspection

ranging from regular inspection techniques to specialised inspections using equipment

such as robots, crawlers, drones, etc., which are further described in detail in the fol-

lowing subsections. Inspections are categorised as destructive, semi-destructive, and

non-destructive inspections.

Destructive inspections involve testing methods that result in damage to the struc-

ture or sample being evaluated. This approach is used to obtain accurate data on the

strength of the concrete and its failure characteristics. Common techniques include:

ˆ Load Testing: Applying a controlled load to a structure until failure to assess its

load-bearing capacity [57].

ˆ Core Sampling: Removing a cylindrical section of concrete for laboratory analysis,

which cannot be reused [57].

Semi-destructive inspection methods cause minor, localised damage to the structure

while still allowing for some usability of the tested area. These methods provide valuable

information about the properties of the material without signi�cantly compromising the

overall integrity.

ˆ Pull-O� Tests: Measuring the bond strength of surface treatments by pulling a

small area of the material [58].

ˆ localised Core Sampling: Extracting small samples from the structure that min-

imise impact on the surrounding concrete [59].

Non-destructive inspections (NDI) involve inspecting a structure to detect defects

without causing any damage. There are two key methods within NDI:
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ˆ Non-Destructive Testing (NDT), which identi�es defects [60], and

ˆ Non-Destructive Evaluation (NDE), which assesses the nature and signi�cance of

those defects [61].

Other methods include ultrasonic inspection, magnetic particle inspection, dye pen-

etrant inspection, eddy current inspection, acoustic emission monitoring, and ground

penetrating radar (GPR) [62].

One common technique is manual visual inspection, where trained inspectors exam-

ine surfaces for signs of wear, corrosion, or other visible defects. This involves physical

entry of the person into the �eld that needs to be inspected. The Bridge Inspec-

tion Certi�cation Scheme establishes a regulated framework with structured training

for inspectors to possess all the necessary skills and knowledge to conduct thorough

inspections, promoting safety and reliability in bridge maintenance [63].

The inspector conducts a visual assessment of the entire structure to identify de-

fects using tools such as rulers, microscopes, magnifying glasses, and cameras, without

causing any damage to the structure. The output of a manual visual inspection can

be presented in various formats (e.g. documented reports, drawings, or images). For

example, based on the severity, a scoring system is applied ranging from 1 (indicating

the best condition) to 5 (indicating the worst condition), re
ecting the extent of dam-

age in structures including bridges [56]. Table 2.5 below provides a detailed overview

of these scores.

Table 2.5: Severity Scores in Bridges.

Score Description Condition Impact
1-2 Minor defects Structure in good

condition
Minimal impact

3 Moderate defects Structure in fair
condition

Potential impact

4 Severe defects Structure in poor
condition

Signi�cant im-
pact

5 Critical defects Structure in very
poor condition

Unsafe

Virtually all structures are manually inspected and this is ultimate method of as-
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sessment. The problem is that it is expensive and di�cult with large infrastructures.

Hence the `shortcut' methods of SHM etc. Also, these manual inspections often su�er

from high error rates, particularly in large-scale infrastructure inspections. These errors

occur due to several reasons, including task, environmental, individual, organizational,

and social factors, as shown in the Table 2.6 and adapted from [64].

Task refers to the characteristics of the inspection process itself, which a�ect how

easily defects can be identi�ed. Environmental factors involve external conditions like

lighting, temperature, and noise, that can either enhance or slow down the ability of in-

spector to identify defects accurately. Individual factors relate to personal attributes of

the inspector, such as experience, intelligence, and fatigue, that a�ect the performance

of the inspector. Organizational factors includes the support and resources provided by

the organization, such as management, training, and feedback, which are essential for

e�ective inspections. Lastly, social factors involve interactions like communication, con-

sultation, and social pressure, which can impact inspection outcomes either positively

or negatively.

The factors have been reviewed based on practical understanding and experience

of the author of this thesis and are categorised into two groups: acceptable (those that

strongly in
uence inspection performance) and non-acceptable (those with minimal

impact or considered less relevant).

Table 2.6: Evaluation of factors impacting the performance of inspection: Acceptable
and non-acceptable factors.

Factor Category Acceptable? Explanation

Number of De-

fects

Task Yes As number of defects increases, the

di�culty of inspection and the like-

lihood of missing defects increases.
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Factor Category Acceptable? Explanation

Defect Type Task Yes Di�erent types of defects vary in dif-

�culty; wider cracks are relatively

easy to identify, while �ner defects,

such as hairline cracks or thin cracks

near to edges, require closer and

more detailed inspection.

Size of the defect Task Yes Clearly visible defects are easier to

detect, but subtle ones such as hair-

line cracks require more focused in-

spection.

Defect Location Task Yes It is di�cult to identify defects in

hard-to-reach or hidden areas dur-

ing manual inspections.

Pacing of inspec-

tions

Task Yes The speed of inspections a�ects the

performance; rushing can lead to

misclassi�cations, while going too

slowly reduces e�ciency.

Multiple Inspec-

tions

Task Yes Conducting multiple inspections

can catch more defects, but too

many inspections can lead to

fatigue.

Overhead Data Task Yes Additional data can aid inspections,

but excessive information may be

distracting.

Sex Individual No Sex may in
uence physical abilities

or communication styles, but it is

not a major factor that impacts in-

spection performance.
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Factor Category Acceptable? Explanation

Age Individual Yes Age a�ects visual acuity and stam-

ina, which further impacts inspec-

tion performance.

Visual Acuity Individual Yes Good eyesight is crucial for detect-

ing small defects.

Intelligence Individual No A trained inspector is more e�ective

in detecting defects, independent of

their intelligence level.

Aptitude Individual Yes Natural ability to notice details and

perform technical tasks enhances in-

spection performance.

Duration of

Work/Day

Individual Yes More time in the role increases fa-

miliarity with common issues, im-

proving inspection skills.

Experience Individual Yes Experienced inspectors are better

at identifying defects and managing

complex situations based on past ex-

periences.

Visual Lobe Individual Yes A larger �eld of vision helps in see-

ing more at once, improving inspec-

tion e�ciency.

Scanning

Strategy

Individual Yes A systematic scanning approach

helps ensure that defects are not

missed.
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Factor Category Acceptable? Explanation

Biases Individual Yes Cognitive biases can a�ect judge-

ment and lead to missed defects.

For example, if an inspector has re-

cently encountered a particular type

of defect, they may expect to �nd it

again, potentially diverting their at-

tention from recognising other types

of defects.

Lighting Environmental Yes Proper lighting is essential for de-

tecting defects clearly; poor light-

ing can misclassify or miss defects

in concrete structures.

Noise Environmental Yes Excessive noise can be distracting

and reduce focus during inspections.

Shift Duration Environmental Yes Long shifts can cause fatigue, a�ect-

ing attention and increasing the risk

of missing defects.

Temperature Environmental Yes Extreme temperatures can impact

comfort and focus during inspec-

tions.

25



Chapter 2. Concrete inspection techniques and structural health monitoring

Factor Category Acceptable? Explanation

Time of Day Environmental Yes Performance can vary with the time

of day due to natural alertness

levels. Its very di�cult to carry out

inspections in dark or low-light en-

vironment. Infrastructures like tun-

nels must be closed at night for

inspections. During these inspec-

tions, inspectors use head torches

to identify cracks in the harsh, low-

light conditions. This can reduce

visibility and lead to fatigue, in-

creasing the risk of missing defects

[65].

Management

Support

Organizational Yes Support from management provides

necessary resources and motivation,

leading to better performance.

Training Organizational Yes Proper training helps inspectors un-

derstand procedures and standards,

leading to more accurate detection.

Retraining Organizational Yes Ongoing retraining helps inspect-

ors stay updated with current tech-

niques and standards.

Instructions Organizational Yes Clear instructions help inspectors

know what to look for, reducing con-

fusion and errors.

Feed-forward In-

formation

Organizational Yes Providing information about poten-

tial issues before inspections helps

inspectors concentrate on critical

areas.
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Factor Category Acceptable? Explanation

Feedback Organizational Yes Regular feedback helps inspectors

learn from their mistakes and im-

prove performance.

Incentives Organizational Yes Incentives can motivate better per-

formance.

Job Rotation Organizational Yes Rotating jobs prevents boredom and

fatigue, keeping inspectors more en-

gaged and alert.

Isolation Social Partially Ac-

cepted

Isolation can improve focus, but too

much alone time can reduce motiv-

ation and collaboration with others.

Collaboration Social Yes Collaborating with colleagues or ex-

perts improves decision-making and

accuracy in inspections.

Communications Social Yes E�ective communication ensures in-

spectors have all the necessary

information and understand their

tasks, reducing mistakes.

Inspection techniques are quite expensive, which can limit their accessibility and

usability. For example, the visual inspections of the Brooklyn Bridge in New York cost

about 1 million USD. Studies have shown that roughly 56% of the condition ratings

of concrete bridges are inaccurately assessed, and 95% of the data is based on visual

inspection. This is because inspecting all the bridge components, especially the under-

side, over a river or stream is challenging [66]. In [67], the consistency of 21 inspection

teams was compared across four bridges. The study highlighted signi�cant variations

in how inspectors detected concrete cracks and revealed that some experienced in-

spectors missed cracks due to varying weather and tra�c conditions. Therefore, it

emphasises the need to improve the consistency in reporting and detection of issues
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like cracking. Furthermore, manual inspection techniques tend to be time-consuming

and labour-intensive, which can lead to delays in identifying and addressing structural

issues promptly [68, 69]. Therefore, there is need to explore alternative approaches

that can overcome these limitations and deliver more e�ective and e�cient inspection

results [70].

Some inspection tasks are hard for humans to do because they are in places that are

di�cult to reach, like tight spaces inside air-conditioning ducts, water-�lled pipelines,

o�shore structures, or small gaps in walls. Some tasks are also dangerous for people,

such as inspecting tall structures, areas hit by natural disasters, or bridges. This high-

lights the need for semi-autonomous inspection techniques that involve autonomous

vehicle control with human review of data. In these inspection techniques, vehicles

such as robots, drones, ground vehicles, or climbers, equipped with cameras or any im-

age capturing device, operate independently while inspectors analyse the collected data

to detect defects. Di�erent types of robots that move in various ways have been used

to inspect buildings. Examples include unmanned aerial vehicles (UAVs), unmanned

ground vehicles (UGVs), marine robots, wall-climbing robots, and cable-crawling ro-

bots.

Semi-autonomous inspection is a hybrid between manual and automated inspection

techniques. It utilises robotic or automated systems to collect data, while still involving

humans for data analysis. They are capable of performing inspections more quicker than

manual inspection techniques and also capable of accessing hard-to-reach places more

easily. While these inspection techniques often struggle to carry out inspections in low-

light conditions, leading to noisy data and increased risk of false positives or missed

defects [71]. They have di�culty in detecting sub-surface defects, such as hairline cracks

[72]. Also, the success of inspections often relies on the experience and judgement of

the operator, which can lead to inconsistencies in identifying defects [73]. Given these

limitations, there is an increasing need for a fully automated inspection processes that

leverage advanced algorithms for accurate defect classi�cation, particularly in low-light

or dark environments, reducing dependence on human decision-making.
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2.4 Summary

Concrete, a widely used material in many industries, presents challenges such as crack-

ing, and spalling that a�ect structural integrity of concrete structures. To ensure the

health and safety of concrete structures, e�ective monitoring and inspection are essen-

tial. Traditional manual visual inspections, are often expensive, time-consuming, and

inconsistent. Semi-autonomous inspection techniques, which still rely partially on hu-

man decision, also face limitations, particularly in varying lighting conditions, low light

conditions, and rely on the experience and e�ciency of the inspector inspecting the

�eld. Therefore, there is an increasing need for automated inspection processes that

leverage advanced algorithms for accurate defect classi�cation, especially in challenging

lighting conditions, while minimising reliance on inspector decision. Automated visual

inspection is explored in detail in the next chapter.
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Automated Visual Inspection

Techniques and Deep learning

This chapter explores the state-of-the-art in automated visual inspection (AVI) tech-

niques with a focus on crack and spalling detection in low-light environments for Civil

Engineering infrastructure. It includes the details of AVI techniques, as well as machine

learning and deep learning models commonly utilised in the Civil Engineering sector.

3.1 Introduction

Automated visual inspections (AVI) have become increasingly popular amongst Civil

Engineering practitioners [74] due to the limitations in traditional inspection methods

(discussed in Chapter 2). AVI o�ers several bene�ts such as reduced costs, minimal

disruptions, and lower risk, as highlighted in [75].

Considerable progress has been made in the last two decades, establishing frame-

works for inspecting defects in various types of Civil infrastructure, such as bridges,

roads, tunnels, and general facilities using various robots. The use of robots for inspec-

tion provides a safer alternative to manual inspection. Automated robotic inspection

improves the frequency of inspections and reduces bias in error detection. Robots in-

clude UAVs, UGVs, marine vehicles, microbots, wall-climbing robots, cable-suspended

robots, cable-crawling robots and legged robots. Most common type of inspection ro-
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bots are UAVs and UGVs [76]. Robotic inspection technologies combined with deep

learning have been in use for inspecting the built environment for at least the last

decade [77].

Computer vision is an interdisciplinary area that enables machines to analyse di-

gital images and videos, thereby improving their capacity to recognise features and pat-

terns using visual information [18]. Deep learning models, particularly those leveraging

CNNs, have transformed the �eld of computer vision [78, 79]. While image processing

enables tasks such as image classi�cation and object detection, deep learning further

enhances these capabilities, making a signi�cant impact on industrial production [80].

The e�ectiveness of deep learning depends on the availability of large amounts of data,

powerful computing resources, specialised training methods, and advanced networks

that enable it to perform tasks intelligently and e�ciently [18]. An important area of

applications and further development within image classi�cation and segmentation is

the detection of structural defects on Civil infrastructure [18].

Figure 3.1: Computer vision pipeline designed for the manual or automated inspection
of Civil infrastructure modi�ed after [81].

A typical computer-vision-based inspection pipeline for manual or automated in-

spection of civil infrastructure is shown in Figure 3.1. It comprises of �ve processes:

Acquisition, Detection, Measurement, Assessment, and Decision [81]. The process be-
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gins with the acquisition phase, where images or videos of Civil infrastructure are cap-

tured using various devices, such as cameras mounted on drones, vehicles, or handheld

devices. Once the images are obtained, the detection phase uses algorithms to identify

potential cracks or defects, employing either traditional inspection or advanced ma-

chine learning methods. After detecting a defect, the measurement phase calculates

important details such as the location, width, and depth of the crack. This is fol-

lowed by the assessment phase, where the severity of the detected cracks is evaluated

to determine their potential impact on the infrastructure. Based on this evaluation,

decisions are made regarding the necessary maintenance or repairs to ensure the safety

of the infrastructure.

3.2 Automated Crack Detection

Automated crack analysis can be categorised into three main types: detection, clas-

si�cation, and segmentation. Detection identi�es the speci�c locations where cracks

are present within the image [82]. Classi�cation involves determining whether or not a

crack exists in the image [83]. Segmentation provides a more detailed analysis by high-

lighting the exact crack pixels in that image [84]. Figure 3.2 provides an illustration of

this.

Automatic crack detection in concrete structures can be separated into two main

approaches: white-box and black-box techniques [75]. The former uses algorithms such

as edge detectors and thresholding [85], whereas the latter employs machine learning

and arti�cial neural networks [86]. Both methods have unique bene�ts that depend

on the application. Black-box methods tend to be more e�ective for detecting cracks

initially, while white-box methods are better for detailed, pixel-level segmentation [87].

Black-box methods that employ neural network-based defect detection algorithms

typically consist of two main stages: feature extraction and classi�cation. Image pro-

cessing techniques are �rst used to extract relevant features from crack images, which

are then analysed by classi�ers. However, if the extracted features do not accurately

represent the cracks, the performance of the classi�er can be compromised.
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Figure 3.2: Image classi�cation, object detection, and segmentation examples of con-
crete crack detection.
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Deep learning techniques, particularly convolutional neural networks (CNNs), have

improved traditional manual inspections by automatically extracting relevant features

and showing better performance in crack detection [88]. For example, cracks on pave-

ment surfaces [89], cracks in bridges [90], cracks in pavement structures [91], and pixel-

level cracks in concrete structures [92] can be automatically detected. Black-box models

are particularly e�ective at detecting complex patterns in images, enabling tasks such

as classi�cation and detection. They learn from vast amounts of training data and can

then apply this knowledge to new, unseen data [93].

Machine learning algorithms consist of various methods that enable models to learn

from data and make predictions, and they can be classi�ed into four main types: Super-

vised Learning, Semi-Supervised Learning, Unsupervised Learning, and Reinforcement

Learning. Supervised learning involves training a model on labelled data, where the

input-output pairs are known, allowing the model to learn. Semi-supervised learning

combines both labelled and unlabelled data, taking advantage of the large amounts

of unlabelled data to improve accuracy of prediction beyond what can be achieved

with labelled data alone. Unsupervised learning focuses on analysing unlabelled data

to �nd patterns, structures, or groupings without human intervention, making it use-

ful for tasks like clustering, dimensionality reduction, and anomaly detection. Lastly,

reinforcement learning makes decisions based on rewards or penalties, which helps to

optimise its behaviour over time [94].

Black-box algorithms o�er several key advantages. They are highly scalable, cap-

able of handling large and dynamic datasets, and perform well on new and unseen

data. Their performance improves over time as more data become available provided

that the model is periodically retrained or updated with new data. These models can

handle binary tasks, such as binary image classi�cation (classi�es an image into one

of two classes), and more complex tasks, like multi-class image classi�cation (classi-

�es an image into one of three or more classes). Once trained, they require minimum

human involvement in decision-making to complete tasks, making them e�cient and

autonomous [93]. They are particularly e�ective in speci�c tasks such as detection,

classi�cation, and segmentation, which are explained in detail below.
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3.2.1 Object Recognition (Crack Detection)

Crack detection is aimed at identifying cracked areas and highlight these using bound-

ing boxes as shown in Figure 3.2. In the �eld of computer vision, several architectural

families are commonly used for object recognition (OR), including region-based convo-

lutional neural networks (R-CNN) [95], You Only Look Once (YOLO) [96], and Single

Shot Detector (SSD) [97]. Among these, R-CNN architectures have been the most

widely utilised for crack detection. R-CNN, Fast R-CNN, Faster R-CNN are members

of this family, with Faster R-CNN [96] being the most popular choice in the �eld of

crack detection.

In [95], the authors presented the �rst automated crack detection method using

UAVs, deep learning, and high-resolution imaging. They utilised selective search with

a pre-trained CNN from the ImageNet dataset. Through transfer learning, they �ne-

tuned a region-based CNN i.e, R-CNN using 384 manually labelled crack images (3-

channel i.e., RGB), allowing the system to identify and locate cracks on concrete sur-

faces. But the approach has faced several limitations, especially when it was tested

to detect hairline cracks under challenging environmental conditions such as shadows,

uneven lighting on dark background or dirty concrete surfaces. These issues reduced

the visibility of cracks increasing false negatives. Therefore, due to lighting conditions

there was a negative e�ect on the quality of images and in the detection of cracks in

concrete structures.

[96] focused on object detection in poor lighting conditions using YOLO and Faster

RCNN deep learning models. The images were categorised based on lighting types

such as Low, Ambient, Weak, Object, and Single to analyse their impact on object

detection. However, low-light settings led to loss of key features, and consequently

decreased detection accuracy and an increase in false positives and false negatives.

[97] introduced a large-scale road damage dataset of 9053 annotated images with

15435 instances of eight damage types (based on type of cracks such as linear cracks and

alligator cracks, corruptions such as potholes and rutting, along with road damages such

as blurring of white lines) captured using a smartphone mounted on a passenger car, and
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applied the Single Shot MultiBox Detector with InceptionV2 and MobileNet backbones.

The cost-e�ective image capturing process relied on semi-automated system, with a

human driver operating the vehicle. The low-light conditions remained a challenge,

particularly in distinguishing cracks from shadows, and re
ections. As a result, if an

image was a�ected by shadows, re
ections, or blur, it could not be recaptured, since

the image acquisition phase is separate from the image processing stage.

[98] developed a modi�ed faster region-based convolution neural network to detect

concrete cracks and handwriting scripts in real-world bridge inspection images. By

labelling handwriting as a separate object class, the study improved crack detection

accuracy in complex backgrounds. As with the previous cases presented above, this

network also struggled to classify cracks under poor lighting conditions.

[99] explored low-light object detection by comparing various image enhancement al-

gorithms such as, ResNet-based CycleGAN and U-Net based CycleGAN models. These

adaptive image enhancement models also faced limitations in accurately detecting ob-

jects under low-light conditions, leading to lower detection performance.

Also, [100] proposed an automated damage detection algorithm for detecting defects

such as, cracks, spalling, rebar exposure, spot in concrete structures using E�cientNet

and MobileNetV3 architectures. While the improved model demonstrated strong per-

formance under uniform lighting conditions, its accuracy declined signi�cantly when

evaluated under varying lighting conditions. Additionally, the model was not robust

enough in detecting defects when tested against complex backgrounds.

Even the most recent deep learning algorithms used in crack detection, e.g. Mobile-

NetV3, exhibit reduced performance when the lighting conditions are less than optimal.

This does not come as a surprise, as poor illumination introduces noise, lowers con-

trast, and can obstruct critical features such as cracks, spots, or spalling. As a result,

feature extraction becomes less reliable, reducing the accuracy of defect detection. If

deep learning algorithms are to become the main tool for crack detection and replace

manual inspections, they need to be able to perform even under unfavourable light

conditions, and/or complex backgrounds.
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3.2.2 Image Classi�cation (Crack Classi�cation)

Image classi�cation makes decisions at the image or image patch level, where the trained

architecture determines whether the new input contains a crack or not, as shown in

Figure 3.2. The overall architecture consists of two parts: (1) extraction of features

from raw RGB images layer by layer, utilising successive convolutional and max-pooling

layers, where convolutional layers help in identifying local patterns such as edges and

textures and max-pooling layers downsamples the spatial dimensions of the feature

maps, (2) fully connected layers are used to classify the features into speci�c categories

(cracked or not cracked) [101].

An early CNN-based crack detection study [83], demonstrated the potential of deep

learning for concrete inspections for binary crack classi�cation tasks. However, their

approach involved manually capturing images without automated platforms, such as

robots or drones, and required labour-intensive manual cropping of training patches.

This resulted in limited scalability for large-scale structural inspections. Further, the

detector exhibited poor performance on concrete images with stains, where it frequently

misclassi�ed stains as cracks or failed to detect cracks near chalk letters.

Light conditions remains a factor that a�ects performance not only for crack de-

tection but also for crack classi�cation. [91] investigated the e�ect of network depth

on crack classi�cation, concluding that deeper networks are capable of learning more

information i.e., the deeper the networks are, the more it learns about detecting cracks.

The study also found that networks trained on images from a speci�c location do

not perform well when tested on images from a di�erent location. Images were cap-

tured either manually or semi-automatically using smartphones, under ambient lighting

conditions, leading to performance degradation (85.6% precision) due to variations in

lighting across di�erent locations.

[102] developed a novel method for automatic pavement crack detection and classi-

�cation, utilising a CNN to detect cracks and principal component analysis to classify

them into longitudinal, transverse, and alligator cracks. The study found that pave-

ment images obtained outdoors have large illumination variations that can introduce
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challenges in classifying cracks from the background and no speci�c techniques were

proposed to address this drawback.

[87] compared a AlexNet deep convolutional neural network model with edge de-

tectors for image-based crack classi�cation in concrete. The results were obtained

using high-quality images taken under good lighting conditions, free from other envir-

onmental factors. The extension of these �ndings to real-world scenarios, where lighting

conditions may be poor or uneven, is limited.

[103] conducted a comparative study between fully trained and transfer learning

modes using an AlexNet-based deep learning convolutional neural network for crack

classi�cation tasks in small Unmanned Aerial Systems (sUAS)-assisted structural in-

spections of concrete bridge decks and buildings. The study highlights the need for

improved handling of poor lighting conditions, as along with image blurriness from

sUAS vibrations and low-resolution cameras, as they can negatively impact crack clas-

si�cation accuracy, potentially misleading both human inspectors and conventional

image-processing methods.

[104] proposed a CNN architecture for patch-based crack detection in black box

images, classifying road surface elements into three categories: crack, road marking,

and intact regions. However, the study highlights that image-processing techniques for

crack detection, including the proposed CNN, may not perform well under low lighting

conditions, which can lead to inaccuracies and misclassi�cations due to reduced contrast

and visibility of cracks.

All the studies mentioned above refer to crack detection and classi�cation on con-

crete surfaces. There are very few studies for detecting and classifying spalling in

concrete. [105] has developed three Mask R-CNNs to detect cracks and spalling in con-

crete structures. A more recent study by [106] proposed an encoder-decoder-based deep

architecture for detecting and classifying the severity level of spalling. [107] combined

advanced image processing techniques, including entropy-based segmentation and noise

�ltering, with machine learning models to accurately classify the spalling damage into

severity levels based on area and depth. [108] proposed an automated method for de-

tecting concrete spalling using a piecewise linear stochastic gradient descent logistic
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regression model combined with image texture analysis. This method extracts texture

features from concrete surface images to classify the image as image samples as spall or

no spall under well-lit conditions. To date, no studies have addressed the identi�cation

of spalling under low-light conditions.

3.2.3 Semantic Segmentation (Crack Segmentation)

If the classi�cation is performed at the pixel-level i.e., every pixel in an image is labelled

with a class then it is known as Semantic Segmentation [109]. The output of any

semantic segmentation framework is the input image where crack pixels are highlighted

in a di�erent colour, usually white, making them distinguishable from the background

pixels, as shown in Figure 3.2. The image processing techniques (IPTs) are applied

independently or in combination with object recognition and image classi�cation.

[84] proposed an e�ective framework (GoogLeNet, ResNet + IPTs) for crack detec-

tion and width measurement to automatically extract and localise cracks from concrete

images. Various image processing techniques, such as Otsu's thresholding, median �l-

tering, and the Hessian matrix, were then applied to eliminate illumination e�ects and

produce a segmented crack image. The study highlights that illumination plays a cru-

cial role in crack detection accuracy, as variations in lighting can signi�cantly impact

crack visibility, feature extraction, and segmentation quality.

In [110], transfer learning-based deep CNN was utilised to identify crack patches.

Fast block-wise segmentation was employed to create crack masks and improve crack

localisation. However, the study highlights that non-uniform lighting can pose chal-

lenges in crack segmentation, leading to misclassi�cation of cracks and sealed cracks,

particularly when their intensities and widths are similar.

[111] presents a robust, fully automated hybrid method for concrete crack detection,

segmentation, and quanti�cation under complex backgrounds and varying lighting con-

ditions leveraging Faster R-CNN, modi�ed Tubularity Flow Field (TuFF) with CLAHE,

and modi�ed DTM. The study used Faster R-CNN algorithm to detect crack regions,

which are then localised using bounding boxes. A modi�ed TuFF algorithm is applied

to segment the crack pixels within the detected regions. To measure crack thickness and
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length, a modi�ed DTM is used, providing precise pixel-level measurements. The study

also highlights that variations in illumination can impact accuracy of segmentation.

In [112], AlexNet was developed to classify image patches into crack, sealed crack,

and background classes. A Fully connected network was then applied for pixel-level

crack segmentation. In [113], a Sobel-edge adaptive sliding window was proposed for

e�cient crack patch extraction. Non-maximum suppression was applied to retain im-

portant patches. The study highlights that these algorithms did not perform well under

di�erent lighting conditions.

Existing literature highlights that most studies face signi�cant challenges in de-

tecting defects under low-light conditions. Although numerous image enhancement

algorithms have been developed, they frequently fail to perform reliably in such envir-

onments due to the inherently poor quality of the captured images [114]. Moreover,

these approaches typically train neural network models using standard three-channel

RGB images [97, 115] or single-channel gray scale images only [102]. As a result, the

potential bene�ts of leveraging advanced lighting techniques or utilisation of additional

information that these lighting techniques can provide still remains unexplored in cur-

rent defect detection frameworks.

Furthermore, as shown in [97], when images captured in the �eld are later found

to su�er from issues such as re
ections, blur, or noise, they cannot be corrected dur-

ing post-processing stage, and remained as drawback. This is primarily because the

image acquisition and image processing phases are carried out separately. In scenarios

where inspections take place in hazardous or hard-to-access environments such as in

nuclear sectors, returning to the �eld to recapture images is not feasible. Therefore,

there is a critical need to develop an on-board, image-quality-based algorithm capable

of detecting and recapturing low-quality, blurred, noisy, or degraded images in real

time during the image acquisition stage. This underscores the need for advanced pre-

processing techniques, advanced lighting techniques to enhance detection performance

under challenging lighting conditions.
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3.3 Model Architecture and Optimization Techniques

In this section, the two most commonly identi�ed model architectures in crack detec-

tion are presented in more detail. These are the VGG16 and the MobileNetV2 neural

network models. Although these models were developed in 2015 [116] and 2018 [117],

respectively, VGG16 is still one of the most used network backbones for object classi�c-

ation and detection models [118] and MobileNetV2 is the light weight neural network

model suitable for real-world crack detection and classi�cation applications because

of its computational e�ciency [119, 120]. VGG-16 and its similar, VGG-19 are still

commonly used as the benchmark for comparative analysis amongst other, newer deep

image models [121]; and have been found to outperform other models used in crack

detection such as ResNet-50, and Inception V3 [18].

3.3.1 VGG16 neural network model

The VGG16 deep convolutional neural network, developed by the Visual Geometry

Group, is widely used for crack classi�cation and it was shown to achieve high accuracy

and e�ciency when using pretrained weights from ImageNet [121, 122]. It leverages

transfer learning to perform robustly on small datasets [121], making it suitable for the

image classi�cation task such as those presented later in this thesis. Choosing a neural

network that is widely understood and extensively employed in the Civil Engineering

industry for crack detection was preferred over experimenting with newer or state-of-

the-art models.

The VGG-16 architecture consists of 16 layers, including 13 convolutional layers

and 3 fully connected layers. It accepts an input image of size 224Ö224Ö3 (height,

width, channels). The convolutional layers use small 3Ö3 �lters with a stride of 1

and same padding to preserve spatial resolution, while max-pooling layers follow each

convolutional block with 2Ö2 �lters and a stride of 2 to reduce dimensionality.

The network consists �ve sequential blocks. The �rst two blocks each contain two

convolutional layers with 64 and 128 �lters, respectively, followed by a max-pooling

layer. The third block has three convolutional layers with 256 �lters, followed by
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pooling. The fourth and �fth blocks each contain three convolutional layers with 512

�lters and are also followed by pooling layers. After these feature extraction layers, the

architecture includes three fully connected layers, the �rst two have 4096 units with

ReLU activation, and the �nal layer has 1000 units with a sigmoid or softmax activation

for classi�cation.

Utilising a widely adopted model that has proven to be successful in crack detection

and classi�cation tasks, ensures compatibility with existing practices in the �eld [122,

123, 124]. The focus was to improve crack inspections in concrete structures and further

existing technologies in Civil Engineering using directional lighting. Segmentation-

focused models like UNet, which are used for pixel-level crack segmentation tasks [125]

were not utilised at this stage of work as the focus is on image-level crack classi�cation

(crack and no-crack) tasks. For these reasons, no attempt was made to utilise a di�erent

CNN.

Zoubir et al., developed an e�cient and automated method for detecting defects in

concrete bridges such as cracks, e�orescence, and spalling using VGG-16 and transfer

learning [126]. To overcome the challenge of limited training data, the study employed

transfer learning by �ne-tuning di�erent layers of the pre-trained VGG16 model. Three

training con�gurations were compared: (a) retraining only the classi�cation layers, (b)

retraining the classi�cation layers and the last convolutional layer, and (c) retraining

the classi�cation layers along with the last two convolutional layers. Among these,

con�guration (c) achieved the best results with high accuracy and F1 scores across all

defect types. Therefore, the model developed in this study sets a strong benchmark for

concrete defect classi�cation tasks.

3.3.2 MobileNetV2 neural network model

MobileNetV2, a lightweight convolutional neural network that has been proven e�ective

for crack detection in Civil infrastructure, o�ering signi�cant advantages for resource-

constrained environments [117]. Its architecture, utilising inverted residual blocks,

depthwise separable convolutions, and linear bottlenecks, reduces computational com-

plexity by approximately 5.2 times compared to MobileNetV1, enabling deployment
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on mobile and embedded devices for real-time inspection of concrete structures, pave-

ments, and bridges.

MobileNetV2-based CNNs have a smaller size and better computational e�ciency

without sacri�cing performance [127]. It has a widespread use in civil engineering

applications with high success rate in detecting and classifying cracks in concrete

structures[128]. The light weight of the MobileNetV2 architecture combined with its

low computational cost and fast processing speed, make it suitable for real-time ap-

plications where images are captured using handheld devices, as described in Chapter

4 [119].

MobileNetV1 was developed based on the VGG architecture, and incorporated con-

volutional layers to enhance accuracy. However, adding more layers led to gradient van-

ishing issues, where the network struggles to learn e�ectively as explained in [129]. To

address this, ResNet (Residual Network) introduced the residual block, which enhances

information 
ow by incorporating skip connections. These connections allow the input

from one layer to bypass one or more intermediate layers and be added directly to the

output of a later layer. This design allows easier gradient 
ow during backpropagation,

enabling the e�ective training of deep neural networks [130].

MobileNetV2 improved upon MobileNetV1 by incorporating residual structure of

ResNet and adding a linear bottleneck implementation. The linear bottleneck reduces

computational complexity by simplifying convolution calculations, improving e�ciency.

Additionally, MobileNetV2 uses depth-wise separable convolutions, which split the con-

volution into depth-wise and point-wise operations, reducing parameters and computa-

tional cost. The inverted residual block in MobileNetV2 allows for better information


ow and gradient propagation, improving e�ectiveness of training. These help in im-

proving the performance of MobileNetV2, exceeding the performance of MobileNetV1

in both accuracy and e�ciency (Figure 3.3 and Table 3.1 [130]).

One way to transform features from N channels to M channels is by using a block

with a speci�ed stride (s) and expansion factor (t). Stride (s) refers to the number of

pixels by which the �lter moves across the input image during convolution. Expan-

sion factor (t) indicates the ratio of the number of input channels to the number of
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Table 3.1: Bottleneck of MobileNetV2 [130].

Input Operator Output
HxWxN 1x1 conv2d, ReLU6 HxWxtN
HxWxtN 3x3 dwise s=s, ReLU6 H/s x W/s x tN

H/s x W/s x tN linear 1x1 conv2d H/s x W/s x M

output channels in a layer, thereby controlling the width of the network. This block

with speci�ed s and t includes a 1Ö1 convolutional layer followed by the depth-wise

convolutional layer, with linear activation instead of non-linear activation, after the

point-wise convolutional layer. Down-sampling can be achieved by adjusting the para-

meter 's' in the depth-wise convolutional layer [130]. MobileNetV2 utilises convolutions

and average pooling for processing the input data, with speci�c con�gurations denoted

by parameters such as c (number of output channels) and n (number of repetitions).

The overall network structure of MobileNetV2 is shown in Table 3.2 [130].

Figure 3.3: Inverted Residual Linear Bottleneck [130].

MobileNetV2 is a network architecture with 19 layers, designed for feature extrac-

tion and classi�cation. The conventional MobileNetV2 model is shown in Figure 3.4.
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Figure 3.4: Architecture of the traditional three-channel MobileNetV2 model.
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Table 3.2: The Overall Network Structure of MobileNetV2 taken from [130].

Input Shape Operator t c n s
224 x 224 x 3 conv2d - 32 1 2
112 x 112 x 32 bottleneck 1 16 1 1
112 x 112 x 16 bottleneck 6 24 2 2
56 x 56 x 24 bottleneck 6 32 3 2
28 x 28 x 32 bottleneck 6 64 4 2
14 x 14 x 64 bottleneck 6 96 3 1
14 x 14 x 96 bottleneck 6 160 3 2
7 x 7 x 160 bottleneck 6 320 1 1
7 x 7 x 320 conv2d 1 x 1 - 1280 1 1
7 x 7 x 1280 avgpool 7 x 7 - - 1 -
1 x 1 x 1280 conv2d 1 x 1 - k -

3.3.3 Strati�ed k-fold cross-validation

A strati�ed k-fold cross-validation (SKCV) shown in Figure 3.5 is utilised in this re-

search. The k value is typically chosen as �ve or ten for balancing variance and bias

[131, 132]. SKCV divides the entire dataset into 'k' equal-sized subsets, or "folds,"

ensuring that each fold contains nearly same percentage of samples from both ma-

jority and minority classes, unlike k-fold cross validation. The process consists of 'k'

iterations, each using 'k-1' folds for training the model and one fold for testing the

performance of the model [132, 133, 134].

3.3.4 Hyperparameter tuning and Regularization

Hyperparameter tuning refers to the process of optimising the hyperparameters of a

machine learning model to improve its performance. They are settings that are external

to the model and cannot be learned from the data, for example batch size, and learning

rate. Batch size determines the number of samples processed before updating the

model, and learning rate controls the step size during optimisation [135]. The goal of

hyperparameter tuning is to �nd the best combination of these parameters that results

in the most accurate and e�cient model for a given dataset [136].

Over�tting in machine learning refers to a situation where a model �ts the training

data too closely, resulting in poor generalisation to new, unseen data [137]. Regulariz-
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Figure 3.5: Strati�ed �ve-fold cross-validation: The gray boxes represent the folds used
for testing the model, while the plain boxes represent the folds used for training the
model.

ation techniques are used to prevent over�tting by adding a penalty term to the loss

function of the model [136]. Early stopping is one such method, as it stops the training

process before the model becomes too complex and starts to over�t the training data.

By tracking accuracy on the validation set helps in �nding the optimal hyperparameter

values without over�tting. This strategy ensures a higher level of generalisation and

helps in reducing bias while increasing variance, ultimately improving the performance

of the model. This approach reduces training time and once training stops, the model

with the best validation performance is selected for use [138].

3.4 Image Quality Assessment and Automated Visual In-

spections

For major civil and construction assets, semi-autonomous or remote inspections are

sometimes carried out with UAVs or wholesale robotic platforms �t with inspection

equipment, as reviewed in [139, 140, 141]. In the majority of the reported literature, the
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process of capturing images is typically conducted separately from the crack detection

phase [142]. In an industrial setting, this would mean that any errors or inaccuracies

occurring during image capture, such as improper lighting, could not be corrected or

adjusted on-site [7]. An automated image quality assessment method in real time allows

for the optional 're-take' of the image and the replacement of the original low quality

image with another one of higher quality. This not only reduces the time required for

inspection but also enhances the e�ectiveness of the defect detection algorithms.

Several factors a�ect the quality of an image when captured using a camera, in-

cluding lighting conditions, camera settings, motion blur, lens distortion, and noise

[7, 8]. Since it is uncertain whether a captured image will be natural, noisy, blurry, or

distorted in any other way, assigning a score based on the image quality can help in

determining the suitability of the image for training or testing the CNN models.

Image Quality Assessment is the process of evaluating the quality of an image. It is

widely used in machine learning, computer vision, neural physiology, image processing

and other domains where image quality plays an important role [143]. There are two

types of IQA methods.

3.4.1 Subjective Methods

Subjective image quality assessment methods involve gathering individual opinions on

the quality of images using a �ve-level rating scale without participants having full

access to the scores or information from others. By averaging the scores provided

by the participants, a reference point for image quality is established, and collecting

opinions from a larger number of individuals increases the reliability of these results

[19].

In practical applications, subjective evaluations are often considered the most ac-

curate for assessing image quality. However, they are expensive, time-consuming, not

suitable for real-time applications, and results are in
uenced by various factors like

lighting conditions and brightness [20]. Lighting conditions and brightness play a cru-

cial role in determining image quality and directly impact the performance of deep

learning algorithms. Under low-light conditions, images tend to exhibit increased noise,
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reduced contrast, and loss of features due to inadequate exposure, which can reduce

the performance of neural networks for defect detection tasks. Conversely, excessive

brightness may result in overexposed regions where �ne important features are lost, in-

creasing the likelihood of false positives. These degradations that occur due to lighting

reduce the reliability of automated detection systems and highlight the necessity for

models to be robust against illumination.

3.4.2 Objective Methods

The development of accurate mathematical models to evaluate the quality of images

similar to human observers is the objective of objective IQA methods. These mod-

els aim to replicate image quality predictions similar to humans and provide e�cient

and cost-e�ective image quality evaluation [144, 145]. Objective IQA methods extract

features from the image and analyse them using a quality score [146]. IQA can be

categorised into three frameworks: Full-Reference (FR), Reduced-Reference (RR), and

No-Reference (NR) or Blind [147] based on the availability of an undistorted, clear

quality image known as the reference image. FR methods require a reference image

to evaluate image quality, while RR methods use extracted features from the reference

image to evaluate image quality. On the other hand, NR methods can assess image

quality without the need for a reference image [148, 149, 150, 151]. Obtaining a ref-

erence image in real-world applications is challenging, therefore NR-IQA techniques

are more suitable. As the main focus of this thesis is not IQA, no extensive literature

review was carried out on existing NR-IQA methods. Instead, the Blind/Referenceless

Image Spatial Quality Evaluator (BRISQUE) was chosen as the tool to assess the image

quality as it predicts the quality of an image without a reference image [152].

3.3.2.1 BRISQUE Method

BRISQUE is e�ective in evaluating spatial quality making it a valuable tool for assessing

image quality in Civil Engineering applications [153]. Additionally, various studies

have explored its e�ciency in assessing the quality of medical images [144]. Figure

3.6 provides an example of a raw image (natural image) and a degraded image (noisy
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image), along with their BRISQUE scores.

BRISQUE employs a support vector regression (SVR) model trained on images with

known distortions, such as blur, noise, and artefacts, to compute the image quality

score. It compares the distribution of the mean subtracted contrast normalisation

(MSCN) of the subject image to the database images. The MSCN of a pixel at location

(i, j) is de�ned by equation (3.1), where I represent the intensity of the pixel, � is the

local mean, and� is the local variance in intensity of the surrounding pixels.

MSCN (i; j ) =
I (i; j ) � � (i; j )

� (i; j ) + 1
(3.1)

By analysing the shape and variance of the distribution a histogram of MSCN values

is then generated to detect various distortions such as blur, noise, and compression. The

model then compares these values to an image database and assigns a score ranging

from 1 to 100, with lower scores indicating better image quality. A score close to 0-30

suggests a good(high) image quality, while a score greater than 40 indicates a poor(low)

image quality. An example of this is shown in Figure 3.6.

(a) (b)

Figure 3.6: Comparison of image quality using BRISQUE scores. a) Natural image
with a BRISQUE score of 24.91, indicating better image quality. b) Noisy image with
a BRISQUE score of 71.05, indicating poor-image quality. (author's own picture

3.3.2.2 The implementation of BRISQUE in deep learning algorithms

A study carried out in [7] on the evaluation of live road footage for road damage

detection using BRISQUE concluded that challenges arose in accurately assessing image
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quality due to varying lighting conditions such as harsh sunlight or dark environments.

This variability potentially led to inaccuracies in image processing and object detection

used for vehicle detection and road crack identi�cation. In low visibility scenarios like

poor lighting, or adverse weather, the performance of the system was compromised,

a�ecting its overall accuracy.

[154] utilised BRISQUE to enhance visibility for identifying faulty porcelain insu-

lators in a low-voltage power distribution system. It involves creating a dataset with

various backgrounds and light conditions, adding faulty insulators from di�erent angles

to evaluate the proposed YOLOV4 model with di�erent object detection models. The

study underscores e�ectiveness of BRISQUE in image quality assessment and also high-

lights its limitation in accurately evaluating images under low-light conditions due to

reduced visibility and clarity. It is essential to address these limitations for real-world

applications by developing advanced image quality assessment techniques speci�cally

designed for challenging lighting conditions. This will improve defect detection capab-

ility for critical infrastructure maintenance and monitoring.

There are no studies in the reviewed literature that utilise BRISQUE for real-time

image quality assessment in low-light conditions, particularly in the context of con-

crete crack detection or explore the correlation between image quality assessment and

concrete crack detection using neural networks. Most existing studies utilise neural net-

work architectures capable of processing noisy, blurred, or otherwise degraded images

[10]. However, these image enhancement algorithms still struggle to carry out image

recognition tasks under various lighting conditions [114]. Also, all these algorithms are

implemented in the post-processing stage. It would be more advantageous to develop

image quality-based algorithms integrated into to the image acquisition stage to ensure

that only high-quality images are further forwarded for image processing.
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3.5 Illumination Techniques and Automated Visual In-

spections

Current automated inspection practices lack the adaptability required to assess a di-

verse number of defects under varying environmental conditions [13]. There may be

an overlooked opportunity to utilise advanced illumination techniques to enhance the

contrast of defects within the image to improve automatic defect detection methods.

Such methods include white-box image processing and black-box neural networks [87],

which were discussed earlier. These automatic analysis methods are also replacing

human-based analysis due to improved accuracy, consistency and time-e�ciency [6].

Commercially available automatic inspection machines are mostly limited to either

ground-based (GB) or aerial(drone)-based image capturing platforms [139]. Images

are either captured under ambient lighting or with additional lighting during darker

environmental conditions. In other research �elds, however lighting is utilised as a

method of enhancing the contrast of objects: during surgery [155], to improve worker

safety [156], and machine vision applications [157, 158]. To the knowledge of the author,

there are no examples of adaptive contrast enhancing illumination techniques applied

to automated inspections for concrete crack detection.

3.5.1 Conventional Techniques

Illumination is an important variable in both image capture and computer vision tasks.

Cameras operate by directing light to a sensor that reconstructs the scene using the

Photovoltaic e�ect. A scene is usually made up of one or more features within some

background. The objective of illumination is to create contrast between the feature(s)

and the background to make the feature more easily identi�able visually or to a machine.

Without adequate illumination, some features in the scene may be lost. Indeed, there

are many conventional illumination techniques that are used to create varying contrasts

for machine vision [159]. These techniques can be split into 4 categories:

ˆ Geometry

ˆ Spectrum
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ˆ Type of light

ˆ Filtering

In geometrical illumination techniques, the physical position, such as the direction

or angle of light is varied. This creates contrast by producing directional shadowing of

objects in the scene which highlights depth di�erences and orientation of objects. For

example, Figure 3.7 shows images of a pen against a surface captured under varying

geometrical illumination conditions. The top row shows lighting at a high angle and

bottom row at a low angle, with columns 1 - above, 2 - right and 3 - di�used directions.

It is clear that when light is projected perpendicularly to the pen at a lower angle

(above, low) there is a longer shadow enhancing the depth di�erence and orientation of

the pen. The insets in column 2 also show that the rough surface is more visible with

a lower lighting angle.

Projecting colours onto a scene creates contrast by highlighting objects of the op-

posite colour on the spectrum. By changing the type of illumination used, such as

the light source (LED, 
uorescent, halogen, infrared) or the projection method (spot,

dome, line), can enhance contrast in some applications. For example, infrared light can

be used to reduce re
ectivity of materials [160] or for internal defect detection [161].

Filtering, such as polarisation or neutral density, are physical �lms placed in front of a

camera lens in order to modify certain wavelengths of light. These are usually used to

provide more 
exibility in aperture and exposure settings of the camera when in bright

or dark environments or to remove features such as re
ections.

3.5.2 Illumination for concrete defect detection

One of the earliest examples of using illumination to improve crack detection was by

[12]. In [12], utilised angled lighting to highlight textural di�erences in concrete, but

found that this reduced the accuracy of crack detection neural networks, as the models

were trained on images lit using standard di�used lighting. The study acknowledged

the challenges posed by ambient lighting, but it lacks a robust solution to avoid its ef-

fects, which could compromise detection accuracy in various environmental conditions.

Furthermore, the absence of a mobile inspection device limits the practicality of the
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