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ABSTRACT

Pavement cracks pose a significant threat to road safety and infrastructure integrity,
leading to potential hazards for vehicles and necessitating costly repairs. The
traditional methods for detecting and characterizing these cracks are often manual,
time-consuming, and subject to human error, making it challenging to maintain roads
efficiently and effectively. This study advances pavement maintenance by applying
deep learning and pixel-level segmentation to improve the detection and
characterization (classification and sizing) of pavement cracks, crucial for road
infrastructure safety and longevity. The research began with extensive data collection,
using a GoPro Hero 8 mounted on a vehicle to gather images of roads in Kuala
Lumpur and Selangor, Malaysia. Following detailed preprocessing, including image
augmentation, blurring, and light intensity variations, a pavement crack dataset was
prepared for analysis. The investigation started with a customized YOLOv7 model,
achieving 0.9545 recall and 0.9523 precision on the RDD2022 dataset and 0.9158
recall and 0.93 precision on our custom dataset. When benchmarked against
traditional methods, such as ConvNets and deep neural networks, the customized
YOLOv7 model demonstrated better precision and recall performance. Subsequent
work with the YOLOv8x-seg model resulted in improved precision and recall in crack
detection, with performance metrics of 0.93 recall and 0.91 precision for alligator
cracks, 0.95 recall and 0.84 precision for longitudinal cracks, and 0.806 recall and
0.89 precision for transverse cracks. In direct benchmarking, this model surpassed
previous fusion-based deep convolutional methods in both precision and recall. The
final phase involved creating an Advanced Hybrid Deep Learning Model
incorporating Deep Gradient ResNet and a Modified Attention mechanism, enhancing
crack detection and characterization. This model showed a promising precision of
0.84 for alligator cracks, 0.89 for longitudinal cracks, and 0.87 for transverse cracks,
with recall rates of 0.96 for alligator cracks, 0.88 for longitudinal cracks, and 0.80 for
transverse cracks. The developed model outperformed the benchmarked research
utilizing CrackNet model in both precision and recall. Utilizing advanced
segmentation and machine vision techniques, the study successfully demonstrated the
capability to precisely size pavement cracks, which is vital for targeted maintenance.
The research signifies progress in automated pavement crack analysis, contributing to
safer and more durable road infrastructures.
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CHAPTER ONE

INTRODUCTION

1.1 BACKGROUND OF THE STUDY

Cracks in the road surface significantly impact pavement performance. Timely and
precise identification of these deteriorations is essential for effective pavement
upkeep. Such cracks not only lead to various forms of road damage but also
compromise the aesthetic and comfort of the driving experience. Furthermore, they
can undermine the structural strength of the pavement, leading to a reduction in its
overall lifespan (Ha et al., 2022). With an increase in vehicular traffic, the emphasis
on pavement conservation has heightened. Consequently, proactive measures in
detecting and repairing pavement cracks can substantially reduce repair expenses

while enhancing road safety for both vehicles and their operators.

Currently, most initial approaches to identifying and addressing road cracks
depend on manual methods. These methods are not only time-consuming and
challenging but also suffer from low efficiency and inherent safety risks (Munawar et
al., 2021). Ensuring that pavements remain in good condition is crucial for the safety
of motorists, a responsibility held by both local and state road authorities. A key task
in this duty involves assessing pavement damage, a process that is not only
painstaking but also demands specialized skills. However, with the swift progress in
artificial intelligence, particularly convolutional neural networks, there has been a
significant impact on image recognition capabilities (S. Zhou et al., 2016). In recent
times, deep learning methods have gained popularity for their application in
identifying and classifying road surface cracks (Q. Zou et al., 2019). The integration
of deep learning with road crack detection technologies has markedly enhanced the
efficiency and accuracy of crack identification. Moreover, the use of computer vision
and Artificial Intelligence (Al) has proven effective in automating the process of
inspecting pavement cracks, further advancing the field (Jahangiri & Rakha, 2015)
(Hu et al., 2021).



Researchers have conducted extensive studies on detecting pavement cracks,
proposing a wide range of solutions from image processing to advanced Al and deep
learning techniques, which are increasingly popular today. Within the realm of image
processing, three primary approaches are highlighted (Kamdi & Krishna, 2012),
which are; edge segmentation, edge detection, and region detection. Edge
segmentation involves categorizing image pixels into distinct groups by setting a
specific intensity threshold to distinguish the target crack from its surroundings. Edge
detection methods identify the contours of cracks using algorithms like Sobel, Prewitt,
and Canny detectors. Meanwhile, region detection focuses on identifying areas within
the crack by clustering pixels with similar characteristics. The challenge of automating
pavement crack detection from images has been a longstanding issue in traffic
engineering and pattern recognition, attracting significant attention from the research
community (Ranyal et al., 2024). The detection of road damage is often difficult
because of the multi-surface, multi-level design, the feeble sign of targets, and the
variation of pixel intensity. The majority of the methods are built with high image
quality and clear crack targets in consideration, but they lack the flexibility to adapt to
complicated environments, making it difficult to achieve the functional requirements.
The gathering of road data is at the core of the investigation into automated road crack
recognition. Considering the importance and need for an automated and accurate road
crack detection and characterization (classification and sizing) model, this research

has been conducted.

1.2 PROBLEM STATEMENT

Conventional methods for detecting and assessing road cracks rely heavily on manual
inspections, which are prone to subjectivity, time-consuming, costly, and present
potential hazards to workers. Additionally, these methods demand significant labor
resources, making them impractical for large-scale applications. While machine-vision
systems have emerged as a promising alternative, current algorithms for crack
detection and characterization face critical challenges in terms of accuracy, recall and
precision. A key issue is their reliance on local analysis, which often results in

overfitting and poor performance in complex environments.



Another significant challenge is the computational intensity required for
classifying crack regions. Processing large volumes of image data is resource-
intensive, and background noise further complicates the task, reducing system overall
practicality. Most existing approaches also focus on block-level crack identification,
limiting the precision of crack sizing and detailed assessments. Pixel-level analysis
has been suggested as a more accurate alternative, but its potential in crack detection

and characterization remains underexplored.

Many existing research studies primarily focus on training models using clean
and pre-processed crack images, which simplifies the detection process in controlled
environments. However, this approach often overlooks the inclusion of noise, such as
shadows, pixel intensity variations, and different types of noise like Gaussian and salt-
and-pepper, that are prevalent in real-world conditions. By not incorporating noisy
data during training, these models tend to perform well in ideal scenarios but fail to
generalize effectively when faced with the complexities of real-world environments.
To ensure models are more generalized and applicable to real-world conditions, it is
crucial to train them on datasets that combine both clean and noisy data. This
approach reflects the variability encountered in real scenarios and enhances the

model's robustness and performance in diverse conditions.

Moreover, data collected from moving vehicles adds complexity, as repetitive
frames of the same cracks can lead to inaccurate assessments. Large or elongated
cracks that span multiple frames require advanced techniques to accurately measure

their true dimensions.

1.3 HYPOTHESIS

This research hypothesizes that the application of Convolutional Neural Networks
(CNNs) within deep learning frameworks can substantially elevate the accuracy of
pavement crack detection and characterization. It posits that leveraging CNNs for their
advanced pattern recognition capabilities can outperform traditional methods in
identifying, categorizing and characterizing pavement cracks. Additionally, the
hypothesis extends to the concept that analyzing extensive or long cracks through

multiple video frames from a moving platform will enhance crack characterization,
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offering a more dynamic and comprehensive view. Furthermore, the integration of
pixel-level segmentation with deep learning techniques is expected to significantly
refine the performance of crack characterization. This approach is likely to provide a
detailed and precise analysis of pavement conditions, leading to more accurate and

practical insights for pavement maintenance and repair initiatives.

1.4 RESEARCH QUESTIONS

1. Which CNN models can provide optimum results in characterizing
cracks?

2. Can the proposed models based on CNN and pixel-level segmentation
effectively detect, classify, and assess different types of cracks on the
road?

3. How can images captured from a camera mounted on a moving vehicle
be used to identify and characterize cracks on the road accurately,
including large and long cracks that will be present in multiple
consecutive frames?

4. Can the use of pixel-level segmentation lead to the more accurate sizing

of the detected cracks?

1.5 RESEARCH OBJECTIVES

The aim of this research is to develop and evaluate robust deep learning models for
automated pavement crack detection and characterization using a vehicle-mounted
camera system. This is broken into the following objectives:

1. To identify suitable CNN models for pavement crack detection and
characterization.

2. To develop an automated pavement crack detection database via vehicle-
mounted camera setup to improve road maintenance analytics.

3. To develop robust deep learning models that integrates refined object
detection with pixel-level segmentation techniques for the accurate

detection and characterization of pavement cracks.
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4. To evaluate the performance of the developed models.

1.6 RESEARCH SCOPE

This study focuses on developing a machine vision-based model specifically
tailored for the detection and characterization of road cracks, using image and video-
based datasets exclusively. Other data modalities, such as sensor or geospatial data,
fall outside the scope of this research to ensure a concentrated effort on visual data
processing. The model employs pixel-level segmentation for crack detection, chosen
for its precision in detailing crack patterns, while alternative segmentation methods

are excluded to maintain consistency and focus.

The research is limited to the analysis of three main types of pavement cracks:
longitudinal, transverse, and alligator (crocodile) cracks, selected due to their
prevalence and significance in road infrastructure maintenance. The study utilizes the
GoPro Hero 8 camera for data collection, chosen for its advanced image stabilization,
ensuring clear and stable footage from moving vehicles. Cracking on surfaces other
than pavements, such as sidewalks or bridges, is not considered in this study. By
narrowing the scope in this way, the study is able to produce more focused and

reliable insights into pavement crack detection and characterization.

1.7 RESEARCH METHODOLOGY

To achieve the objectives of this research, the following work will be carried out as

shown in Figure 1.1.
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Figure 1.1 Pavement crack detection and characterization using deep learning and

pixel level segmentation.



A literature survey will initially be conducted to identify suitable models
for detection, classification and characterization of cracks found in
pavements along with problems associated with them.

The second step of the process is the calibration test. The height of the
camera will be adjusted so that it will cover a width of 3.1 m will be
calculated through the calibration test. The width of 3.1 m is based on
the maximum width of standard roads in various countries.

The next step is the data gathering. Both publicly available and
purposely collected data will be obtained. Publicly available data
include RDD datasets, Crack500, or more. For local road data gathering,
a camera mounted at the back or in front of a moving vehicle, which, in
turn, allow the recordings of videos containing cracks. Suitable cameras,
likely to be a GoPro Hero 8 camera that has stabilization feature, will be
used. GoPro cameras are known for their video quality and structural
ruggedness. Recordings of videos containing cracks in selected roads
around International Islamic University, Kuala Lumpur and Selangor
will be obtained.

The next step is the development of the preprocessing stage which will
be applied to the input image or video sample to improve the detection,
classification and characterization. In case of video input, the frames will
be extracted. The number of frames to be extracted will be determined
based on complexity and time. The obtained frames will be further
color corrected if the need arises. This step will be followed by the
histogram equalization of frames. Histogram equalization is a computer-
based image processing strategy used to improve contrast in pictures.
Data labelling will be done for the training and validation data.

The next step is the development of the crack detection by using pixel
level segmentation and deep learning model like YOLO, Deep CNN,
ResNet, etc. because it can train several layers without increasing
training error and tackles with vanishing gradients. Based on the
literature review, a model will be decided, built and assessed. It is very
important to detect the crack from the image or video frame for further
processes.

Following the crack detection, the classification and characterization of
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the cracks will be performed based on type and size respectively. An
effective technique of using multiple consecutive frames will be
developed in order to characterize large cracks that appear across
multiple frames.

7. The crack detection and characterization model will be trained and
validated by using the datasets gathered at the beginning of this research
project.

8. Finally, the performance of the developed model will be evaluated.

1.8 RESEARCH SIGNIFICANCE

The anticipated results of this research hold substantial potential in revolutionizing the
approach towards road maintenance, particularly in the detection and characterization
of road cracks. Traditional methods employed for road crack detection and
assessment, which are predominantly manual, are often marred by subjectivity, time-
intensive processes, potential risks to workers, and considerable labor demands. The
introduction of a machine vision-based approach in this research promises to address

and mitigate these limitations effectively.

A cornerstone of this study is the use of pixel-level segmentation, a technique
poised to significantly elevate the accuracy and overall performance of crack detection
systems. This advanced method enables a more precise and detailed analysis of
cracks, surpassing the capabilities of conventional approaches. By delivering more
accurate and reliable results, this research aims to substantially improve the efficiency

and safety of road maintenance operations.

Furthermore, this research is not just about the immediate technological
advancements it brings; it's also about inspiring future exploration in this field. By
demonstrating the efficacy and benefits of machine vision in real-time road crack
detection, this study seeks to pave the way for further investigations and innovations.
It aims to serve as a catalyst, encouraging more researchers to delve into this domain
and contribute to the ongoing evolution of methods and technologies for road

infrastructure maintenance and safety.



1.9 THESIS ORGANIZATION

This remaining of the thesis is structured as follows: Chapter 2 provides a
comprehensive review of the literature, delving into studies related to the detection
and characterization of pavement cracks. Chapter 3 outlines the research methodology
and implementation details. Chapter 4 is dedicated to the presentation and discussion
of the results. The dissertation concludes with Chapter 5, which offers a summary of

the conclusions drawn and suggests directions for future research.



CHAPTER TWO

LITERATURE REVIEW

2.1 INTRODUCTION

Annually, a significant amount of funding is allocated to procure various tools and
technologies aimed at identifying damages within crucial infrastructures like roads,
bridges, and buildings (Ni et al., 2019). Continuous exposure to environmental
elements like sunlight and precipitation, along with geological movements and natural
aging, significantly impacts the durability of civil infrastructure such as roads, bridges,
and pavements. These factors collectively affect their functionality and longevity in
various ways (Tran et al., 2021). These events can lead to severe structural failures or
manifest as physical damages, often in the form of cracks. Such cracks typically start
on a very small scale (Liong et al., 2019) but can compromise the pavement's
structural integrity, reduce its ability to bear loads, and create surface irregularities
(Dung & Anh, 2019). Early detection of these cracks can prevent further deterioration.
Neglected cracks may expand, shortening the pavement's service life, and potentially

causing accidents, injuries, and financial losses.

Traditional approaches to early detection and classification of pavement cracks
primarily depend on manual methods. These involve skilled personnel conducting
visual inspections and utilizing specialized tools to detect any defects (Oliveira &
Correia, 2013). However, these manual strategies are known for being both time-
consuming and labor-intensive, with limitations in detection precision and inherent
risks (Ashraf, Sophian, et al., 2022a). In recent years, image-based algorithms for
crack detection have gained prominence. The early stages of this research trend were
marked by efforts to refine or merge traditional digital image processing approaches,
including but not limited to mathematical morphology, thresholding techniques, and
methods for detecting edges (Decker, 2016). These strategies leverage the photometric
and geometric attributes inherent in images of cracks (X. Yang et al., 2018), with a
particular emphasis on the darker appearance of crack pixels. This characteristic has

been instrumental in developing thresholds, both global and local, to distinguish
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cracks from their surroundings. However, such pixel-focused techniques are often
challenged by the presence of noise. To counteract this, some strategies have been
introduced that utilize geometric information, such as the principle of crack linearity
to minimize false detections, or the application of the local binary pattern operator to
assess a pixel's crack-relatedness based on its directional properties (Sivamayil et al.,
2023). Furthermore, multiscale approaches utilizing wavelet transformations are
employed to differentiate cracked from intact areas, enhancing the ability to identify

cracks, albeit with limitations in capturing every single crack in an image.

The evolution of Artificial Intelligence (Al) and advancements in computer
vision have catalyzed a wave of innovative solutions for the automated detection of
cracks (L. Zhang et al., 2016). Al has been widely recognized for its utility in tackling
an array of complex issues (Ghimire, Thapa, Jha, Kumar, et al., 2020) extending its
influence across various sectors, including but not limited to finance and healthcare.
This has cemented the role of Al and machine vision as pivotal elements across
numerous disciplines (Ghimire, Thapa, Jha, Adhikari, et al., 2020). The integration of
machine learning, particularly deep learning, into both industry and academia has
positioned deep learning algorithms as potent resources for the autonomous
identification and categorization of pavement cracks (Ma et al., 2020). Since the
inception of machine learning, a plethora of methodologies focusing on feature
extraction and pattern recognition have been developed for the purpose of crack
detection (Shi et al., 2016a). While these technigues have shown impressive efficacy,
their performance is largely contingent upon the quality of the extracted features. The
heterogeneity in pavement conditions poses a significant challenge in identifying
features that are universally effective. Nonetheless, deep learning techniques have
demonstrated significant potential in overcoming these hurdles in the field of roadway
maintenance, igniting a growing interest in research within this domain. This
heightened research activity is underscored by the increasing volume of related

studies, as depicted in Figure 2.1.
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Figure 2.1 Evolution of Research in Deep Learning for Pavement Crack Detection and
Classification (Accessed from Lens.org on 03/03/2022)

2.2. PAVEMENT CRACKS

Cracks in pavement surfaces primarily impact the uppermost layer, leading to a range
of surface-level problems on roads. Such damage generally begins as the pavement
ages and bears the weight of regular traffic. With time, these cracks can allow water to
seep in, aggravating the damage and potentially leading to more significant issues like
potholes. Damage to road surfaces not only causes inconvenience to users but can also
become safety hazards if left unattended, with the potential for the situation to
deteriorate further over time. It is crucial to undertake timely and -effective
maintenance to extend the lifespan of roads and minimize the costs associated with
their repair and upkeep. Although road assessments often take into account factors
such as surface attributes (including roughness and the longitudinal profile), the state
of the asphalt, preliminary evaluations, and the quality beneath the surface, there
currently exists no uniform approach for the collection of data on pavement
conditions. Each road management entity follows its unique set of guidelines (Zeiada
et al., 2019), leading to a variety of strategies for addressing similar issues (Pantuso et
al., 2019).
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2.2.1. Pavement Crack Types

Pavements primarily fall into two categories: concrete and bituminous (or asphalt).
Understanding the specific nature of a pavement crack is essential before
implementing the correct repair strategy. This step ensures the restoration method is
tailored to the pavement's material and the particular characteristics of the crack,

leading to more effective and durable repairs.

2.2.1.1. Concrete pavement Cracks

Concrete pavements, often referred to as rigid pavements, constitute a solid layer that
directly interfaces with vehicular traffic and serves a multitude of functions. Figure
2.2 showcases the various crack patterns typically found in concrete pavements,
including shrinkage cracks, transverse cracks, longitudinal cracks, block cracks,

diagonal cracks, and corner cracks.

Figure 2.2. Classification of Cracks in Concrete Pavements: (A) Corner, (B) Diagonal,
(C) Block, (D) Longitudinal, (E) Transverse, (F) Shrinkage

A corner crack originates from the slab’s corner, extending towards the joints
and not exceeding half the slab's length on either side. Diagonal cracks, characterized
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by their multi-directional pattern, are neither perpendicular nor parallel to the
pavement's length and typically do not extend to inlets' boundaries. Block cracks form
a network of interlinked rectangles that evenly cover the asphalt surface. Longitudinal
cracks run parallel to the direction of the pavement, presenting as discontinuous lines.
Transverse cracks cut across the pavement width, perpendicular to its length.
Shrinkage cracks, often short and diagonal, usually stop short of reaching the

pavement edges.

2.2.1.2. Bituminous Pavement Cracks

Figure 2.3 displays the typical crack formations in bituminous pavements, which are
characterized by their asphaltic surface layers originating from dense, viscous crude
petroleum. The prevalent crack patterns in these pavements encompass alligator
cracks, slippage cracks, transverse cracks, longitudinal cracks, block cracks, and

diagonal cracks.

'__ An' - 7--’1"» & < % N -~ ‘;
Figure 2.3. Common Crack Patterns in Bituminous Pavements: (A) Alligator, (B)
Diagonal, (C) Block, (D) Longitudinal, (E) Transverse, (F) Slippage

Alligator cracks resemble an alligator's skin with a network of interlocking
lines forming small polygonal shapes across the pavement. Diagonal cracks are
isolated lines that cut across the asphalt at an angle, similar to a diagonal line on a
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grid. Block cracks create a pattern of large, interconnected cells reminiscent of a grid
or a series of blocks. Longitudinal cracks run parallel to the road's direction, creating
lines that follow the length of the pavement. Transverse cracks appear as single,
distinct lines that cut across the pavement surface at a right angle to the direction of
the road. Slippage cracks, shaped like crescents, curve away from the flow of traffic,

indicating movement of the asphalt layer.

2.2.2. Assessing Pavement Crack Characteristics

The analysis of pavement conditions can be enhanced through the automated
measurement of crack features, including length, width, area, and depth (Y. Zhao et
al., 2023a). Crack evaluation often depends on the type of crack, with crack length
being the primary metric for longitudinal and transverse cracks, and crack area being

crucial for assessing block and alligator cracks.

Traditionally, inspectors relied on tools like strings, graded scales, and crack
comparators for manual measurements. However, these methods suffered from low
accuracy, subjective interpretations, and difficulties in data recording (Gehri et al.,
2020). The digital pachymeter, offering higher resolution, also presented challenges,
requiring precise insertion of a metallic blade into the crack by a skilled technician.
The inherent subjectivity in manual placement and the risk of inaccuracies arising
from technician intervention often required multiple measurements to enhance
precision (Koch et al., 2015), a process deemed inefficient regarding expenses, time,
and labor. However, advancements in machine vision and machine learning
technologies are progressively addressing these challenges, facilitating the automated

measurement of crack parameters.

2.3. PAVEMENT CRACK IDENTIFICATION AND ANALYSIS
FRAMEWORK

Enhancements in computing power have paved the way for creating advanced systems

in image processing and machine learning, specifically designed for identifying and
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categorizing pavement cracks. This area has seen considerable growth, with
researchers employing a range of techniques and processes. Although approaches
vary, the underlying structure of systems designed for crack detection and
categorization remains largely uniform. Such systems are built by seamlessly
combining different components, resulting in a robust mechanism that can efficiently
detect, categorize, and analyze pavement cracks, as shown in Figure 2.4, where the

system is broken down into separate modules.

PAVEMENT CRACK DETECTION,
CLASSIFICATION AND
CHARACTERIZATION SYSTEM

Data Acquisition Preprocessing Object Detection C|a55|ﬁcat|.on ?"d
Characterization

«  Conventional Techniques

o Machine Vision and Machine
Leaming based Methods

¢ Characterization

s Image Processing and
Machine Learning hased
Methods

o DataClasses *  Image Processing Steps
¢ Availahle Data *  |mage Segmentation

Figure 2.4. Integrated Approach to Pavement Crack Analysis

At the core of any model designed for detecting objects, the initial step
involves gathering input data, typically sourced from images or video footage.
Researchers often draw upon pre-existing data collections to establish their
frameworks, further enriching these foundations with bespoke datasets tailored to their
specific research needs. These tailored collections are assembled through a range of
data gathering techniques, which might include the use of smartphones, digital
cameras, satellite images, or laser scanning technologies. After acquiring the data, it
undergoes a critical phase of pre-processing, during which the raw inputs are
subjected to a variety of image enhancement methods. This stage could entail tasks
such as image cropping, resizing, enhancing contrast through histogram equalization,
and adjusting colors to improve the visual quality of the input. The result is a polished,
ready-for-analysis dataset that feeds into the algorithms responsible for identifying

and categorizing cracks.
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2.3.1. Data Acquisition for Crack Analysis

Gathering data plays a pivotal role in creating machine learning models, much like oil
fuels the modern economy. The effectiveness of machine learning models greatly
depends on the quality of the training data used (Ashraf et al., 2021), (Ashraf,
Gunawan, et al., 2022). For pavement crack detection and characterization systems, it
is essential to gather exclusive and significant data. Researchers typically use images
or videos as the primary data format for developing machine learning-based road
crack detection systems. This section examines various classes of image acquisition

data relevant to road crack detection along with various available databases.

2.3.1.1. Categories of Crack Images

Images of cracks are commonly sorted into six unique types, reflecting their visual
characteristics as documented in numerous scholarly investigations. Table 2.1 outlines

these various categories of images.

Table 2.1. Types of Crack Images

Image Type Applicability
. These images, captured using magnification devices, ground
Notable light . i o .
: and aerial cameras, as well as satellites, exhibit exceptional
pictures : .
clarity and quality.
Primarily utilized for image processing and analyzing 3D
Laser based cracks, typically ranging from a few millimeters to several
meters in diameter.
Employed in laboratory settings to examine microscopic cracks,
varying in size from micrometers to millimeters.
Radar images | Used for assessing crack depth and generating satellite imagery.
Ultrasonic
images

CT based

Utilized for wavelet and curvelet transformations.

Employed to gauge crack depth, especially in unique

Infrared images .
circumstances.
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Merging multiple classes of image data offers significant benefits for the
detection and evaluation of cracks. By amalgamating images from various sources and
utilizing this combined data, there's potential to develop a more holistic, precise, and
inclusive visual depiction for the extraction of scene details. This approach opens up a

broad spectrum of possible uses.

2.3.1.2. Road Crack Datasets

The success of a machine learning model is deeply dependent on the caliber of data it
is trained on. Hence, the selection of a suitable dataset is vital (Ashraf et al., 2020).
Raw data alone is insufficient for training and testing machine learning algorithms; it
necessitates preprocessing to align with the demands of particular algorithms. For the
purpose of constructing models capable of identifying and categorizing road cracks,
scholars have employed diverse datasets related to pavement cracks. Table 2.2 offers a

synopsis of the datasets integrated into this structure.

Table 2.2. List of datasets for Pavement Crack Analysis

Image Image Image Data
Dataset Sample | posolution | Format | Enhancement
Count
Concrete Crack Images for
Classification (Ozgenel & 40000 227i>)<(eI2527 Colour A I\Ilicé;ble
Sorgug, 2018) P i
RDD2020: An Image
Dataset for Smartphone- 600 x 600 Not

based Road Damage 26336 Colour

Detection and Classification pixels Applicable
(Aryaetal., 2021)

Asphalt Crack Dataset 400 448 x 448 Colour Not
(Jayanth Balaji et al., 2018) pixels Applicable
EdmCrack600: a Pixel-level
annotated dataset for crack 600 256 x 256 Colour Not

identification (Mei et al., pixels Applicable
2020)
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Crack Detection: Image Not Not
Classification 15168 Available Colour Applicable
Cracks-and-Potholes-in-
Road-Images-Dataset (B. T. | 2235 1 431(5)6(2;;'3 Colour A I\Ili?:gble
Passos et al., 2020) P PP
: 320 x 480 Not
CFD (Shi et al., 2016Db) 118 pixels Colour Applicable
AigleRN database (Chambon Not Not
& Moliard, 2011) 38 | Available | G5 | Anslicable
2000 x .
CRACKS500 500 1500 pixels Colour Applicable
German Asphalt Pavement
Distress (GAPs) 1920 x Not
Dataset (Eisenbach et al., 1550 1080 pixels Egyscale Applicable
2017)
Cracktree200 (Naik & 800 x 600 Not
Murthy, 2003) 2l pixels Colour | Applicable

2.3.2.

Image Pre-Processing

Image preprocessing is the technique

of performing initial computations and

transformations on raw image data to prepare it for further analysis. These

transformations often enhance the image quality, reduce noise, highlight essential

features, or extract specific attributes required for the task at hand (Mohan & Poobal,

2018a). Importance of Image Preprocessing are listed as under:

Improving Accuracy: By reducing the unwanted variations in images,
preprocessing can help the machine learning model to focus on the
relevant patterns, thereby increasing its predictive accuracy.

Speeding up Computation: Proper preprocessing can reduce the
complexity of the images, leading to faster computations and a more
efficient learning process.

Enhancing Generalization: Preprocessing helps in creating consistent and
standardized data, ensuring that the model can generalize well across

various types of images.
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e Reduction of Noise: Images often contain noise or irrelevant information.

Preprocessing can mitigate these factors, resulting in cleaner data.

2.3.2.1. Different Image Preprocessing Steps

1. Grayscale Conversion: This process involves converting a colored image
into shades of gray. The main reason for this transformation is to simplify
the image information, reduce computational load, and, in some cases,
improve algorithm performance (Zeger & Grgic, 2020). A grayscale
image retains only intensity information and removes color information,
which isn't always necessary for certain tasks, such as document
digitization, shape detection, etc.

2. Histogram Equalization: A histogram of an image represents the
distribution of pixel intensities. Histogram equalization aims to adjust the
image to have a uniform histogram, thus improving the contrast and
enhancing hidden features. This method is particularly useful in scenarios
where the image has poor contrast due to lighting conditions (Mustafa &
Abdul Kader, 2018).

3. Noise Reduction: Digital images are often subject to various types of
noise, which may hinder image analysis (Uzakkyzy et al., 2023). Several
techniques are available to reduce noise. For example, Gaussian blurring
uses a Gaussian filter to convolve with the image. This process smoothens
the image and reduces detail and noise. Median filtering, on the other
hand, replaces each pixel value with the median value of its neighbors,
which is particularly effective against 'salt-and-pepper' noise.

4. Normalization and Standardization: Normalization typically involves
scaling pixel intensity values to a range between 0 and 1, which can
simplify the computational operations and help certain algorithms
converge faster. Standardization goes a step further by ensuring that the
pixel values follow a standard normal distribution with a mean of 0 and a
standard deviation of 1. This is particularly useful when working with
deep learning models (Muhammad Ali & Faraj, 2014).

5. Edge Detection: Edge detection is the process of finding points in an
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image where the brightness changes sharply, indicating the boundaries of
objects within the scene (Ganesan & Sajiv, 2017). The Sobel operator is
used to compute the gradient of the image intensity at each point, giving
the direction of the largest possible increase from light to dark and the rate
of change in that direction. The Canny operator, another popular method,
involves multiple stages including smoothing, computing a gradient, and
non-maximum suppression to detect a wide range of edges in images.
Data Augmentation: Data augmentation involves creating new images by
applying various transformations to the existing ones (Shorten &
Khoshgoftaar, 2019). Techniques like rotation, scaling, translation,
flipping, zooming, and cropping can generate new variations of images,
thereby expanding the dataset. This process helps improve the
performance of machine learning models by providing more diverse data
and reducing overfitting.
Feature Extraction: Feature extraction involves transforming the raw
image data into a set of features or attributes that are more meaningful and
informative (Kumar & Bhatia, 2014). Techniques like Principal
Component Analysis (PCA) reduce the dimensionality of the data while
preserving its variability. Other methods may involve extracting texture,
color, or shape attributes. For example, Gabor filters can be used for
texture extraction, color histograms for color features, and Hough
transform for shape attributes.
Color Space Conversion: Color space refers to the method used to
represent and organize color information. Images are often represented in
RGB (Red, Green, Blue) color space, but certain tasks may require the
conversion of these images into different color spaces such as HSV (Hue,
Saturation, Value), or YCbCr (Luminance, Chrominance Blue,
Chrominance Red), among others. These conversions can help emphasize
certain aspects of the image that are more easily processed or identified in
different color spaces (Bi & Cao, 2021).
Morphological Operations: Morphological transformations are operations
based on the image shape employed on a binary image (Said & Jambek,
2021). Two of the most fundamental morphological operations are dilation
and erosion. Dilation adds pixels to the boundaries of objects in an image,
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11.

12.

13.

14.

15.

while erosion removes pixels on object boundaries. The combination of
these two operations can be used to remove noise, fill holes in objects, thin
or thicken object boundaries, and more.

Resizing and Aspect Ratio Handling: Resizing is a crucial step when your
machine learning model expects a particular input image size.
Additionally, while resizing, it's also essential to consider maintaining the
aspect ratio of the image to prevent distortions. Resampling methods, such
as bilinear and bicubic interpolation, are used during resizing to calculate
the new pixel values (Ashraf et al., 2023).

Geometric Transformations: Geometric transformations, such as rotation,
scaling, translation, and affine transformation (preserves lines and
parallelism but not distances and angles), are often used in data
augmentation to expand the dataset artificially and to achieve invariance to
these transformations (Fang et al., 2023).

Image Pyramids: An image pyramid is a collection of scaled-down
versions of an image, each one being a reduced resolution version of the
previous one. They are used in image fusion, scale-invariant feature
detection, and in creating a scale space, allowing to find features at
different scales (S. Zhao & H. Ning, 2017).

Skeletonization: Skeletonization is a process to reduce foreground details
in a binary image to represent a general form of an object (Abu-Ain et al.,
2013). It works by thinning the foreground until only the "skeleton™ of the
original object remains.

Image Sharpening: Image sharpening enhances the edge contrast of an
image, making it appear more defined (Lozano-Vazquez et al., 2022). It
helps in increasing the detail of the image. The most commonly used
technique is unsharp masking, which subtracts a blurred version of the
image from the original image.

Texture Analysis: Texture analysis is the classification of regions based on
their texture (Humeau-Heurtier, 2022). A common way of identifying
texture features is using a Gray-Level Co-occurrence Matrix (GLCM) that
measures the occurrences of specific pixel intensity levels occurring in an

image.
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2.3.3. Image Segmentation

Segmentation is the method involved with apportioning an image into numerous
portions. Image segmentation is commonly used to find objects and limits in images.
In an image grouping task, the organization appoints a mark (or class) to each
information in image to know which pixel has a place with which object, and so forth.
For this, a class is appointed to every image pixel. This undertaking is known as
segmentation. A segmented model returns significantly more definite information
about the image as shown in Figure 2.5. It has numerous applications in clinical
imaging, self-driving vehicles and satellite imaging, for example. Deep learning
methods have proven effective in distinguishing, outlining, and segmenting cracks
(Mo et al., 2022) across a variety of materials including steel, concrete, asphalt and
masonry (Chen et al., 2021). Generally, two approaches, namely classification and
segmentation, have been utilized in crack detection literature. In the first approach,
small patches of an image are labeled as either crack or non-crack. In the second
approach, each pixel is classified as either crack or non-crack.

Figure 2.5. Crack Segmentation (P. Li et al., 2022a)

Image segmentation stands as a crucial step in processing images containing
cracks. The purpose of image processing is to improve the clarity of crack-containing
images, rendering the cracks more discernible (Yu et al., 2023). Pre-processing
algorithms for crack images can be classified into global and local algorithms. The
two most notable global calculations are difference stretches and histogram levelling
in an image. Dynamic histogram adjustment, bit channels, dynamic histogram

levelling, morphology, and multiscale preparation have a place in the neighbourhood
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calculations. The global calculations modify all pixels in an image, while the resulting

calculations use input-yield modifications based on neighbourhood attributes.

The amount and type of information conveyed by image segmentation tasks are
divided into three categories: semantic, instance and panoptic (Abdulateef & Salman,
2021; Kar et al., 2021; X. Li & Chen, 2022). While semantic segmentation creates a
broad limit of items belonging to a specific class, instance segmentation creates a
segment map for each object it sees in the image, regardless of the object's
class. Panoptic segmentation combines instance and semantic segmentation tasks,
which is the most informative. The segment maps of all the items of any specific class

present in the image are obtained using panoptic segmentation.

The categorization of pixels in a picture into semantic classifications is referred
to as semantic segmentation. Pixels in each class are simply classified as belonging to
that class, with no other information or context taken into account. When there are
several instances of the same class in the image, it is a poorly articulated problem
statement, as one might assume. Instead of classes, instance segmentation models
divide pixels into groups based on "instances." The class of an identified region is
unknown to an instance segmentation method, but it can separate overlapping or
highly similar object sections based on their borders. The most recently developed
segmentation technique, panoptic segmentation, can be described as a combination of
semantic and instance segmentation. Each instance of an object in the image is

separated, and the object's identity is anticipated.

Major image segmentation algorithms usually employed have been listed in

Table 2.3, along with their advantages and limitations.

Table 2.3. Techniques for Image Segmentation

Method Detail Pros Cons
Edge This approach identifies the Works well Ineffective for
Detection (P. boundaries within an image to with images images plagued
Lietal, highlight its features, as edges hold where the by significant
2022b) essential information and attributes. contrast noise.
It streamlines the image by reducing between
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its size and discarding non-essential elements is
information, focusing on the key pronounced.
structural elements.
Histogram- Utilizes histogram peaks to group | Simple to apply Can miss
Based similar pixels, a fundamental step in | with minimal crucial details
Thresholding distinguishing different parts of an initial and is sensitive
(Akagic et al., image. processing to errors in
2018) required. setting the
threshold.
Clustering These methods segment an image Reliable The complexity
Techniques into k distinct, non-overlapping methods that lies in defining
(Talab et al., groups based on similarity, aiming can be an appropriate
2016) to isolate objects within the image. | improved with | minimization
fuzzy logic, cost function.
fitting for
immediate
processing
tasks.
Region This strategy divides an image into Particularly Demands
Segmentation areas or segments that share useful for noisy substantial
(J. Liu et al., common characteristics, often images and computational
2020) defined by pixel groupings. supports user- resources and
defined memory.
markers for
faster
assessment.
Watershed A specific form of region Yields well- Determining
Segmentation segmentation that uses image defined ridge gradients
(Jinetal., topology to create boundary-based segment for
2018) segments. borders. segmentation is
complex.

2.3.4. Techniques in Machine Vision and Learning Models

Machine Vision refers to the ability of a computer to interpret, analyze, and make
decisions based on visual data. Utilizing cameras, digital signals, and analytical
algorithms, Machine Vision systems can automate tasks that require visual inspection,
such as quality control in manufacturing, facial recognition, medical imaging, and
more (Mahadevkar et al., 2022).
1. Processes in Machine Vision
e Image Acquisition: This is the initial stage where an image is
captured using cameras or other imaging devices.
e Preprocessing: This stage involves cleaning and transforming raw

image data into a format suitable for further analysis.

25



e Image Analysis: Algorithms are employed to scrutinize the image,
identifying patterns, shapes, or specific objects within it.

e Interpretation and Decision Making: Based on the analysis, the
system interprets the information and makes decisions or actions
accordingly.

Machine Learning falls within the domain of Artificial Intelligence,

enabling systems to learn from data rather than relying solely on explicit

programming. It encompasses a range of algorithms and statistical models
empowering computers to execute tasks without explicit instructions.
2. Types of Machine Learning

e  Supervised Learning: The model learns from labeled training data and
makes predictions or decisions based on input data.

e Unsupervised Learning: Without labeled responses to guide the
learning process, this model identifies patterns and structures from the
data itself.

e Reinforcement Learning: This approach entails learning through trial
and error, wherein an agent makes decisions and receives feedback in

the form of rewards or penalties based on its actions.

2.3.4.1. Different Models and Algorithms

1. Linear Regression: Linear regression is a fundamental statistical technique
used for predicting numerical outcomes based on the relationship between
one or more independent variables (predictors) and a dependent variable
(response). The primary goal of linear regression is to find the best-fitting
line that minimizes the overall distance between the data points and the
regression line (Schneider et al., 2010). The mathematical representation

of a linear regression model is given by Equation 2.1:

y=p0+L1x1+[2x2+ -+ fnxn+¢ (2.1)
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Where, y is the dependent variable (response), B0 is the intercept or bias
term, B1, P2,....pn are the coefficients of the independent variables
x1,x2,...,xn, € represents the error term, which accounts for the difference
between the predicted and actual values.

The coefficients 1, 52, ..., Bn are estimated using methods like Ordinary
Least Squares (OLS) or Gradient Descent, which minimize the sum of
squared residuals.

Linear regression is widely used in various fields, such as economics,
finance, social sciences, and machine learning. It serves as a building
block for more complex regression models and is useful for both
understanding the relationships between variables and making predictions.
Logistic Regression: Logistic regression is a classification algorithm used
to predict binary outcomes (0 or 1) based on one or more independent
variables. It is an extension of linear regression, but instead of predicting
continuous values, it predicts the probability that an instance belongs to a
particular class (X. Zou et al., 2019). The mathematical representation of
logistic regression is given by the logistic function (sigmoid) shown in
Equation 2.2:

Py=1)=1/1+e? (2.2)

Where, P(y = 1) is the probability that the outcome is 1 (belongs to the
positive class), z =0+ B1lx1 + f2x2+...+fBnxn is the linear
combination of coefficients and independent variables, e is the base of the
natural logarithm.

The logistic function maps the output of the linear regression model to a
value between 0 and 1, which represents the probability of the positive
class. Based on a predefined threshold (usually 0.5), the instances are
classified into either the positive or negative class.

Logistic regression is commonly used in fields like healthcare (disease
diagnosis), marketing (customer churn prediction), and natural language
processing (sentiment analysis). It is an essential tool in the toolkit of
machine learning algorithms for classification tasks.
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Decision Trees: Decision trees are non-parametric supervised learning
models used for both classification and regression tasks. These models
recursively split the data based on the values of input features, creating a
tree-like structure where each internal node represents a decision based on
a feature, and each leaf node represents a class label or a numeric value
(Rokach & Maimon, n.d.).

The decision-making process in a decision tree starts from the root node
and moves down through the tree along edges, based on the feature values.
The splitting criteria aim to maximize the information gain or minimize
impurity, depending on the type of task (classification or regression).
Decision trees are favored for their interpretability, as they provide
transparent decision-making processes that can be visualized and
understood easily. However, they tend to overfit the data if not pruned
properly, leading to poor generalization on unseen data.
Random Forest: Random Forest is an ensemble learning method based on
the combination of multiple decision trees (Han et al., 2018). It aims to
improve the accuracy and robustness of decision tree models by
introducing randomness in two main ways:
a) Bootstrapped Sampling: For each tree in the forest, a random
subset of the original data is selected through bootstrapping (sampling
with replacement). This results in each tree being trained on slightly
different data, introducing diversity.
b) Feature Randomness: At each split in a tree, a random subset of
features is considered for the splitting criteria. This prevents a single
dominant feature from driving all decisions, further increasing
diversity.
Random Forest aggregates the predictions of individual trees, either
through majority voting (for classification) or averaging (for regression),
to arrive at the final prediction. The ensemble nature of Random Forest

helps reduce overfitting and improves generalization.

Random Forests are widely used in various domains, such as image
classification, customer churn prediction, and anomaly detection. They are
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considered one of the most powerful and versatile machine learning
algorithms.

Support Vector Machines (SVM): Support Vector Machines (SVM) are
powerful supervised learning algorithms used for both classification and
regression tasks. SVM focuses on finding the hyperplane that best
separates data points of different classes in a high-dimensional space. In
the case of linearly separable data, SVM finds the optimal hyperplane that
maximizes the margin (distance) between the two classes (Sari et al.,
2019).

When the data is not linearly separable, SVM uses a technique called the
kernel trick to transform the data into a higher-dimensional space, where it
becomes linearly separable. Common kernel functions include polynomial
kernels, radial basis function (RBF) kernels, and sigmoid kernels.

The primary advantage of SVM lies in its ability to handle high-
dimensional data effectively and perform well even on small datasets.
Additionally, SVM can handle both linear and nonlinear decision
boundaries. However, SVM's main limitation is its sensitivity to the
choice of hyperparameters and the computational cost, particularly when
dealing with large datasets. SVM finds applications in various domains,
such as image recognition, text classification, and bioinformatics.

Neural Networks: Neural Networks, inspired by the human brain's neural
structure, are a class of deep learning models used for various tasks,
including image and speech recognition, natural language processing, and
reinforcement learning. They are composed of interconnected artificial
neurons organized in layers (Macukow, 2016).

The basic building block of a neural network is a neuron or node, which
receives inputs, applies a weighted sum, and passes the result through an
activation function to produce an output. Neural networks consist of an
input layer, one or more hidden layers, and an output layer.

During training, neural networks adjust their weights and biases through a
process called backpropagation. This process uses optimization techniques
like stochastic gradient descent to minimize the difference between the

predicted outputs and the actual labels.
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Deep neural networks, known as deep learning models, have demonstrated

impressive capabilities in handling large-scale, complex data and have

achieved state-of-the-art performance in various domains, including

computer vision, natural language processing, and game-playing.

k-Means Clustering: k-Means Clustering is an unsupervised machine

learning algorithm used for partitioning data into k clusters, where each

data point belongs to the cluster with the nearest mean. The algorithm

aims to minimize the variance within each cluster while maximizing the

variance between clusters (Said & Jambek, 2021). The k-means algorithm

works as follows:

1. Randomly initialize k centroids.

2. Assign each data point to the nearest centroid based on the Euclidean
distance.

3. Recalculate the centroids as the mean of all points assigned to each
cluster.

4. Repeat steps 2 and 3 until the centroids converge or a predefined
number of iterations is reached.

The final result of the k-means algorithm is a set of k clusters, each

represented by its centroid. These centroids act as prototypes or

representatives for their respective clusters. The k-means algorithm

converges when the centroids stabilize, and the data points are relatively

well-clustered around their assigned centroids.

One of the primary challenges in k-means clustering is determining the

appropriate value of k, which represents the number of clusters. Picking an

inappropriate value of k can lead to suboptimal clustering results. There

are various methods, such as the elbow method and silhouette score, to

help in selecting the optimal value of k based on the data.

Although k-means is straightforward and computationally efficient, it has

some limitations. Firstly, it assumes that clusters are spherical and have

equal variance, which may not be suitable for complex-shaped or

unevenly distributed data. Secondly, k-means can be sensitive to the initial

placement of centroids, which can lead to different clustering results.

To overcome some of these limitations, there are variations of k-means,

such as k-medoids (PAM: Partitioning Around Medoids), which use the
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medoid (most central point) instead of the centroid to represent the cluster.
This makes k-medoids more robust to outliers and data with non-spherical
shapes. K-means clustering finds applications in various fields, including
image segmentation, customer segmentation, anomaly detection, and
market research.

Reinforcement Learning Models like Q-learning: Reinforcement Learning
(RL) is a type of machine learning paradigm where an agent learns to
make decisions by interacting with an environment. The agent's goal is to
maximize a cumulative reward over time, making sequential decisions in
the presence of uncertainty.

One of the fundamental algorithms used in RL is Q-learning, which is
suitable for problems with discrete states and actions. The Q-learning
algorithm aims to learn an action-value function (Q-function) that
estimates the expected reward an agent will receive for taking a particular
action in a given state (Jang et al., 2019).

The Q-function is updated iteratively based on the agent's experiences
during the learning process. At each time step, the agent observes the
current state, takes an action based on an exploration-exploitation strategy
(e.g., epsilon-greedy), receives a reward, and transitions to a new state.
The Q-function is then updated using the Bellman equation, which
recursively incorporates the reward and the maximum Q-value of the next
state.

Over time, as the agent explores the environment and learns from its
experiences, the Q-function converges to the optimal action-value
function, which allows the agent to make informed decisions that lead to
the maximum expected cumulative reward.

One of the hurdles in Q-learning involves managing high-dimensional
state spaces, a factor that can significantly increase the computational
complexity and slow down the learning process. To address this, deep
reinforcement learning methods combine Q-learning with deep neural
networks, creating Deep Q-Networks (DQNs). DQNs have demonstrated
remarkable success in solving complex RL problems, such as playing

video games and controlling robotic systems.
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2.3.5.

Q-learning and its extensions are applied in various real-world scenarios,
including autonomous vehicles, robotic control, recommendation systems,

and game playing.

Deep Learning and Its Models

Deep learning is a subfield of machine learning that focuses on building and training

artificial neural networks with multiple layers (deep architectures). These networks

are inspired by the structure and function of the human brain and are capable of

learning complex patterns and representations from data (Sarker, 2021). Deep learning

has gained immense popularity in recent years due to its remarkable performance in

various tasks such as image recognition, natural language processing, and game

playing. Key characteristics of deep learning include.

1.

Neural Networks: At the core of deep learning are artificial neural
networks, which consist of interconnected nodes (neurons) organized in
layers. Each neuron receives input data, applies a weighted sum, and
passes the result through an activation function to produce an output. The
neurons in the subsequent layers build upon the outputs of the previous
layers, allowing for the learning of complex features and abstractions.
Deep Architectures: Deep learning models have multiple hidden layers
between the input and output layers. These deep architectures allow the
network to learn hierarchical representations of data, capturing intricate
patterns and features at different levels of abstraction. The ability to learn
from multiple layers enables deep learning models to handle increasingly
complex and challenging tasks.

Feature Learning: One of the significant advantages of deep learning is
its ability to automatically learn relevant features from the raw input data.
Unlike traditional machine learning approaches where feature engineering
is critical, deep learning alleviates the need for manual feature extraction,
making it more scalable and flexible. Deep learning models can
effectively learn and discover relevant features during the training process.
End-to-End Learning: Deep learning models are often trained end-to-

end, meaning they directly learn the mapping from input to output without
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explicitly decomposing the problem into intermediate steps. This approach
simplifies the learning process and reduces the risk of error propagation
across different stages. End-to-end learning has proven particularly useful

in computer vision and natural language processing tasks.

2.3.5.1. Various Deep Learning Models

1. Convolutional Neural Networks (CNNs): CNNs are widely used for
image and video recognition tasks. They utilize convolutional layers to
apply filters to input images, capturing local patterns and features such as
edges, corners, and textures. The pooling layers downsample the spatial
dimensions, reducing the computational complexity while retaining
essential information. CNNs have shown exceptional performance in
image classification, object detection, and image segmentation tasks
(Alzubaidi et al., 2021).

In CNN, the convolutional layer applies a set of learnable filters (kernels)
to the input image to create feature maps. Given an input image X, the
convolution operation at a specific position (i,j) in the feature map F can

be defined as in Equation 2.3:

Fij =YMASNIWmn-X({i+m),(j+n)+b (2.3)

Where, Wmn is the weight of the kernel at position (m,n), X(i+m),(j+n)
represents the pixel value of the input image at position (i+m,j+n), b is the

bias term.

The pooling layer then performs downsampling, typically through max
pooling, to reduce the spatial dimensions of the feature maps. The max-
pooling operation can be defined as Equation 2.4:

Pij = max(X(2i), (2)),X(20),(2j + 1), X(2i + 1), (2)), X(2i +

D, (Zj+1) (2.4)

Where, Pij is the pooled value at position (i,j) in the pooled feature map.
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Residual Networks (ResNets) represent a significant breakthrough in the
field of deep learning and have profoundly impacted the design and
performance of neural networks. Introduced by (He et al., 2015a), ResNets
addressed the critical issue of vanishing gradients, which often hindered
the training of deep neural networks. The core innovation of ResNets is
the introduction of residual learning, where shortcut connections, or skip
connections, are employed to bypass one or more layers.

In traditional neural networks, as the network depth increases, the
gradients tend to diminish, making it difficult to train deep models
effectively. This often results in degradation problems, where adding more
layers leads to higher training and test errors. ResNets tackle this problem
by allowing gradients to flow directly through these shortcut connections,
ensuring that the essential features are preserved and propagated through
the network.

The architecture of a typical residual block includes a series of
convolutional layers followed by an addition operation that merges the
input and the output of these layers. This approach enables the network to
learn residual functions with reference to the layer inputs, rather than
learning unreferenced functions. In essence, ResNets learn the difference
between the input and the output, rather than the entire transformation,
which simplifies the learning process.

To illustrate the working mechanism, consider a simple residual block
with two convolutional layers. The input x to the block undergoes
convolution, batch normalization, and a ReLU activation function to
produce an intermediate output. This intermediate output is then passed
through another set of convolutions, batch normalization, and activation
layers. Instead of directly using this final output, ResNets add the original
input x to the final output, creating the output y. Mathematically, this can

be represented as Equation 2.5:

y=F(x,{Wi}) +x (2.5)
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where F(x,{Wi}) represents the function learned by the convolutional
layers with weights {Wi}. This identity mapping ensures that even if the
learned function F(x,{Wi}) approaches zero, the information from x is
still propagated through the network. This mechanism significantly eases
the training of deep networks, allowing them to achieve better
performance and convergence.

ResNets have been proven to significantly improve the performance of
deep neural networks, allowing for the successful training of models with
hundreds or even thousands of layers. This advancement has led to state-
of-the-art results in various computer vision tasks, including image
classification, object detection, and segmentation. The ability to train
ultra-deep networks has also spurred further research and innovations,
such as DenseNets and other architectures that build upon the principles of
residual learning.

Recurrent Neural Networks (RNNs): RNNs are designed to handle
sequential data, such as time series, text, and speech. RNNs have feedback
connections that allow them to retain information from previous time
steps, enabling them to model temporal dependencies effectively.
However, traditional RNNs can suffer from the vanishing gradient
problem, limiting their ability to capture long-term dependencies. To
address this, variants like Long Short-Term Memory (LSTM) and Gated
Recurrent Unit (GRU) were introduced, which have improved memory
retention and gradient flow (Sherstinsky, 2020).

The hidden state ht at time step t in an RNN is updated using the input xt

and the previous hidden state ht—1 as Equation 2.6:

ht = Activation(Wih - xt + Whh - ht — 1 + bh) (2.6)

where, Wih is the weight matrix between the input and hidden layer, Whh
is the weight matrix between the hidden layer and itself, bh is the bias
term for the hidden layer.

However, traditional RNNs can suffer from the vanishing gradient

problem, limiting their ability to capture long-term dependencies. To
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address this, variants like Long Short-Term Memory (LSTM) and Gated
Recurrent Unit (GRU) were introduced. In LSTM, the update equations
are given as 2.7, 2.8, 2.9, 2.10, 2.11 and 2.12:

ft =a(Wif - xt + Whf - ht — 1 + bf) (2.7)
it =o(Wii-xt+ Whi-ht —1+ bi) (2.8)
ot = og(Wio - xt+ Who - ht — 1 + bo) (2.9)
¢t = tanh(Wic - xt + Whc - ht — 1 + bc) (2.10)
ct=ftOct—-1+itOCct (2.11)
ht = ot © tanh(ct) (2.12)

where, o is the sigmoid activation function, © represents element-wise
multiplication.

Generative Adversarial Networks: GANs comprise two neural
networks: a generator (G) and a discriminator (D), engaged in a
competitive game against each other. The generator tries to generate
realistic data samples G(z) given a random noise vector z, while the
discriminator aims to distinguish between real data samples and generated
samples. Through this adversarial training, GANs can create high-quality
synthetic data, leading to impressive results in image synthesis, style
transfer, and data augmentation. GANs have also been employed in
generating realistic deepfake videos and art generation (Fan & Hu, 2019).

The objective function for GANSs is defined as Equation 2.13:

minGmaxDV (D, G) = Ex ~ pdata(x)[logD(x)] + Ez ~ pz(z)[log(1 —
D(G(2)))] (2.13)

Where, pdata(x) is the distribution of real data samples, pz(z) is the
distribution of the noise vector z.

Transformer Networks: Transformers have revolutionized natural
language processing tasks. They use an attention mechanism to weigh the
importance of different words in a sentence, enabling them to model long-

range dependencies effectively. Transformers have shown state-of-the-art
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performance in machine translation, language modeling, question-
answering systems, and text generation (Lin et al., 2022). Pretrained
transformer models like BERT (Bidirectional Encoder Representations
from Transformers) have become popular for transfer learning in various
NLP tasks.

The attention mechanism in transformers calculates the attention weights
between each word in the input sequence X and all other words in the

sequence, generating the attention matrix A as in Equation 2.14:
Aij = exp(score(Qi,Kj)) / XN_,exp(score(Qi,Kk)) (2.14)

Where, Qi, Kj are the query and key representations of word i and j, N is

the total number of words in the sequence, score (Qi, Kj) = Qi-K;j'.

Attention weights A determines the importance of each word in the
sequence concerning all other words. The transformer then calculates the
weighted sum of the values Vj to obtain the output representation for each

word i is given in Equation 2.15:
Output; = ¥ Aij - Vj (2.15)

Transformers have shown state-of-the-art performance in machine
translation, language modeling, question-answering systems, and text
generation. Pretrained transformer models like BERT (Bidirectional
Encoder Representations from Transformers) have become popular for
transfer learning in various NLP tasks.

Autoencoders: Autoencoders are unsupervised learning models used for
feature learning and data compression. They consist of an encoder that
maps input data to a latent space representation and a decoder that
reconstructs the input from the latent space (Berahmand et al., 2024).
Autoencoders are useful for dimensionality reduction, denoising, and
anomaly detection. Variational Autoencoders (VAEs) add a probabilistic
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component, enabling them to generate new data samples from the learned
distribution.
Reinforcement Learning Models: Deep reinforcement learning
combines deep neural networks with reinforcement learning algorithms.
These models have been successful in achieving superhuman performance
in games like AlphaGo and Dota 2. They are also applied in robotics,
finance, and control systems. Deep Q-Networks (DQNs) and Proximal
Policy Optimization (PPO) are popular deep reinforcement learning
algorithms (Sivamayil et al., 2023).
YOLO: Introduced by (Redmon et al., 2015), YOLO brought a paradigm
shift in object detection by emphasizing speed and accuracy. Unlike
traditional methods that apply models to multiple regions of interest,
YOLO processes the entire image in a single pass, significantly reducing
computation time.
e YOLOV1: The Beginning
YOLOv1 redefined object detection by proposing a unified
architecture. It divides the image into an SxS grid, where each grid
cell predicts B bounding boxes and confidence scores. Each bounding
box consists of five predictions: x, y, width, height, and confidence.
The confidence score reflects the accuracy of the bounding box and
whether it contains an object. This version achieved impressive
speeds but struggled with small objects and localization errors.
Key Innovations:
Unified detection architecture.
Real-time processing with 45 frames per second (fps) on PASCAL
VOC.
e YOLOV2: The Refinement
YOLOv2, also known as YOLO9000, introduced several
improvements:
Batch Normalization: This normalization technique accelerated
convergence and improved accuracy.
High-Resolution Classifier: Training the classifier at higher resolution

enhanced the detector's performance.
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Anchor Boxes: Borrowed from Faster R-CNN, anchor boxes
improved the detection of objects with varied dimensions.

Multi-Scale Training: Training the network at different scales made it
more robust to scale variations.

YOLOvV2 achieved state-of-the-art performance on standard
benchmarks while maintaining high speeds.

YOLOvV3: The Leap Forward

YOLOv3 further improved upon its predecessors by:

Feature Pyramid Network (FPN): Enabling detection at three different
scales, enhancing the detection of both large and small objects.
Darknet-53 Backbone: A more powerful feature extractor, replacing
Darknet-19, with 53 convolutional layers.

Bounding Box Predictions: Using logistic regression for predicting
objectness scores, improving localization accuracy.

YOLOV3 balanced speed and accuracy, achieving 30 fps on a Titan X
GPU while maintaining high detection performance.

YOLOvV4: Performance Optimization

YOLOv4 focused on optimizing speed and accuracy for real-time
object detection:

Bag of Freebies (BoF): Techniques like Mosaic data augmentation,
Self-Adversarial Training (SAT), and Class Label Smoothing
improved training without additional inference costs.

Bag of Specials (BoS): Enhancements like Mish activation, Cross-
stage Partial connections (CSP), and Spatial Pyramid Pooling (SPP)
modules increased network capability.

CSPDarknet53 Backbone: A further refined backbone for better
feature extraction.

YOLOv4 achieved significant improvements in AP (Average
Precision) and fps, becoming a popular choice for real-time
applications.

YOLOV5: Towards User-Friendly Implementation

Developed by Ultralytics, YOLOV5 introduced ease of use and

deployment as key priorities:
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PyTorch Implementation: Making it accessible and easier to integrate
into existing workflows.

AutoAnchor and Hyperparameter Evolution:  Automatically
optimizing anchor boxes and hyperparameters during training.
Lightweight Models: Variants like YOLOv5s (small) for resource-
constrained environments.

YOLOV5 continued the trend of combining accuracy and efficiency,
with extensive community support and rapid iteration.

YOLOVvV6: Enhanced Performance

YOLOv6 focused on achieving superior performance while
maintaining efficiency:

Advanced Backbone Network: Improved feature extraction
capabilities.

Efficient Training Techniques: Incorporating new data augmentation
and loss functions.

Scaled Models: Providing different model sizes to cater to various
application needs, from edge devices to high-performance servers.
YOLOvV6 aimed to bridge the gap between lightweight models and
high-accuracy detection.

YOLOvV7: Cutting-Edge Innovations

YOLOv7 introduced state-of-the-art innovations for real-time
detection:

Extended Feature Extractor: Enhancing the network’s ability to detect
small and complex objects.

Optimized Inference: Further reducing latency and improving
throughput.

Improved  Post-Processing:  Refinements in  non-maximum
suppression (NMS) and other post-processing steps to increase
detection accuracy.

YOLOvV7 set new benchmarks for speed and accuracy in the object
detection landscape.

The selection of YOLOV7 for our analysis is justified by its cutting-
edge attributes, including Extended Efficient Layer Aggregation (E-
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ELAN), Model Scaling Techniques, Re-parameterization Strategy,
and the Auxiliary Head Coarse-to-Fine method. A crucial aspect of
the YOLO architecture is the efficiency of its convolutional layers
within the backbone, facilitating swift processing. The creators of
YOLOv7 have refined this aspect by building on previous
developments, considering the gradient path length necessary for
back-propagation and the memory allocation for storing layers.
Notably, the efficiency of network training is enhanced by
minimizing the gradient size required. E-ELAN, an advanced
iteration of the ELAN computational block, was selected for its layer

aggregation capability, a key feature depicted in Figure 2.6.
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Figure 2.6. Advancements in Layer Aggregation Techniques within the YOLOv7
Framework (C.-Y. Wang et al., 2022)

In object detection algorithms, standard metrics such as network
depth, breadth, and resolution are often considered during the training
phase. The YOLOv7 model introduces an innovative approach by
scaling both the depth and width of the network concurrently as it
combines layers, a process illustrated in Figure 2.7. This methodology
maintains an ideal architectural balance, ensuring model efficacy
irrespective of scale adjustments, either increasing or decreasing in

size.
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Figure 2.7. Scaling in YOLOvV7 (C.-Y. Wang et al., 2022)

Re-parameterization in this context involves refining a model's
weight distribution to bolster its capability in recognizing general
patterns, enhancing overall robustness. Recent advancements have
shifted towards module-level re-parameterization, where different
components within the network adopt unique re-parameterization
strategies tailored to their functions. YOLOvV7 strategically selects
network modules for re-parameterization by analyzing the pathways
of gradient flow, aiming to optimize the learning process.

While the YOLO framework traditionally relies on its final 'head'
layer for making predictions, the introduction of an auxiliary head
situated closer to the network's core presents distinct advantages. This
setup allows for parallel observations of the prediction and detection
heads during training. Given its fewer intervening layers, the
auxiliary head benefits from more direct supervision, leading to a
more effective learning process. The YOLOv7 team employed a
hierarchical supervision strategy, where feedback to the auxiliary

head varies in detail, adopting a coarse-to-fine methodology. This
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approach significantly boosts the model's training efficiency, a

concept depicted in Figure 2.8.
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Figure 2.8. Hierarchical Supervision Strategy for the Auxiliary Head in YOLOv7 (C.-
Y. Wang et al., 2022)

e YOLOVS: The Current Frontier
YOLOV8 continued to build on the strengths of its predecessors:
Hybrid Architecture: Combining elements from previous YOLO
versions and integrating new neural network components.
Adaptive Learning: Implementing advanced learning algorithms to
enhance model adaptability and generalization.
Comprehensive Deployment Options: Facilitating deployment across
diverse environments, including cloud, edge, and mobile devices.
Significant advancement in the YOLO lineage, bridging the gap
between object detection, tracking, instance segmentation, image

classification and pose estimation tasks. The performance comparison
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Figure 2.9. YOLOV8 performance compared to previous versions.

While traditional YOLO models were confined to object detection,
YOLOvV8x extends to instance segmentation, a task that involves not
only recognizing the objects in an image but also precisely outlining
each one (Jocher et al., 2023). The model predicts a pixel-wise mask
for each detected object, offering a more granular understanding of
the scene. In the context of this study, the chosen architecture is
YOLOvV8x-seg. The decision to employ this specific customization
stems from a thorough analysis of its performance metrics relative to
other segmentation architectures, as depicted in Table 2.4. This
customized version showcases unique characteristics that make it
well-suited for the task at hand, reflecting a balance of efficiency and
effectiveness that sets it apart from alternative models. Its specialized
design allows for more precise targeting of the research objectives,
leveraging the strengths of YOLOvV8 and optimizing them for the
particular demands of the segmentation task involved in this study.
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Table 2.4. Comparison of YOLOv8 Segmentation Architectures for Object Detection

and Segmentation Performance

Inference
Box | Mask | Inference Computational
Time on Model
Model mMAP | mAP | Timeon Complexity
Resolution A100 Parameters
Variation (50- | (50- CPU (Billions of
GPU (Millions)
95) 95) (ms) FLOPs)
(ms)
YOLOv8n | 640 pixels | 36.7 | 30.5 96.1 1.21 3.4 12.6
seg
YOLOvV8s- | 640 pixels | 44.6 | 36.8 155.7 1.47 11.8 42.6
seg
YOLOv8m- | 640 pixels | 49.9 | 40.8 317.0 2.18 27.3 110.2
seg
YOLOvV8I- | 640 pixels | 52.3 | 42.6 572.4 2.79 46.0 220.5
seg
YOLOvV8x- | 640 pixels | 53.4 | 43.4 712.1 4.02 71.8 344.1
seg

YOLOV9: The Latest Advancements

YOLOV9, the latest iteration in the YOLO series, introduces
groundbreaking advancements:

Programmable Gradient Information (PGI): Ensuring the preservation
of essential data across deep network layers, facilitating accurate
model updates and improving overall detection performance.
Generalized Efficient Layer Aggregation Network (GELAN):
Enabling superior parameter utilization and computational efficiency,
allowing for flexible integration of various computational blocks.
Information Bottleneck Principle: Addressing the challenges posed by
information loss in deep neural networks, ensuring the retention of

crucial information throughout the detection process.
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Reversible Functions: Mitigating the risk of information degradation,
especially in deeper layers, by allowing the network to retain a
complete information flow.

Impact on Lightweight Models: Ensuring that even with a streamlined
model, the essential information required for accurate object detection
is retained and effectively utilized.

YOLOV9 sets a new standard in real-time object detection, pushing
the boundaries of both speed and accuracy.

2.3.6. Object Detection Models Utilizing Machine Vision and Learning
Techniques

In the domain of computer vision, the methodology of object detection serves to
ascertain the existence of objects within images or video content. This technique
predominantly leverages machine learning or deep learning frameworks to yield
pertinent outcomes. The inherent capability of humans to swiftly discern and
categorize various objects within visual media is a faculty that object detection
endeavors to emulate within computational systems. The discipline of computer
vision, specifically the aspect concerning object identification, has witnessed
significant advancements in recent times. At its core, object detection entails the
determination of object positions within an image, a task known as object localization.
Concurrently, it aims to classify the objects detected, a process referred to as object
classification. As evidenced in Figure 2.10, there has been a notable increase in
scholarly contributions in this area, incorporating machine vision and machine

learning techniques.
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Figure 2.10. Evolution of Research in Machine Learning-Based Object Detection
(Accessed from Lens.org on 28/03/2022)

The predominant methodologies for object identification incorporate
techniques such as sliding window approaches and super-pixel segmentation,
exemplified by Multiscale Combinatorial Grouping (Arbelaez et al., 2014),
Constrained Parametric Min-Cuts (CPMC), Selective Search, EdgeBoxes (Zitnick &
Dolléar, 2014), and Objects in Windows. The R-CNN framework (Girshick et al.,
2014) stands out for its effectiveness in delineating areas as either objects or
background within the object detection process. Innovations by Viola and Jones
(Viola & Jones, n.d.) have refined sliding window techniques through the application
of Haar features. Additionally, the integration of Histogram of Oriented Gradients
(HOG) features (Dalal & Triggs, n.d.) with linear Support Vector Machines (SVMs),
coupled with the employment of Deformable Part Models (DPM), has facilitated the
construction of deformable models. The OverFeat method (Sermanet et al., 2013)
utilizes sliding windows on a convolutional feature map, interfaced with a fully
connected layer, to enhance detection and classification efficacy. In the realm of
Spatial Pyramid Pooling (SPP)-based detection, the aggregation of features from
designated regions on the convolutional feature map, followed by their introduction to
a fully connected layer, aids in the classification process (He et al., 2015b).

47



2.3.7. Methods for Identifying, Categorizing, and Analyzing Pavement Cracks

2.3.7.1. Traditional Approaches

Before the adoption of machine learning technologies in the field of pavement crack
analysis, traditional approaches were the norm. These earlier methods, which predate
the era of automation, were characterized by their significant demand for manual labor
and extensive time investment. Figure 2.11 illustrates the contributions of numerous
researchers to the area of road crack detection using these conventional techniques.
The primary methods of crack detection involved manual inspection or sensor-based
techniques, with a focus primarily on crack sealing and filling operations (CHUN et
al., 2015). The standard protocol involved obtaining construction maintenance records
for the selection of design and repair strategies based on road age, followed by manual
surveys to detect cracks. These surveys aimed to document the extent and severity of

pavement cracks.
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Figure 2.11. Illustration of Traditional Pavement Crack Detection (Accessed from
Lens.org on 16/04/2022)

As reported by (Jo & Ryu, 2015), damage to concrete pavement structures can

arise from both dynamic and static pressures. The application of a four-point bending
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assessment on standard concrete pavement specimens has been utilized to gauge the
endurance and responsiveness of integrated sensors, aiding in the identification and
monitoring of crack development. Various techniques have been applied to analyze
ultrasonic signals, assessing changes within structures by examining the signals'
characteristics. Studies have demonstrated that ultrasonic sensors can achieve 100%
accuracy in crack detection before they become visible to the naked eye, even if the
crack is not directly in the path of the ultrasonic wave. The results confirm the
feasibility of early crack detection using this methodology. Further research has
developed detection systems for identifying and monitoring internal crack propagation
using discrete strain sensors embedded within the pavement. Theoretical approaches,
based on linear elastic fracture mechanics, have been derived to locate bottom-up
cracks and track their progression using two or more discrete in-pavement strain
sensors. Experimental findings have shown that this crack detection method, utilizing
two discrete strain sensors, can accurately identify bottom-up cracks with an average

precision of 82.4%.

Cracking in concrete pavements is a critical concern for their performance,
particularly the emergence of internal bottom-up cracks, which can lead to water
infiltration within the pavement structure and subsequent degradation. Prompt
detection of such cracks in concrete pavements facilitates timely maintenance, thereby
enhancing the integrity and longevity of the infrastructure. Various researchers have
explored crack detection methodologies, employing diverse techniques. For instance,
employing a dynamic thresholding approach, a study (A. Zhang et al., 2017)
succeeded in identifying potential cracks as dark pixels within images. This research
utilized entropy analysis to segment thresholded images into distinct, non-overlapping
sections, creating an entropy block matrix to pinpoint image segments containing
potential crack pixels. Moreover, another study (Zalama et al., 2014) advocated for a
dual-threshold technique, applying a sophisticated Otsu edge segmentation algorithm
to remove road markings from images, followed by an enhanced, flexible iterative
threshold segmentation algorithm to isolate the remaining image segments.
Subsequent morphological denoising processes allowed for the delineation of the
crack outlines. In another innovation, a multiscale optimal edge segmentation

algorithm was proposed (Akarsu et al., 2016) for segmenting asphalt cracks based on
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their thickness distribution, achieving superior segmentation results compared to

conventional global thresholding methods.

Edge detection strategies also play a pivotal role in the identification of cracks
within pavement structures. (Amhaz et al., 2016) introduced an advanced Smart Edge
Detection method for the delineation of roadway boundaries. This method employs
wavelet transformation to enhance the visibility of obscured edges, coupled with a
sophisticated adaptive thresholding algorithm optimized through genetic algorithms.
Furthermore, research conducted by (H. Li et al., 2019) focused on a crack detection
approach that integrates bi-dimensional empirical mode decomposition with Sobel
edge detection. The bi-dimensional empirical mode decomposition serves as an
advancement of the standard empirical mode decomposition, effectively reducing
noise in the signal without the reliance on complex convolutional techniques. While
this edge detection algorithm is capable of mapping the distribution and outlines of
crack deformities, it is less effective in accurately capturing the internal details of the
cracks.

Regular inspections and maintenance are imperative for effective asphalt
preservation, as cracks not only impair the roadway's appearance and smoothness but
also diminish its lifespan. To efficiently detect cracks, a novel detection method was
developed based on a grid network (Cao et al., 2018), utilizing a segmentation
network alongside corner-based detection to facilitate crack extraction. This approach
employed the quantitative characteristics of cracks to establish thresholds for their
length and width, achieving error margins of 4.23% and 6.98%, respectively,
compared to actual measurements. Furthermore, a programmed system for conducting
asphalt crack analyses was suggested (Fan et al., 2018a), leveraging historical crack
data as a benchmark. Initially, a multiscale constraint approach was employed to align
images of recorded and inspected cracks, incorporating GPS-based coarse
localization, image-level alignment, and metric constraints. Verified crack pixels were
subsequently mapped onto the designated crack images, acting as initial points for
further crack investigation. Improvements in identifying cracks were realized through
the adoption of the Region Growing Method, which facilitated the discovery of
emerging cracks. This method was corroborated using actual asphalt images gathered
over a period, achieving an F-measure of 88.9% for tracking crack growth.
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2.3.7.2. Techniques Based on Machine Vision and Machine Learning

The study of detecting pavement cracks has greatly benefited from the integration of
machine vision and machine learning techniques. This field has experienced a
remarkable upswing in research interest, propelled by the rapid evolution of
recognition technologies and the increasing automation capabilities. The last decade,
in particular, has seen a notable escalation in academic endeavors within this domain,
a development that is comprehensively depicted in Figure 2.12. This illustration
highlights the progressive expansion and the transformative progression of scholarly
investigations focused on the integration of machine vision and machine learning to

enhance the accuracy and efficiency of pavement crack detection techniques.
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Figure 2.12. Scholarly Contributions on Pavement Crack Detection Utilizing Machine

Vision and Machine Learning (Accessed from Lens.org on 9/05/2022)

The assessment of pavement surfaces traditionally relies on the subjective
visual inspections by trained personnel and the quantitative analysis using specialized,
often expensive, equipment. Visual inspections, while crucial, are marred by their

labor-intensive nature, high costs, and a degree of subjectivity that could compromise
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the consistency and reliability of the assessments, thereby potentially endangering the
road infrastructure's integrity. This challenge is exacerbated in regions that lack the
requisite sophisticated inspection tools, leading to less frequent evaluations of the road
framework. In contrast, large-scale assessments employing mobile detection systems
or laser scanning technologies are more systematically conducted. These methods
utilize global positioning systems (GPS) to gather precise geospatial data from a
moving vehicle, integrating GPS units with digital imaging, cameras, laser scanners,
and omnidirectional video recorders. Although these quantitative inspections are
accurate, their extensive nature incurs significant costs, making them less viable for

smaller regions with limited financial resources.

To address these challenges, innovative approaches have been developed,
combining in-vehicle cameras and image processing technologies to offer a more
efficient and cost-effective means of examining pavement conditions. For example,
previous research introduced an automated technique for detecting cracks in asphalt
using image processing methods coupled with a Bayesian artificial intelligence
approach (Q. Zou et al., 2019). Additionally, recent advancements have led to the
development of pothole detection systems employing traffic cameras (W. Liu et al.,
2019). The advent of deep neural networks has further enhanced the capability to
accurately assess road surface damage. (A. Zhang et al., 2017) developed CrackNet, a
system designed to predict class scores for individual pixels, thereby facilitating the
detection of pavement cracks. However, many of these techniques primarily focus on
identifying the existence of cracks rather than classifying them based on their types.
Certain studies have attempted to categorize cracks by their orientation, such as
vertical and horizontal (Alshandah et al., 2020), or by their patterns, such as
longitudinal, transverse, and alligator cracking. Despite these efforts, the majority of
research tends to classify cracks into a limited number of categories. It underscores the
necessity for a more nuanced approach to accurately identify and classify the diverse

types of road cracks to enhance real-world crack detection models.

An innovative unsupervised road crack detection method, leveraging the dark
histogram and Otsu's thresholding technique, was introduced (Peng et al., 2015),
yielding promising results particularly in scenarios with low signal-to-noise ratios.
This approach was further refined through the use of crack width metrics, where
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researchers applied an enhanced unsupervised learning algorithm based on the least
squares method, effectively reducing errors in crack detection. A novel strategy was
employed utilizing the concept of window's base power to segregate emerging cracks
at various scales within the image, subsequently analyzing the interrelations among
cracks of differing scales and developing a crack evaluation model grounded in

multivariate statistical analysis.

To tackle the issue of irregular edge fractures possessing complex topological
features, a novel pavement crack detection system was devised, based on a random
forest algorithm. This model was calibrated by extracting fracture characteristics
across multiple scales and orientations. In further advancements, a computational
methodology was proposed for the detection of asphalt cracks (Sari et al., 2019),
initiating with the pre-processing phase to smooth the surface and accentuate existing
cracks. Support vectors were generated for each distinct segment using the Supervised
Learning technique SVM, facilitating the differentiation of cracks. This method

necessitates meticulous computational planning due to its complexity.

The realm of deep learning has seen substantial advancements across various
domains of machine vision, including image classification, object detection, and
segmentation. A plethora of deep learning-based algorithms, especially deep
convolutional neural networks, have been developed for the specific purpose of road
crack detection. These methodologies can be broadly categorized into three distinct
approaches: image-based grouping, object detection-based, and pixel-level detection
strategies. A single CNN model was utilized in (Y. Zhou et al., 2016) to approach the
issue of asphalt crack detection as a multi-label classification challenge. Concurrently,
DeepCrack was introduced (G. Li et al., 2022), employing an encoder-decoder
architecture for the segmentation of asphalt images into crack and non-crack regions.
Furthermore, a network structure was proposed (X. Wang et al., 2020), incorporating
four convolutional layers and maximum pooling in the encoder phase to abstract
features, followed by four subsequent modules in the decoder phase for detailed

segmentation.

Figure 2.13 illustrates a comprehensive overview of Al-based crack detection
models, categorizing them into machine learning and deep learning-based
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frameworks. Initially, the field predominantly relied on supervised learning models
within the machine learning paradigm, marking a significant progression from
unsupervised models. However, the introduction of deep learning techniques for
object detection has led to a paradigm shift, achieving superior detection outcomes.
This integration of deep learning with traditional machine learning methods has given
rise to hybrid models, blending the strengths of both approaches to enhance the

efficiency and accuracy of pavement crack detection.
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Figure 2.13. Categorization of Al-Based Models for Crack Detection

Considering the wealth of studies and the plethora of published works in the
realm of identifying and categorizing pavement cracks, it is crucial to methodically
compile, condense, and thoroughly evaluate this abundance of data. Table 2.5
compiles a curated selection of research within the area of pavement crack detection
and categorization, shedding light on the approaches used, their advantages, and their

intrinsic drawbacks.
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Table 2.5. Synopsis of Selected Studies on Pavement Crack Detection

Methodology

Strengths

Limitations

Citation

Convolutional
Neural Network

Demonstrated promising
model performance
through data
generalization and hybrid
data training, with cross-
testing enhancing the
labeling process.
Achieved 90% accuracy.

Does not account for
the precise
positioning of crack
pixels, focusing
solely on the binary
presence or absence
of cracks.

(Fanetal.,
2018a)

Deep
Convolutional
Neural Network
Fusion, U-Net
model

Optimization of crack
classification
hyperparameters was
achieved, with the model
tested on a specially
formulated dataset. The
model also facilitates
crack length calculation
via pixel labeling and
scanning.

The model’s average
accuracy was
relatively low at
78.7%.

(Fengetal.,
2020)

Deep Neural
Networks

Utilized a self-created
dataset, comprising
163,664 images collected
in collaboration with
local governments in
Japan.

The method does not
consider crack
length, and the

dataset’s recall and
precision were
moderate, at 75%.

(Maeda et al.,
2018)

Deep Supervision
Learning

Utilized a feature
pyramid and hierarchical
boosting approach to
improve low-level feature
representation, markedly
decreasing the time
required for crack
identification.

Evaluation focused
primarily on time
efficiency, with
limited data on
accuracy, recall, and
precision.

(F. Yang et
al., 2020)

Supervised Deep
Convolutional
Neural Network

Demonstrated superior

performance to traditional

techniques such as

Boosting and SVM, with

recall rates reaching
92.51%.

Relied on manual
image annotation,
raising concerns
regarding cost-
effectiveness and
practical
applicability. Crack
length was not
addressed.

(L. Zhang et
al., 2016)

Convolutional

Integrated ResNet with

Neural Network

Incidence of false

geographic information

positives suggesting

(Chun et al.,
2021)
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systems, complemented
by a mobile mapping
system, achieving 94.3%
accuracy.

cracks in images
without actual
cracks; the
refinement of crack
pixels was less than
ideal.

Wavelet
decomposition,
Ridgelet
transform, Image
enhancement

Proposed a novel image
enhancement algorithm in
ridgelet space, showing
potential in enhancing
and detecting road cracks.

The method, being
more traditional,
may not align with
current technological
expectations.

(Ashraf,
Sophian, et
al., 2022b)

SVM, Edge-
Based Approach

Introduced an automated
technique utilizing UAV-
captured footage for
crack detection, with key
edge selection and ortho-
image generation to
exclude non-road
elements.

The model's
accuracy was
relatively low at
75%.

(Dadrasjavan
etal., 2019)

CNN, SVM

Achieved high precision
in distinguishing between
crack and non-crack
images and classifying
longitudinal cracks, with
an accuracy of
approximately 98%.

While accuracy is
high, the model
primarily focuses on
simple detection
rather than
comprehensive crack
classification.

(Bhat et al.,
2021)

Deep Learning,
Yolov3

Utilized Yolo v3 network
training for crack
detection, achieving an
88% accuracy rate.

Manual labeling was
required, and the
model did not
significantly focus
on crack
classification.

(Nie & Wang,
2019)

dimensions.

2.3.7.3. Crack Characterization

procedure that proved both time-intensive and

56

resource-heavy.

Beyond the mere detection of road cracks, the characterization of these imperfections
plays a pivotal role in the maintenance and repair processes. Crack characterization
involves not only identifying the nature of the crack but also measuring its
Historically, this process was predominantly manual, with road

maintenance teams physically inspecting the cracks to ascertain their type and size, a

Inspired by

methodologies such as the Portuguese Trouble Catalog, a shift towards automated

systems for crack characterization was proposed (Oliveira & Correia, 2013). Within




this context, the application of dual Gaussian models emerged as a notably effective

technique for the unsupervised detection of cracks.

Upon the identification of a crack, a comprehensive asphalt crack inspection is
initiated, as outlined in (X. Wang et al., 2020). This process has been validated
through the analysis of asphalt surface images captured at various intervals,
employing a multiscale constraint method that incorporates GPS-based coarse
localization, image-level restriction, and metric restriction to accurately map original
crack pixels onto the current crack image. These mapped pixels then serve as precise
seed points for the subsequent investigation of the crack, with the Region Growing
Method (RGM) being utilized to unearth newly formed cracks. The efficacy of this
approach is underscored by an F-measure indicating an 88.9% improvement in crack

analysis outcomes.

In a further development, the work presented in (Fan et al., 2020) introduces
an innovative automated framework designed for the swift identification and
categorization of cracks based on high-speed survey imagery. This method entails an
initial pre-processing stage where morphological filters are applied to reduce pixel
intensity variations, followed by the employment of a dynamic thresholding technique
to isolate dark pixels indicative of potential cracks. Subsequently, the images are
segmented into non-overlapping blocks, with entropy calculations used to refine the
segmentation. A second round of dynamic thresholding applied to the entropy block
matrix aids in pinpointing image blocks containing cracks, which are then classified
according to their orientation (horizontal, vertical, miscellaneous) or identified as non-
cracked. The robustness of this methodology has been tested using two distinct image

databases, including one captured with advanced high-speed imaging equipment.

The integration of machine learning technologies into crack characterization
processes has markedly improved the efficiency and accuracy of these assessments.
By adopting block-level segmentation, cracks are isolated and subjected to type
analysis, while pixel-level segmentation facilitates the determination of the crack's
endpoints, thereby enabling precise measurement of the crack's dimensions. This
advanced approach, bolstered by pixel-level segmentation, represents a significant
leap forward in the domain of pavement crack analysis.
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2.4. PERFORMANCE PARAMETERS

Performance parameters in deep and machine learning are quantitative metrics used to

evaluate the effectiveness and accuracy of a model in solving a specific task. These

metrics help measure the quality of predictions made by the model and provide

valuable insights into its strengths and weaknesses. Understanding performance

parameters is crucial for selecting the right model, tuning hyperparameters, and

comparing different models for a given problem. Some of the essential performance

parameters used in deep and machine learning:

1.

Accuracy: Accuracy is one of the most fundamental performance metrics
and is defined as the ratio of correctly predicted instances to the total
number of instances in the dataset as shown in Equation 2.16. It provides a
general measure of how well the model performs overall. However,
accuracy can be misleading, especially when the classes are imbalanced,
and the dataset has unequal class distribution.

Accuracy = Number of Correct Predictions /

Total Number of Predictions (2.16)

Precision: Precision is the proportion of true positive predictions
(correctly predicted positive instances) to the total number of positive
predictions made by the model as shown in Equation 2.17. It helps
measure the model's ability to avoid false positives, indicating how precise

the model is when it predicts a positive outcome.

True Positive _ True Positive

Precision = — — = - —
True Positive+False Positive Total Predicted Positive

(2.17)
Recall (Sensitivity or True Positive Rate): Recall is the ratio of true
positive predictions to the total number of actual positive instances in the

dataset. It quantifies the model's ability to capture all positive instances,
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highlighting its sensitivity to detecting positive cases as shown in Equation
2.18.

True Positive _ True Positive

Recall =

True Positive+False Negative " Total Actual Positive

(2.18)

Specificity (True Negative Rate): Specificity is the ratio of true negative
predictions to the total number of actual negative instances in the dataset.
It reflects the model's ability to identify negative instances correctly and is
particularly relevant when the dataset has imbalanced class distribution as

shown in Equation 2.19.

Specificity = True Negatives / True Negatives +
False Positives (2.19)

F1 Score: The F1 score is the harmonic mean of precision and recall,
providing a balanced measure of the model's accuracy. It considers both
false positives and false negatives, making it a suitable metric for
imbalanced datasets as shown in Equation 2.20.

F1 score = 2 X Precision X Recall (2.20)

Precision+Recall

Area Under the Receiver Operating Characteristic Curve (AUC-
ROC): The ROC curve is a graphical representation of the model's true
positive rate (recall) against the false positive rate at various threshold
settings. The AUC-ROC is the area under this curve, indicating the
model's ability to discriminate between positive and negative instances
across different thresholds. A higher AUC-ROC value implies a better-
performing model.

Mean Absolute Error (MAE) and Mean Squared Error (MSE): MAE
and MSE are performance metrics commonly used in regression tasks.
MAE measures the average absolute difference between predicted and
actual values, while MSE measures the average squared difference

between predictions and actual values. Lower values of MAE and MSE
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10.

11.

indicate better regression model performance. The equations are shown in
2.21 and 2.22.

MAE = ZX0 |y = v, (221)
1 . . 2
MSE = ;Z?=1(yt(3w_yz§?ed) (2'22)

R-Squared (R2) Score: The R-squared score quantifies how well a
regression model fits the data compared to a simple mean baseline. It
represents the proportion of variance in the target variable that can be
explained by the model. Higher R-squared values indicate a better fit of

the model to the data as shown in Equation 2.23.

R2=1-—2F (2.23)

var (Virue)

Mean Average Precision (MAP): MAP is a performance metric often
used in information retrieval and ranking tasks. It calculates the average
precision across different recall levels, providing a comprehensive
evaluation of the model's retrieval quality.

Cohen's Kappa: Cohen's Kappa is a performance metric used to evaluate
the agreement between an automated model and human annotators in
classification tasks. It accounts for the agreement that could occur by
chance and provides a more reliable measure of model performance as

shown in Equation 2.24.
k= Po—Pe/1—Pe (2.24)

where Po is the observed agreement and Pe is the expected agreement.

Mean Absolute Percentage Error (MAPE): MAPE is a metric used in
forecasting tasks to measure the accuracy of predictions as a percentage. It
calculates the average percentage difference between predicted and actual
values, providing an understanding of the average error relative to the

actual values.
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18.

Root Mean Squared Error (RMSE): RMSE is another common metric
used in regression tasks. It is the square root of the average squared
difference between predicted and actual values. RMSE is more sensitive to
large errors compared to MAE and is widely used in cases where large
errors should be penalized more.

Confusion Matrix: The confusion matrix is a table that presents the
model's performance in a classification task. It shows the number of true
positive, true negative, false positive, and false negative predictions,
allowing a detailed analysis of the model's performance for each class.
Categorical Cross-Entropy (Log Loss): Categorical cross-entropy is a
loss function commonly used in multi-class classification problems. It
quantifies the dissimilarity between predicted probability distributions and
true class labels. Lower cross-entropy values indicate a better-performing
model.

Mean Squared Log Error (MSLE): MSLE is a metric used in regression
tasks to measure the accuracy of predictions on a logarithmic scale. It
calculates the average squared difference between the logarithms of
predicted and actual values, making it less sensitive to large errors.

Gini Coefficient and Lift Chart: These metrics are commonly used in
marketing and business analytics to evaluate model performance for
ranking tasks. The Gini coefficient measures the inequality between
predicted and actual rankings, while the Lift chart visually illustrates the
model's effectiveness in identifying positive cases compared to random
selection.

Jaccard Index (Intersection over Union - loU): The Jaccard Index is
used in segmentation and object detection tasks to evaluate the overlap
between the predicted and ground-truth regions. It measures the similarity
between two sets by calculating the size of their intersection divided by
the size of their union.

Balanced Accuracy: Balanced accuracy is particularly useful for
imbalanced datasets. It calculates the average accuracy of each class,
providing a balanced measure that considers both majority and minority

classes as shown in Equation 2.25.
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Balanced Accuracy = Sensitivity + Specificity/2 (2.25)

19. Matthews Correlation Coefficient (MCC): MCC is a metric that takes
into account true positive, true negative, false positive, and false negative
predictions in binary classification tasks. It provides a balanced measure
of classification performance, even for imbalanced datasets.

20. Explained Variance Score: The explained variance score is used in
regression tasks to quantify how well the model accounts for the variance
in the target variable. It represents the proportion of variance explained by

the model relative to the total variance in the target variable.

2.5. EVALUATION AND COMPARISON OF VARIOUS CRACK
DETECTION AND CLASSIFICATION APPROACHES

The evaluation of crack detection and classification models hinges on their ability to
accurately identify the presence of cracks and categorize their types, as delineated in
various studies. Key metrics such as accuracy, precision, sensitivity, and the F1
score—a balance between precision and recall—are essential for this assessment.
However, the performance of these metrics is often adversely affected by the skewed
distribution of data within the datasets used for model training, posing a challenge to
the integrity of the evaluation process (Ashraf et al., 2020). To construct an effective
model, considerations must extend beyond data collection and preprocessing to
include the fine-tuning of algorithmic hyperparameters and ensuring the model's
generalizability. The confusion matrix serves as an indispensable tool in this context,
facilitating the computation of accuracy and precision by categorizing outcomes into
True Positives, True Negatives, False Positives, and False Negatives, as illustrated in
Figure 2.14.
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In the exploration of performance metrics central to machine learning,

particularly within the context of crack detection and classification from images and

videos, a variety of neural network approaches and deep learning algorithms have

been employed. Techniques such as Convolutional Neural Networks, Modular Neural

Networks (Gunawan et al., 2018), Residual Depthwise Separable CNNs (lhsanto et
al., 2020), Recurrent Neural Networks, alongside methods like Yolo, SSD, ResNet,

UNet, and LeNet, represent the forefront of this research area. The evaluation of these

methods, as showcased in Table 2.6, provides a comparative analysis based on

performance parameters, illustrating the advancements and outcomes of scholarly

work in this field.

Table 2.6. Performance of Various Machine Learning Models

Technique Performance Metrics Reference
SVM Precision: 0.81, 0.73, 0.86
(L. Zhang
BOOSTING Recall: 0.67, 0.75, 0.92
etal., 2016)
CONV NETS F1 Score: 0.73, 0.74, 0.89
) Precision: 0.911; Recall: 0.948; | (Fanetal.,
Convolutional Neural Network
F1 Score: 0.922 2018b)
o (Mohan &
Precision: 0.80(Mohan & Poobal,
GoogleNet CNN, FPN Poobal,
2018b)e: 0.81
2018b)
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Random Structured Forests, o (Olson et
Precision: 0.96
SVM al., 2018)
CNN Precision: 0.8696; Recall: (Bhat et al.,
0.9251; F-Measure: 0.8965 2021)
Deep Convolutional Encoder- Recall: 0.71; Precision: 0.77; (Han et al.,
Decoder Network Intersection of Union: 0.59 2018)
Precision: 0.90; Recall: 0.87; F- | (Sarietal.,
CNN
Measure: 0.88 2019)

2.6. CHALLENGES

In recent years, the field of pavement crack detection and classification has gained
prominence, particularly at the intersection of Human-Computer Interaction (HCI) and
image analysis. The surge in research activities in this domain reflects an acute need
for more refined technological solutions. By bridging the gap between civil
engineering principles and HCI methodologies, this collaborative research effort aims
to tackle the complexities involved in accurately identifying and categorizing cracks

in pavement surfaces.

A primary obstacle in this field is the procurement of high-quality data, which
plays a pivotal role in the development and performance of machine learning models.
The reliance on publicly available datasets for research often leads to models that
underperform when applied to real-world scenarios. This highlights the necessity of
prioritizing data that closely mirrors real-world conditions in the development of

models for crack detection and classification.

Moreover, the quality of input data, be it images or videos, is frequently
compromised by noise factors such as shadows, variations in pixel intensity, and
different types of noise, all of which can significantly impede model performance.
Despite numerous pre-processing efforts to mitigate these issues, there remains a need

for enhanced data refinement through advanced digital image processing techniques.
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The process of reducing data dimensionality and selecting pertinent features
also presents significant challenges due to the complexity and cost associated with
choosing the most appropriate subset of features from a vast pool. Convolutional
Neural Networks (CNNs) are lauded for their ability to generate new features from
existing ones, thereby condensing the overall feature set and effectively encapsulating

the original data attributes.

The efficacy of crack detection and classification systems is heavily dependent
on the classifier's ability to accurately interpret algorithmic outputs. The training of
conventional machine learning classifiers, including CNNs, can be exceedingly time-
consuming, particularly with techniques like max pooling. Additionally, the
computational demands for traditional classifiers such as k-Nearest Neighbors (kNN),
Decision Trees, and Support Vector Machines (SVM) escalate with the expansion of
the dataset. To surmount these hurdles, a variety of deep learning models and
architectures like ResNets, U-Nets, YOLO, DenseNets, and SSDs are increasingly
being adopted.

The journey of developing a comprehensive model for crack detection,
classification, and characterization is fraught with challenges at each stage, from
initial data collection to data annotation, model construction, and ultimately, model
evaluation. A meticulous approach to each phase of development is essential to

minimize errors and achieve promising outcomes during the evaluation stage.

2.7. SUMMARY

The endeavour to automate the identification of pavement cracks has attracted
significant interest for its real-world relevance, transitioning from classic image
processing to sophisticated Al and deep learning strategies. This section presents a
detailed examination of the latest techniques put forward and employed by scholars in
recognizing, categorizing, and detailing pavement cracks. It examines the various
crack forms present in both concrete and asphalt surfaces, providing insights into

numerous studies, their methodologies, and outcomes.
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This segment introduces a standard structural blueprint for detecting,
categorizing, and detailing cracks, utilizing image analysis and machine learning
approaches. It further discusses the varied data gathering methods and image types
employed in this area. Acknowledging the pivotal importance of data for the efficacy
of model creation, this part offers a synopsis of accessible data compilations,

including detailed descriptions, to support model training and evaluation.

Additionally, this segment conducts a comparative review of different models
crafted for crack detection and categorization, assessing them against essential
efficiency indicators. It also highlights ongoing obstacles encountered by scholars in
this field. By the end of this chapter, Objective 1, which encompasses a thorough
understanding, identification and analysis of the current state of research in pavement

crack recognition, is fulfilled.
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CHAPTER THREE

METHODOLOGY

3.1. INTRODUCTION

In this study, a comprehensive approach to road crack detection and characterization
is undertaken through the development of three synergistic models. The first, a
customized adaptation of the YOLOv7 architecture, is tailored to meet the specific
needs of our dataset and project objectives, optimizing its capabilities in object
detection. Progressing further, the second model utilizes the advanced features of the
YOLOv8x algorithms, focusing on high-precision object detection, segmentation, and
classification. This model is fine-tuned to ensure peak performance within our
research parameters. The final model, a hybrid, ingeniously combines the
sophisticated pattern recognition of deep learning with the reliability of conventional
algorithms, creating a potent synergy that leverages the strengths of both approaches.
This integrative modeling strategy not only addresses the multifaceted challenges of
automated crack analysis but also aligns with the specific objectives of this research,
paving the way for significant advancements in the field of road infrastructure

analysis.

3.2. MODEL 1: CUSTOMIZED YOLOV7 FOR CRACK DETECTION AND
CLASSIFICATION

In this research, we present a novel model for the identification and classification of
pavement cracks. This methodology utilizes two distinct data sources: firstly, road
condition data captured via a camera-equipped survey vehicle, and secondly, publicly
available imagery of road cracks. This data is subjected to a series of advanced
preprocessing steps, including the extraction of image frames, labeling, augmentation,
and resizing. Subsequently, the processed data is segmented into training, testing, and
validation sets. These datasets are then analyzed using the YoloV7 algorithm, an

advanced and tailored approach for this specific use case. Following the algorithmic
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analysis, the model's effectiveness is rigorously evaluated. The proposed approach is

depicted in Figure 3.1.
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Figure 3.1. Proposed Research Methodology

3.2.1. Data Acquisition

This study utilizes the RDD2022 (Arya et al., 2022) online dataset, an extensive
collection of 47,420 road photographs from six diverse countries: Japan, India, the
Czech Republic, Norway, the United States, and China. The dataset includes over
55,000 instances of documented road damage. Four types of road damages, namely
transverse cracks, longitudinal cracks, alligator cracks, and potholes, are
comprehensively represented in this dataset. Notably, for this investigation, we
extracted data captured via smartphones affixed to motorcycles from the RDD2022.
Furthermore, our study enriched the dataset with real-world observations,
meticulously gathering images of road cracks from the vicinity of the International
Islamic University Malaysia, Gombak campus. This specialized dataset was obtained
using a GoPro Hero 8 camera mounted on a designated inspection vehicle. Figure 3.2
offers a visual representation of the vehicle-mounted camera system employed for

data collection.
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Figure 3.2. Installed Camera Setup on the Survey Vehicle

The data acquisition process was carefully tailored to simulate real-life road
environments. This entailed adjusting the camera’s height and orientation relative to
the surface to span a 3.1m width of the road, aligning with the standard width of a
single-lane roadway. Such calibration aimed to capture a view that accurately reflects
common road conditions. The intricacies of the camera specifications and the
outcomes of the calibration efforts are detailed in Tables 3.1 and 3.2. For collecting
this specific dataset, Calibration Setup 2 was selected, positioning the camera at a
height of 1.6m.

Table 3.1. Specifications of the Camera Configuration

Attribute Details
Camera Model GoPro Hero 8
Mounting Hardware GoPro Rod Mount
Operating Mode Custom Video Setting
Image Resolution 1080p
Frame Rate Options 24 fps, 60 fps
Lens Type Linear Field of View
Video Bit Rate Standard Quality (45 Mbps)
Minimum ISO Setting 100
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Table 3.2. Outcomes of Camera Calibration

_ ] Road Camera Proximity to )
Calibration ) _ Installation
Coverage | Orientation to Marked Road )
Setup ) Height
Width Ground Segment
3.1
Setup 1 90° + 35° 1.1 meters 1.30 meters
meters
3.1 Directly above
Setup 2 90° o 1.6 meters
meters midpoint

3.2.2. Data Preprocessing

Before the collected data was utilized for training the deep learning model, it was
subjected to a series of customized preprocessing procedures. These steps involved
extracting still frames from video recordings, annotating these images, augmenting the

dataset, and adjusting the image sizes for consistency.

The data specific to this research was initially recorded as video footage. From
these recordings, individual frames were extracted to serve as separate data points.
Each of these frames underwent manual labeling, employing the Roboflow annotation
tool designed for precise data marking. In addition, the RDD2022 public dataset,
which includes pre-annotated images of road cracks, was incorporated into the study.
The labeling conventions used for both the newly collected data and the RDD2022

images are comprehensively outlined in Table 3.3.

Table 3.3. Annotation Labels

Label Category RDD 2022 Labels Custom Data Labels
Longitudinal Crack D00 crack_long (1)
Transverse Crack D10 crack_trans (2)
Alligator Crack D20 crack_alligator (0)
Potholes D40 Pothole (3)
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The accuracy of forecasts produced by Supervised Deep Learning models is
significantly influenced by the quantity and variety of the data used for training.
Nevertheless, a prevalent challenge in crafting deep learning models is the scarcity of
extensive and varied datasets. Data augmentation seeks to address this challenge by
enhancing the dataset's richness, either by applying subtle modifications to existing
data or employing machine learning techniques to create new data points. In this
study, the following data augmentation techniques were applied:

1. Blurring: This effect softens the edges of elements in an image, making

them appear slightly unfocused. In our dataset augmentation, we applied a
2px blur to the RDD2022 images and a 4.5px blur to the images from our
custom dataset.

2. Brightness: This pertains to the light intensity or darkness of an image.

The brightness level of an image, post-capture or digital conversion,
reflects its light intensity. In our augmentation process, we adjusted the
brightness levels for images from both datasets within a range of +20% to
-20%.

Following the augmentation, we resized the image samples, a vital step in
image preprocessing for computer vision tasks. Resizing alters the dimensions of an
image, for example, scaling down from 1920x1080 pixels to 480%270 pixels, which
can significantly reduce the computational load and time required for training deep
learning models. For this project, we standardized the size of images from both
datasets to 640x640 pixels.

Table 3.4 provides a comprehensive overview of the total number of data
samples utilized in this study, both before and after applying the preprocessing
techniques. The datasets were segmented into training, validation, and testing subsets,
following an 80:20 split. Within this allocation, the testing and validation subsets each

comprised 10% of the total data.
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Table 3.4. Image Sample Counts Pre and Post Preprocessing

Count Before Count After
Dataset ) )
Preprocessing Preprocessing
RDD2022 2477 3893
Custom Data 470 851

3.3. CUSTOM YOLOV7 DEEP LEARNING MODEL

Deep learning, a sophisticated subset of machine learning, draws its inspiration from
the human brain's architecture and operational principles, forming what are known as
artificial neural networks. It's a methodology that enables machines to learn from
examples in a manner akin to human learning, a field that has garnered considerable
interest due to its groundbreaking achievements. Deep learning systems are adept at
directly absorbing knowledge from data in various forms, such as images, text, or
audio, making them highly effective for tasks involving detection and classification.
Remarkably, certain deep learning-based models have achieved extraordinary levels
of accuracy, sometimes surpassing human performance. These models are developed
through the use of large datasets with labeled instances and the application of complex

layers within neural networks.

In the context of this research, we utilized the YOLOv7 algorithm (C.-Y. Wang
et al., 2022), a part of the “’You Only Look Once” lineage known for its efficiency in
real-time object detection. YOLO models, categorized as single-stage object detectors,
consist of three main structural elements: the backbone (spine), neck, and head. The
backbone processes the input image frames, the neck integrates and refines the
features extracted from the backbone, and the head uses these features to predict
object locations and classifications, marking them with bounding boxes. YOLO
employs techniques like non-maximum suppression (NMS) during post-processing to
finalize its predictions. Figure 3.3 illustrates the core architecture of the YOLO model,

showcasing its innovative design.
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Figure 3.3. YOLO Architecture (Redmon et al., 2015)

Within this study, the YOLOv7 model was trained on preprocessed images,

each standardized to a resolution of 640x640 pixels. The algorithm was finely tuned to

meet the specific requirements of our research by adjusting a range of

hyperparameters. The details of these tailored configurations are summarized in Table

3.5.

Table 3.5. Tailored Hyperparameter Settings

Hyperparameter Value

Batch Size 20
Epochs 15 (for RDD2022)
50 (for Custom Dataset)

Initial Learning Rate 0.01
Final Learning Rate 0.1

Weight Decay 0.0005
Box loss gain 0.05
Cross Entropy Loss 0.3
Momentum 0.9
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3.4. MODEL 2: CUSTOMIZED YOLOV8X-SEG MODEL FOR CRACK
DETECTION AND CHARATERIZATION

The research methodology for this study, illustrated in Figure 3.4, establishes a novel
approach for the detection and characterization of road cracks. It initiates with an
innovative data acquisition process that meticulously calibrates camera settings to

accurately capture road images, which sets a new standard in data gathering precision.

Next, data collection is undertaken from various roads to compile a diverse and
comprehensive dataset for analysis, broadening the scope of study beyond what
previous research has encompassed. This thorough data collection process also
includes the transformation of videos into individual frames to better enable detailed

examination.

The study further stands out for its incorporation of a variety of data
augmentation techniques, including flipping, contrast conversion, random brightness
adjustment, and random exposure adjustment, to effectively enhance and diversify the
dataset. The data labeling process adopted for instance segmentation is another novel
feature of this research, enabling precise demarcation and localization of road cracks

that contributes significantly to detection accuracy.

In an important move, the YOLOv8x architecture is tailored to align
specifically with the crack detection requirements, enhancing its efficiency in
detecting, segmenting, and classifying road cracks. Post segmentation, the study
introduces an innovative process of converting segmented images into binary format
based on the masks. This unique approach effectively separates cracks from the

background, allowing for precise measurement of crack sizes.

Finally, the performance evaluation of the model provides a rigorous
assessment of its effectiveness and accuracy in detecting and characterizing road
cracks, showcasing the model's superior predictive capabilities. Taken together, these
groundbreaking aspects position this research methodology as a trailblazer in the field

of road crack detection and characterization.
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Figure 3.4. Process diagram of the executed work

3.4.1. Data Acquisition

In deep learning, comprehensive data collection is paramount for robust model
training and validation. Accurate and diverse datasets underpin the efficacy and
reliability of deep learning algorithms (Ashraf, Gunawan, et al., 2022). In the pursuit
of innovative road analysis, the data acquisition phase of this research took an
unprecedented approach to capture the intricacies of roads around Selangor and Kuala
Lumpur. Utilizing a GoPro Hero 8 camera, the research team engineered a specialized
mounting setup affixed to an inspection vehicle, a novel combination designed
specifically for this study.

What sets this data collection apart is the meticulous design that mirrors real-
world conditions, a critical aspect often overlooked in similar research. The camera's
height and angle were carefully calibrated to cover a road width of 3.1 meters,
reflecting the average width of a single lane on typical roads. This deliberate
alignment not only ensures a more realistic representation but also advances the

understanding of typical road scenarios, a groundbreaking development in the field.
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The intricacies of the camera specifications and the outcomes of the calibration
efforts are detailed in Tables 3.6 and 3.7. For collecting this specific dataset,

Calibration Setup 2 was selected, positioning the camera at a height of 1.6m.

Table 3.6. Specifications of the Camera Configuration

Attribute Details
Camera Model GoPro Hero 8
Mounting Hardware GoPro Rod Mount
Operating Mode Custom Video Setting
Image Resolution 1080p
Frame Rate Options 24 fps, 60 fps
Lens Type Linear Field of View
Video Bit Rate Standard Quality (45 Mbps)
Minimum ISO Setting 100

Table 3.7. Outcomes of Camera Calibration

_ ] Road Camera Proximity to ]
Calibration ] ) Installation
Coverage | Orientation to Marked Road )
Setup _ Height
Width Ground Segment
3.1
Setup 1 90° + 35° 1.1 meters 1.30 meters
meters
3.1 Directly above
Setup 2 90° o 1.7 1.6 meters
meters midpoint

Complementing the data acquisition methodology detailed earlier, the research
further encompasses a detailed mapping of the areas from where the road data was
collected around Selangor and Kuala Lumpur. This is vividly illustrated in Figures
3.5(a, b), which present the GPS road maps of the selected regions. The inclusion of

these maps not only enhances transparency and reproducibility but also offers a spatial
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context that allows future researchers to understand the diversity and specificity of the

locations.
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Figure 3.5. (a) GPS road Data around Selangor, (b) GPS road Data around Kuala

Lumpur

3.4.2. Data Preprocessing

Data preprocessing in machine learning and deep learning ensures that models receive
quality input, directly influencing their performance and accuracy. By cleaning,
normalizing, and transforming raw data, biases and irregularities are eliminated,
laying a solid foundation for effective algorithm training. Proper preprocessing not
only accelerates convergence but also enhances the generalizability and
interpretability of models (Gawhade et al., 2022). In the intricate process of data
preprocessing for our research, several methodical and advanced techniques were
employed to fine-tune the quality of data, ensuring it was primed for a rigorous road
analysis. Initially, we took videos that were captured using a vehicle mounted camera
setup and segmented them into individual frames. This pivotal step transitioned
continuous visual information into distinct and analyzable image units, offering a
clearer granularity of detail.

For the sake of uniformity and to cater to the specific requirements of deep
learning frameworks, each of these frames was resized to a consistent 640x640 pixel
resolution. This uniform dimensioning not only eradicated variations but also
optimized the images for computational efficiency in subsequent processing stages.
Understanding the importance of a varied dataset in training robust models, we
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introduced diversity by applying horizontal and vertical flips. Given a 50% probability
of occurrence for each type of flip, this strategy enriched our dataset, simulating an
expansive array of perspectives and real-world road scenarios, making the model more

robust and versatile.

Furthermore, we recognized the importance of lighting conditions in road
analysis. As such, we systematically adjusted parameters such as image brightness and
exposure. Specifically, the brightness of each image was tweaked within a spectrum
ranging from -40% to +40%, and exposure saw modulations between -16% and
+16%. These calibrations were not arbitrary; they were devised to replicate the myriad
lighting conditions a vehicle might encounter, from the low-light conditions of dusk or
an overcast day to the high-exposure scenarios of noon or a sunlit highway. Through
this meticulous preprocessing regimen, our aim was to cultivate a dataset that wasn’t
just vast, but also representative of the multifaceted conditions of real-world roads.
This would, in turn, provide a solid foundation for training a machine learning model

with enhanced accuracy and versatility.

3.4.3. Data Labeling

Data labeling is the bedrock of supervised machine learning, transforming raw
information into a format algorithms can learn from. By providing a clear framework
of input-output relationships, it guides models to discern patterns and make accurate
predictions (Dong & Rekatsinas, 2018). In essence, without accurate data labeling,
even the most advanced machine learning systems would lack direction and purpose.
In this research, we used the Roboflow data annotation tool to label the frames
extracted from recorded videos, focusing on three specific classes of road cracks:
alligator cracks, longitudinal cracks, and transverse cracks. The labels assigned to
these classes were “crack-alligator,” “crack-long,” and "crack-trans,” respectively.
This methodical approach to labeling, based on instance segmentation, ensures precise

identification and categorization of the most common types of road damage.

The images were strategically split so that 80% were used for training and the

remaining 20% for validation and testing. This division, chosen to provide a
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comprehensive learning base while also allowing for effective validation and testing,

was organized as shown in Table 3.8.

Table 3.8. Summary of Data Distribution for Training, Validation, and Testing of
Road Crack Classes

Training | Validation | Testing
Class Label Total
Images Images Images
Alligator _
crack-alligator 760 80 40 880
Cracks
Longitudinal
crack-long 760 80 40 880
Cracks
Transverse
crack-trans 380 47 23 450
Cracks
Total 1900 207 103 2210

With a total of 1900 training images, it was ensured a robust learning
experience for the model was attained. Additionally, the 207 validation images and
103 testing images allowed for a thorough evaluation of the model's performance.

Some representational images of annotated data are shown in figure 3.6.

Figure 3.6. Annotated image frames with crack type for instace segmentation
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3.4.4. Yolov8x Model Customization

The architecture of YOLOV8Xx is carefully designed to efficiently learn from both
detection and segmentation tasks. It includes a backbone for hierarchical feature
learning and a specialized head for segmentation prediction. The detection part
provides bounding boxes and class probabilities as earlier YOLO versions, while the
segmentation part extends these predictions to pixel-level accuracy. In the
customization of the YOLOV8x-seg architecture for this research, a key modification
was made by adding mask branch, adding a convolutional layer after the last
classification layer. The convolutional layer had the same number of output channels
as the number of classes that were been detected. The decision to add the mask branch
to the head, rather than the backbone, stemmed from a careful analysis of their
respective responsibilities and the implications for the model's performance.

Within the YOLO architecture, the head is tasked with predicting the bounding
boxes of objects, while the mask branch specializes in predicting the pixel-level masks
for these objects. Integrating the mask branch with the head fosters a more nuanced
understanding of the relationship between the bounding boxes and the masks. This
synergy leads to better performance in mask prediction. Conversely, adding the mask
branch to the backbone, responsible for feature extraction, would not align well with
the nature of the mask prediction task. While feasible, this approach is less effective as
it does not leverage the specialized capabilities of the head in object localization. The
algorithm presented in Figure 3.7 presents more understanding on the model

customization and development.

Initialize:
model = initialize model ('YOLOv8x-seg')
Customize model architecture:
add mask branch (model, head layer)
add conv_layer after classification (model,
num_output channels=len (crack types))
For each epoch:
loss = train model (model, labeled data)

If loss < loss threshold:

80




break

evaluate model (model, validation data)

Initialize:
crack types = ['longitudinal', 'transverse', 'alligator']
classified cracks = classify cracks (model, frames,

crack types)
characterized cracks =
characterize cracks(classified cracks,
method="pixel level segmentation')
analyze crack properties(characterized cracks, metrics=['size',
'shape, 'orientation'])
For each epoch:
adjust model parameters (model)
accuracy, recall = validate model (model, validation data)
If accuracy > accuracy goal and recall > recall goal:
Break
Initialize:
real world performance=test model (model, real world condit
ions)
benchmark results = benchmark (model, existing solutions)
print ('Model performance:', real world performance)

print ('Benchmark results:', benchmark results)

Figure 3.7. Proposed YOLOv8x-Seg Algorithm for Pavement Crack Detection and

Segmentation

In the endeavor to create an adept model for not only detecting but also
characterizing road cracks using instance segmentation, hyperparameter customization
emerged as a paramount step. This process required a detailed and explorative trial-
and-error approach. Given the multifaceted nature of road crack data, which mirrors
real-world conditions and involves complex patterns, a specialized approach was
necessary. The goal was to not merely identify the cracks but to segment and
characterize them according to specific classes, namely crack-alligator, crack-long,
and crack-trans. Instance segmentation enabled the precise localization of road cracks

and allowed for a detailed understanding of their type, shape, and orientation.
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The hyperparameter tuning, conducted through a methodical process of trial
and error, targeted the unique complexities of this task. It led to the discovery of the
optimal combination of hyperparameters, thereby enhancing the model's ability to
recognize and analyze the multifarious features present in road crack data as shown in
Table 3.9.

Table 3.9. Customized Hyperparameters

Hyperparameter Value
Initial Learning Rate (Ir0) 0.01
Final Learning Rate (Irf) 0.1

Weight Decay 0.0005
Box loss gain (box) 7.5
Class loss gain (cls) 0.5
Dual Focal Loss (dff) 1.5
Keypoint Object Loss Gain (kobj) 1.0
hsv-h 0.015
hsv-s 0.7
hsv-v 0.4
Momentum 0.937

3.4.5. Crack Size Assessment

A critical aspect of the methodology revolves around the assessment of the size of

detected cracks. The steps, though intricate, ensure accurate estimation of crack
dimensions, vital for infrastructure maintenance planning.

1. Segmentation Output: The YOLOv8x-seg model, trained and optimized

on the collected dataset, produces a segmented image as its output. This
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image distinctly marks the cracks and classifies them based on their types:

alligator, longitudinal, or transverse.

Image Cropping: For a focused and accurate assessment, the segmented
images were cropped to isolate and retain only the crack regions. This
cropping eliminates unnecessary parts of the image, ensuring a more
precise calculation of the crack's size. Furthermore, by narrowing down
the region of interest, computational costs were minimized, and potential
noise from other parts of the image was eradicated, leading to more

reliable results.

Binary Conversion: Leveraging computer vision and image processing
techniques, the segmented output is transformed into a binary format. The
segmented region highlighting the crack displays pixels of a particular
kind, distinct from the rest of the image. This distinction arises from the
fact that the segmented cracks in the model's output are characterized by a
unique color. Using this color as a reference, the image is converted to a
binary format where the crack region is represented by one color (usually
white) and the non-cracked regions by another (typically black).

Pixel Calculation: Once in binary format, the crack pixels are enumerated
based on Equation 3.1. This quantified representation offers a direct
measure of the extent of road damage.

Cp = Ty (3.1)

WhereC,, are the Crack Pixels and T, are the total number of white pixels
in the Binary Image

Size Conversion: To translate the crack size from pixels to real-world
measurements, a conversion formula is utilized. Given the camera's height
from the road (1.6m) and the road width coverage (3.1m), the relationship
between the pixels and real-world dimensions can be defined by:

For Transverse and Longitudinal Cracks: The relationship between the

pixels and real-world length is defined by Equation 3.2:

C, = C, X (3.1 meters /Total width n pixels) (3.2)
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Were, C; is the Crack Length (in meters).
For Alligator Cracks: Considering the same parameters, but since the
alligator crack covers an area, the relationship between the pixels and the

real-world area is defined by Equation 3.3:

Crack Area = C, X (3.1meters X Cs/

Total pixels in the image) (3.3)

Where C; is Camera's Field of View in the transverse direction (in

meters) which refers to the length of the road that the camera captures in

its frame from its given height of 1.6m.

The outlined approach for crack size assessment offers several advantages.
First, it ensures a systematic and scalable method to gauge road damage. By
harnessing the power of instance segmentation combined with traditional image
processing, it bridges the gap between high-tech Al models and tangible, on-ground
metrics. This integration is crucial for operationalizing Al in the domain of
infrastructure inspection, rendering the methodology both novel and practically

significant.

3.5. MODEL 3: ADVANCED HYBRID DEEP LEARNING FOR CRACK
DETECTION, CLASSIFICATION AND SEGMENTATION

This section unfolds the methodological architecture of a novel deep learning model
meticulously designed for the segmentation and subsequent classification of road
cracks as shown in Figure 3.8. The approach encapsulates a sequential pipeline that
initiates with segmentation to precisely localize the cracks, followed by classification
to categorize their characteristics. This dual-phase process aims to achieve high

accuracy and specificity in the automated analysis of road surface conditions.
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Figure 3.8. Proposed Research Methodology

The initial phase of the methodology commences with the comprehensive
dataset acquisition, succeeded by a rigorous preprocessing regimen to condition the
data for optimal neural network performance. The preprocessed data is first channeled
into the segmentation phase, which is powered by a Deep Gradient ResNet
architecture. This phase is meticulously constructed with conv_blocks comprising
convolutional layers, ReLU activations, and batch normalization, tailored for the
nuanced task of extracting detailed spatial features of road cracks.

Central to this phase is the innovative use of an Attention mechanism that

intelligently enhances the model's focus on pertinent features within the residual
connections, thereby refining the segmentation process. The output of this stage is a
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segmented image that delineates the cracks, providing a clear target for the subsequent

classification phase.

Following segmentation, the classification pathway leverages the robust
foundation of the ResNet-50 architecture. It employs a sequence of convolutional
layers, batch normalization, and ReLU activation functions, interspersed strategically
with dropout layers to prevent overfitting. This deep CNN structure is instrumental in
distilling the segmented features into a form amenable to classification.

The concluding segment of this pipeline is the application of the trained model
to predict outcomes, which are then meticulously evaluated using an array of
performance metrics. These metrics not only attest to the model’s precision but also
provide a quantitative assessment of its performance in the real-world task of crack

detection and characterization.

3.5.1. Data Acquisition for Enhanced Road Crack Analysis

In the realm of deep learning, the caliber of the dataset is a cornerstone that dictates
the success of model training and the veracity of subsequent validations. It is well-
established that a dataset's accuracy and heterogeneity are critical to the soundness and
generalizability of deep learning models. To this end, the data acquisition segment of
our methodology adopts an innovative strategy to encapsulate the complexities of road

surfaces within Selangor and Kuala Lumpur.

Capitalizing on the advanced imaging capabilities of a GoPro Hero 8 camera,
our team devised a custom mounting apparatus, specifically tailored and attached to a
vehicle designated for inspection. This bespoke assembly, a first-of-its-kind for this
type of research, allowed for the systematic capture of high-fidelity road surface data.
The selection of the GoPro Hero 8 was strategic, owing to its high resolution and
dynamic range, ensuring the clarity and detail of road anomalies were preserved in the

collected footage.
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Diverging from conventional methods, the data collection process was
engineered to emulate authentic driving conditions meticulously. The camera was
strategically positioned at a height and angle to span a 3.1-meter breadth of the road,
which mirrors the average lane width encountered in the targeted geographical locales.
This precise configuration was instrumental in acquiring data that not only embodies
realistic road scenarios but also enriches the dataset with a level of detail that is often

absent in comparative studies.

This alignment is more than a technicality; it is a thoughtful consideration that
bridges the gap between simulated test environments and the variable nature of real-
world road conditions. By adopting such a realistic capture strategy, the dataset
elevates the potential for the developed model to understand and interpret typical road
scenarios more accurately. The implications of this approach are significant, paving

the way for groundbreaking enhancements in the field of automated road analysis.

In addition to the original data collected using the GoPro Hero 8 camera, this
research also utilized the CRACK500 dataset to supplement and diversify our training
and validation data. The CRACKS500 is a well-regarded, publicly available dataset that
consists of 500 images of road cracks, annotated with precise ground truth labels for
crack detection and segmentation tasks. These images encompass a variety of road
types, conditions, and lighting scenarios, providing a broad spectrum of real-world

data that is invaluable for training deep learning models.

The inclusion of the CRACK500 dataset serves several purposes. First, it
enhances the volume of data available for the model to learn from, which is crucial for
deep learning algorithms to perform well. More data leads to better model
generalization, allowing the algorithm to learn the intricacies of road crack patterns
and variations more effectively. Second, it introduces a wider range of crack types and
road conditions to the model, ensuring that it does not overfit the specific

characteristics of the roads in Selangor and Kuala Lumpur alone.

By combining the CRACKS500 dataset with the data collected from local roads,
the model gains exposure to a more comprehensive array of crack instances, leading to
improved robustness and accuracy in crack detection and characterization across

87



various environments. This blended dataset approach underpins the model's ability to
perform consistently well in a multitude of real-world scenarios, marking a significant
stride in the advancement of automated road analysis technologies. Representational
pictures from the combined dataset are shown in Figure 3.9.

y

| Figure 3.9. epresntational Images from our dataset

3.5.2. Train-Test Split

The train-test split is a common practice in machine learning that divides the dataset
into two parts: one for training the model and one for testing its performance. In this
case, the dataset has been split in a 90:10 ratio, meaning that 90% of the images are

used for training and 10% for testing.

Using 90% of the images for training allows the model to learn from a vast
majority of the data, which can lead to a better understanding of the patterns and
features associated with road cracks. It gives the model ample examples to learn from,
which is crucial for deep learning models that require a lot of data to generalize well.

The remaining 10% of the images are set aside to test the model. This test set
is a separate, untouched portion of data that the model has never seen before. It acts as
a new set of examples to evaluate how well the model can apply what it has learned to
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new, unseen data. This can give us a good indication of how the model will perform in

real-world scenarios, where it will encounter data, it has never seen during training.

Splitting the dataset into 90% for training and 10% for testing can indeed raise
concerns about potential overfitting. However, this approach is justified for several
reasons, especially in the context of training a model from scratch as in this case on
real-world data for pavement crack detection and characterization:

1. Large Training Data: Using 90% of the data for training ensures that the
model is exposed to a wide variety of crack types and conditions, which is
crucial for learning the complex patterns inherent in real-world pavement
cracks.

2. Real-World Variability: Real-world data is often noisy and varied. A
larger training set helps the model generalize better by learning from
diverse examples, reducing the risk of overfitting compared to synthetic or
less varied data.

3. Model Robustness: For complex tasks like pavement crack detection,
having more training data allows the model to develop a more robust
understanding of the features that distinguish different crack types, leading
to better performance even on unseen data. Table 3.10 shows the split of

images for training and testing.

Table 3.10. Train Test Split

o Testing Set
Total Images Training Set Images
Images
3699 3329 370

3.5.3. Data Preprocessing

In training deep learning models for road crack detection, data preprocessing is a
pivotal step that ensures models receive the best possible input to learn from. This

stage includes cleaning, normalizing, and transforming raw data to eliminate biases
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and irregularities, which is fundamental for the effective training of algorithms. Proper
preprocessing not only hastens the learning process but also amplifies the models'

ability to generalize and interpret data accurately.

Our research employed a systematic and advanced approach to preprocessing.
We began by extracting individual frames from videos captured by a camera mounted
on a vehicle, thus transforming continuous visual information into discrete, analyzable
images. These images were then resized to a uniform resolution of 256x256 pixels,
which not only provided consistency but also optimized them for computational

efficiency in the subsequent processing stages.

To bolster the diversity of our dataset and enhance the robustness of our
model, we introduced variations through horizontal and vertical flips, each with a 50%
chance of being applied to any given image. This approach simulated a broader range
of perspectives and real-world road scenarios. In addition, we carefully adjusted the
brightness and exposure of the images, modifying the brightness by up to £40% and
the exposure by up to +16%, to replicate the various lighting conditions a vehicle

might encounter.

The CRACKS500 dataset, an established collection of road crack images,
underwent the same meticulous preprocessing. It was important that the CRACK500
images were treated equally to ensure uniformity across the board. These images, like
our own, were resized, flipped, and had their lighting conditions adjusted to ensure

they were representative of the diverse environments one might encounter.

Furthermore, for the multi-class segmentation aspect of our project, label
encoding was applied to both our collected images and the CRACK500 images. This
labeling is crucial for training the model to identify and distinguish between different

types of road damage.

By subjecting both the locally collected images and the CRACKS500 dataset to
this rigorous preprocessing regimen, we aimed to cultivate a dataset that was not only
extensive but also reflective of the multifaceted conditions of real-world roads. This
sets a strong foundation for training a machine learning model with enhanced
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accuracy and adaptability, ensuring it's well-equipped to handle the complexities of

road crack detection and analysis.

3.5.4. Deep Gradiant Resnet Segmentation

The Deep Gradient ResNet Segmentation approach is a sophisticated method in
machine learning that combines the strengths of Deep Learning, Gradient-based
learning, and Residual Networks (ResNet) for the task of image segmentation. Image
segmentation is the process of partitioning an image into multiple segments, or sets of
pixels, often with the goal of simplifying or changing the representation of an image

into something that is more meaningful and easier to analyze.

Here's a simplified breakdown of the components in Deep Gradient ResNet
Segmentation:

1. Deep Learning: This is a class of machine learning algorithms that use
multiple layers of nonlinear processing units for feature extraction and
transformation. Each successive layer uses the output from the previous
layer as input. In the context of image segmentation, deep learning can
process the input images through these layers to learn the features
necessary for accurate segmentation.

2. Gradient-Based Learning: This involves using the gradient of the loss
function to update the network parameters in the direction that will
minimize the loss. The gradient is a multi-dimensional slope that tells you
how to change your parameters to make the model's predictions more
accurate.

3. Residual Networks (ResNet): ResNet architecture introduces the concept
of a "residual block™ which includes skip connections that jump over one
or more layers. Traditional deep learning models struggle with the
vanishing gradient problem as they get deeper, but ResNet's skip
connections allow for the training of very deep networks by enabling the
gradient to flow through the network directly.

4. In segmentation, particularly with the Deep Gradient ResNet approach, the

aim is to classify each pixel in the image into a category (such as "road
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crack™ or "not road crack™). The ResNet model would go through layers,
learning to identify features of road cracks, and the gradient-based
optimization would tweak the model's weights to improve its accuracy

over time.

To provide a visual explanation, Figure 3.10 presents a simplified

representation of a segmentation task using the Deep Gradient ResNet approach.

Extraction Segmentation

Figure 3.10. Deep Gradient ResNet Approach

e Input Image: An image of a road surface that needs to be analyzed for
cracks.
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e Feature Extraction: Layers of the ResNet model process the image and
identify features relevant to road cracks.

e Segmentation Map: The model produces an image where each pixel's
classification corresponds to a category, with road cracks marked
distinctly.

e  Output Image: A segmented image that highlights the cracks.

The Deep Gradient ResNet approach combines deep learning, gradients, and
Residual Networks (ResNet) to perform tasks like image segmentation. The

mathematical concepts involved in this approach:

1. Residual Learning: ResNet introduces residual learning to ease the
training of networks that are substantially deeper than those used
previously. The core idea is to fit a residual mapping F (x) rather than the
desired underlying mapping H(x). This is done by using shortcut
connections (also called skip connections) that skip one or more layers.
The original mapping is recast into F(x) + x.

2. Layer Operations: A typical ResNet layer for an input x will have the

following operation as shown in Equation 3.4:

Xie1 = X+ FQ, W) (3.4)

where x; is the input to the I-th layer, W, are the weights of the I-th layer,
and F is the residual function (for example, a stack of two 3x3
convolutions).

3. Batch Normalization: After each convolutional operation, batch
normalization is applied, which normalizes the output of the previous
layer by subtracting the batch mean and dividing by the batch standard

deviation. Mathematically shown in Equation 3.5:

x = =EE (3.5)
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where pjp is the batch mean, o2 is the batch variance, and e is a small
constant for numerical stability.
Activation Functions: A ReLU (Rectified Linear Unit) activation

function is often used, which is as shown in Equation 3.6:
ReLU(x) = max(0,x) (3.6)

This introduces non-linearity into the model and allows for complex
functions to be learned.

Gradient Descent: The parameters of the network are updated using
gradient descent, where the update rule for a weight W at iteration t is

given by Equation 3.7:
Wt+1=Wt—n- - VWJ(Wt) (3.7)

Here, n is the learning rate and VW/J(W) is the gradient of the loss
function J with respect to the weights /.

Loss Function for Segmentation: For segmentation tasks, a common loss
function is the cross-entropy loss, calculated over the spatial dimensions

of the output as shown in Equation 3.8.

JW) = == 3 Bw Viaw 108 G (W)) (3.8)

where N is the number of samples, y is the true label, y is the predicted
label, and h, w are the spatial dimensions of the image.

Backpropagation: Backpropagation is used to calculate the gradient of
the loss function with respect to the weights. In ResNets, the gradient can
flow directly through the skip connections, making it easier to train deeper

networks.
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3.5.5. Development of Deep Gradient ResNet for Pavement Crack Segmentation

In the burgeoning field of image segmentation, the novel segmentation model
introduced here stands as a testament to innovative engineering and advanced
computational strategies. At its core, the segmentation process is fortified by the
conv_block function, a designed sequence of convolutional layers paired with batch
normalization and ReLU activation. This foundational structure is pivotal in enabling
the model to discern and assimilate complex features from the input images with
remarkable efficiency.

The incorporation of batch normalization is a strategic choice, serving dual
purposes: it expedites the model's convergence rate and fortifies its capacity to
generalize: both essential qualities for the reliability and adaptability of the

segmentation task.

A groundbreaking addition to the model is the Augmented SubPixel Shuffling
(ASPS) Layer, materialized through the AugmentedSubPixelShuffling class. This
innovative layer harnesses the technique of sub-pixel shuffling to spatially upscale the
resolution of feature maps, thereby significantly enhancing the model's precision in
localizing and segmenting images. In the realm of segmentation, where accuracy is

paramount, the ASPS layer emerges as a game-changer.

The model's prowess is further amplified by the proposed Deep Gradient
ResNet Architecture, encapsulated within the Deep_Gradient_ResNet class. This
architectural marvel intertwines encoder and decoder blocks in an elegant symphony,
adeptly encoding and decoding information to capture an array of features spanning

local to global scopes.

One of the most salient features of this architecture is the strategic use of skip
connections. These connections create conduits for information flow between the
encoder and decoder blocks, preserving critical spatial details and facilitating the
model's learning from multiple scales. This multi-scale learning is essential for the

nuanced understanding necessary for precise segmentation.
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Another significant architectural element is the wuse of transposed
convolutional layers. These layers, known for their upsampling prowess, enable the
model to refine the spatial resolution of the feature maps. Learning to increase the
granularity of these maps is crucial, as it directly impacts the model's segmentation
performance. Figure 3.11 covers all steps in a continuous, structured format with the
necessary coding-algorithm syntax, incorporating each stage of the methodological

innovation for segmentation model development.

Algorithm Code Syntax

Initialize
input image = {resolution: 128x128, channels: 3}
conv_block config = {filters: 16, kernel size: 3x3, activation:
RelLU}
deep resnet config = {encoder layers: 5, decoder layers: 5}

Initialize peep Gradient ResNet architecture

For each convolutional block:
App'y Conv2D(filters, kernel size)
App|y BatchNormalization ()
Apply ReLU activation

Store processed feature maps for skip connections.

Deep Gradient ResNet Architecture:

For each encoder layer:

features = extract features (input image, layer=encoder layer)
Store features for decoding.
For each decoder layer:
upsampled features = TransposedConv2D (features)
Incorporate skip connection(encoder features, decoder features) tO

preserve spatial details.

Augmented SubPixel Shuffling Layer:

upsampled maps = AugmentedSubPixelShuffling(feature maps)
Upsample feature maps using sub-pixel shuffling.
precision_enhanced = improve_precision(upsampled_maps)foraCCUﬂHe

segmentation by improving spatial resolution.

For each skip connection between encoder and decoder layers:
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skip connection data = pass spatial information (encoder features)
Pass skip connection data to decoder to enhance multi-scale learning and

improve segmentation accuracy.

Transposed Convolutional Layers for Upsampling:

For each decoder block:
refined maps = TransposedConv2D (decoder features)

Increase spatial resolution of refined maps for more precise segmentation.
Model Flexibility and Adaptation

Configure model flexibility:

model = adapt model (segmentation task)

Adjust for different segmentation tasks.

Enable multi-scale feature extraction for enhanced robustness.

Generate output:
segmented output = model.predict (input image)

Evaluate segmentation accuracy using metrics = {precision, recall, IoU}

print (metrics)

Figure 3.11. Proposed Algorithm for Deep Gradient ResNet-Based Segmentation
Model

Flexibility is woven into the very fabric of the model, allowing it to adapt
seamlessly to a variety of segmentation features and handle larger features with ease.
This adaptability makes the model a robust tool capable of tackling diverse and
challenging segmentation tasks. By integrating these advanced components, the
segmentation model not only pushes the boundaries of current methodologies but also
sets a new benchmark for accuracy and adaptability in image segmentation
technologies. The architectural diagram, in Figure 3.12, provides a visual

encapsulation of the model’s intricate design and sophisticated functionality.
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imput_1 input: | [(Mone, 128, 128, 1)]
InputLayer | output: | [(Mene, 128, 128, 1)]
batch_normalization | input: | (None, 128, 128, 1) comv2d_7 | input: | (None, 128, 128, 1)
BatchMormalization | output: | (None, 128, 128, 1) Com2D | ontput: | (None, 128, 128, 16)
A
activation | input: | (Mooe, 128, 128, 1)
Activation | owput: | (None, 128, 128, 1)
comv2d | input: | (Mone, 128, 128, 1) batch_normalization_7 | input: | (Mone, 128, 128, 16)
Comv2D | output: | (None, 128, 128, 16) BatchMormalization | owtput: | (Mone, 128, 128, 16)

batcl_normalization_1 | input: | (MNone, 128, 128, 16)
BatchNormalization | output: | (MNone, 128, 128, 16)
activation_1 | input: | (None, 128, 128, 16)

Activation | output: | (Mone, 128, 128, 16)
conv2d 1 | input: | (Mone, 128, 128, 16)
Con2D | output: | (Mone, 128, 128, 16)

batch_normalization_2

inpur:

(Mone, 128, 128, 16)

BatchNormalization

ourput:

(MNone, 128, 128, 16)

activation_2

input:

{MNone, 128, 128, 16)

Activation

ﬂll[P.ll:

{None, 128, 128, 16)

conv2d_2 | inpur

¢ | (Mone, 128, 128, 16)

Conv2D

ouLpuL:

(Mene, 128, 128, 16)

batch_nermalization_3

(Mone, 128, 128, 16)

BatchNormalization

(Mone, 128, 128, 16)

activation_3

{None, 128, 128, 16)

Activation

{Noue, 128, 128, 16)

conv2d_3

inpur:

(MNone, 128, 128, 16)

Comv2D

autput:

{None, 128, 128, 16}

batch_normalization_4

(None, 128, 128, 16)

BarchNermalization

(None, 128, 126, 16)

activation_J

input:

(Mone, 128, 128, 16)

Activation

outpur:

(Mone, 128, 128, 16)
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L 4
conv2d_76 input: (None, 128, 128, 16)

Conv2D output: | (Mone, 128, 128, 16)

batch_normalization_77 input: (MNone, 128, 128, 16)
BatchMNormalization output: | (None, 128, 128, 16)

Y
activation_68 input: (MNone, 128, 128, 16)

Activation output: | (None, 128, 128, 16)

v
conv2d_77 | input: | (None, 128, 128, 16)

ConvZD output: | (Mone, 128, 128, 16)

A
batch_normalization_78 input: (None, 128, 128, 16)
BatchMormalization output: | (Mone, 128, 128, 16)

\

activation_89 | input: | (None, 128, 128, 16)
Activation output: | (Mone, 128, 128, 1G)

conv2d_78 input: (None, 128, 128, 16)
Conv2D output: | (Mone, 128, 128, 16)

~

add_9 input: [(None, 128, 128, 16), (None, 128, 128, 16)]
Add output: (MNone, 128, 128, 16)

A J
convZd B0 input: (MNone, 128, 128, 16)

Conv2ZD outprt: (MNone, 128, 128, 2)

h J
batch_normalization_80 | input: | (MNone, 128, 128, 2)

BatchNommalization output: | (None, 128, 128, 2)

L J
activation_70 input: (Mone, 128, 128, 2)

Activation output: | (None, 128, 128, 2)

Figure 3.12 Architectural Diagram of segmentation model (initial and final blocks)

3.5.6. Classification Using Resnet and Attention Mechanism

This section introduces several innovative enhancements to the traditional
Convolutional Neural Network (CNN) architectures, specifically focusing on the

ResNet model as presented in Figure 3.13. These enhancements are designed to
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address common challenges in deep learning and improve the model's performance on

complex tasks. The architecture of the model is shown in Figure 3.14.

Algorithm Code Syntax

For each residual block:
residual output = x + f(x)

residual output = apply activation(residual output)
Allows for deeper networks by learning residual mappings instead of direct

mappings.

For each convolutional layer:
conv_output = Conv2D(filters, kernel size) (input)
batch norm output = BatchNormalization() (conv_output)

activation output = ReLU() (batch norm output)

Apply attention mechanism:
attention scores = attention layer (input)

focused output = input * attention scores
Improves feature focusing on important regions, reducing noise from less relevant

areas.

After each feature map:
global avg output = GlobalAveragePooling2D () (input)
global max output = GlobalMaxPooling2D () (input)
combined output = Add() ([global avg output, global max output])

After pooling layers:
flatten output = Flatten() (combined output)

dense output = Dense(units, activation='ReLU') (flatten output)

Adds high-level abstraction to enable better predictions.

For each residual connection:
attention scores = attention layer (input)
residual output = input * attention scores + f (input)

Enhances the selective learning of features via attention guidance.

For each residual block in specialized data:

custom conv_output = Conv2D(filters, kernel size,
strides=strides) (input)

Allows for adaptation to specific datasets by fine-tuning the architecture.

Figure 3.13. Proposed Algorithm for CNN-ResNet Classification Model
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input_3 | input:

[(None, 64, 64, 1)]

InputLayer Dutput

[(None, 64, 64, 1)]

conv2d 24

Input:

[Nnne 64,64, 1)

Conv2D

output:

(None, 64, 64, 64)

/

batch_normalization_16 | input:

(None, 64, 64, 64)

conv2d 26

input:

(None, 64, 64, 1)

BatchNormalization

output:

(None, 64, 64, 64)

Conv2D

output:

(None, 64, 64, 64)

\

activation 10 | input:

(None, 64, 64, 64)

Activation

output:

(None, 64, 64, 64)

\

conv2d 25

input;

(None, 64, 64, 64)

Conv2D

output:

(None, 64, 64, 64)

\
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batch normalization 17 | iput: | (None, 64, 64, 64)
BatchNormalization | output: | (None, 64, 64, 64)
add_10 | mput: | [(None, 64, 64, 64), (None, 64, 64, 64)]
Add output (None, 64, 64, 64)
conv2d 27 | Input: (None 64, 64, 64)
Conv2D | output: | (None, 64, 64, 64)
@
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global_average_pooling2d_1 | input: | (None, 64, 64, 8)
GlobalAveragePooling2D | output: (None, 8)

dense 2 | input: | (None, 8)
Dense | output: | (None, 64)

\

dense 3 | input: | (None, 64)

Dense | output: | (None, 1)

\

multiply | input: | [(None, 64, 64, 8), (None, 1)]
Multiply | output: (None, 64, 64, 8)

o~

global_average pooling2d 2 | input: | (None, 64, 64, 8) global_max_pooling2d | input: | (None, 64, 64, 8)
GlobalAveragePooling2D | output: (None, 8) GlobalMaxPooling2D | output: (None, 8)

NNl %

add_18 | input: | [(None, 8), (None, 8)]
Add | output: (None, 8)

y
flatten | input: | (None, 8)

Flatten | output: | (None, 8)

dense 4 | input: (None, 8)
Dense | output: | (None, 256)

dense 5 | input: | (None, 256)

Dense | output: | (None, 3)

Figure 3.14. Architectural Diagram of classification model (initial and final blocks)

1. Introduction of Residual Blocks: The core of this advancement lies in the
incorporation of residual blocks within the network architecture. Residual
blocks are a powerful tool that allows the creation of very deep neural
networks, which were previously hampered by the vanishing gradient
problem. By enabling the network to learn residual mappings instead of
direct mappings, these blocks make it easier to train deeper networks, thus

enhancing the network's ability to handle more complex tasks.
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Batch Normalization After Each Convolutional Layer: The
implementation of batch normalization after each convolutional layer is
another key feature. This technique normalizes the inputs to each layer,
reducing the internal covariate shift, which is a common problem in deep
learning. By stabilizing the training process, batch normalization
facilitates faster convergence, allows for the use of higher learning rates,
and ultimately leads to better generalization of the model.
Integration of a Proposed Attention Mechanism: The addition of a novel
attention mechanism sets this model apart from standard ResNet and CNN
models. This mechanism enables the network to selectively concentrate on
the most relevant parts of the input data. By focusing on important
features and diminishing the influence of less informative regions, the
model achieves improved accuracy and robustness, particularly in dealing
with complex and large-scale datasets.
Combination of Global Average and Max Pooling: The model uniquely
combines global average pooling with global max pooling. While average
pooling captures the overall trends in the feature maps, max pooling
retains the most prominent activations. This dual approach ensures that the
model captures both global and local information, enriching the feature
representation and enhancing the model's ability to distinguish between
different inputs.
Dense Layers Post-Pooling: Following the pooling layers, the inclusion of
dense (fully connected) layers adds further sophistication to the model.
These layers enable the network to learn intricate relationships between
the features and the target classes, capturing high-level abstractions in the
data, and thereby augmenting the model's predictive capacity.
Attention-Guided Residual Connections: A notable innovation is the use
of the attention mechanism to guide the residual connections. This
involves multiplying the feature maps with attention scores, allowing the
model to emphasize or suppress specific features based on their relevance.
Such selective processing enhances the overall learning and predictive
capabilities of the model.
Customized Filter Sizes and Strides: Lastly, the architecture's adaptability
and flexibility are boosted through customized filter sizes and strides in
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the residual blocks. This customization is particularly beneficial for

specialized datasets, like those involving road crack detection, as it allows

the model to be fine-tuned for specific types of data.

3.5.7. Crack Size Assessment

For the measurement of crack sizes, the methodology incorporated a blend of

advanced image processing techniques. The process is methodically structured to

accurately quantify crack dimensions in images. Here's an overview of how this is

achieved:

1. Image Preprocessing and Classification:

Reading and Resizing: The image (image_1) is first read in
grayscale using cv2.imread. It's then resized to a specific size
(SIZE).

Binarization: The resized image is binarized by setting all non-zero
pixels to 255. This step highlights the crack areas in the image.
Normalization: The binary image is normalized to have pixel values
between 0 and 1.

Reshaping and Expanding Dimensions: The image is reshaped and
its dimensions are expanded to match the input shape required by the
machine learning model.

Model Prediction: The preprocessed image is fed into a trained
model (model.predict) to classify the type of crack (e.g., "Alligator",

"Longitude”, "Transverse").

2. Crack Analysis Based on Classification:

Depending on the classification result (max_index 1), different

processing steps are taken:

Alligator Cracks: The image is processed to calculate the area of the
crack. The binary format of the segmented image is created, and the
area is calculated in pixels and then converted to square meters using

a predefined conversion factor.
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e Longitudinal and Transverse Cracks: For these types of cracks, the
length of the crack is calculated in meters using a conversion function
(convert_to_meters).

3. Mathematical Calculations:

e Area Calculation: The area of the crack is computed by summing the
pixels in the binary image representing the crack. This value is then
multiplied by a conversion factor to get the area in square meters.

e Length Calculation: The length of the crack is determined by
analyzing the contours of the crack. The dimensions of the bounding
rectangle around the crack are converted from pixels to meters using
a conversion factor.

4. Overlaying Results on Images:

The calculated crack size (area or length) and the pixel measurements are

then overlayed onto the original images using cv2.putText.

Two images are created, one showing the measurements in meters and the

other in pixels.

5. Blending and Displaying Results:

The images with the overlaid measurements are blended with the original

image to create a composite image that visually represents the crack

measurements. The final Dblended images are displayed using
matplotlib.pyplot, showing the results of the crack size analysis.

This process efficiently combines computer vision techniques and machine
learning to analyze and quantify crack sizes in images, providing both pixel-based and
real-world measurements. The mathematics involved includes pixel count summation
for area calculation, contour analysis for length measurement, and the conversion of

these measurements from pixels to real-world units (meters).

3.5.8. Validation of Crack Length Measurement

To validate the accuracy of crack length measurements obtained through computer

vision techniques, a systematic approach was adopted involving both manual
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measurement and image processing using a camera positioned at various heights. The

following steps outline the methodology in detail:

1.

Image Capture: Images of marked points on the floor (labeled A, B, C,
D, and E) were captured from three different camera heights: 1.57m,

1.60m, and 1.63m as shown in Figure 3.15.

Figure 3.15. Points Under Consideration for Measurement
Validation

Manual Measurement: The actual distances between the marked points
were measured manually using a tape measure. The measured lengths
were: 0.25m (A-B), 0.50m (A-C), 1m (A-D), and 1.50m (A-E).

Computer Vision Measurement: Using the captured images, a
measurement algorithm was applied to determine the distances between
the marked points. This algorithm relied on pixel measurements within the
images to calculate the lengths. The detected lengths were then recorded
for each camera height.

Comparison and Analysis: The detected lengths from the image
processing system were compared against the manually measured lengths
for each camera height. The variations between the detected and actual
lengths were calculated to evaluate the accuracy and reliability of the

computer vision system.
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3.5.9. Image Concatenation for Crack Analysis

In this methodology, we concatenate multiple images to create a single frame that can
be used for crack analysis. The process involves loading, resizing, concatenating, and
visualizing the images. Here's a detailed explanation of the steps involved:

1. Load the Images: First, we load the images that need to be concatenated.
These images are read in grayscale mode using OpenCV.

2. Resize the Images: To ensure all images have the same height, we resize
them. This step is optional but helps in maintaining uniformity when
concatenating the images horizontally or vertically. We determine the
minimum height or width among the images and resize each image
accordingly, maintaining the aspect ratio.

3. Concatenate the Images: The images are concatenated either horizontally
or vertically, depending on the orientation of the cracks. This is achieved
by using the np.concatenate function with axis=1 for horizontal
concatenation or axis=0 for vertical concatenation. The concatenated
image now combines the content of all original images into one frame,
providing a continuous view of the cracks.

4. Resize the Concatenated Image: The concatenated image is resized to a
predefined size for further processing. This resizing ensures that the image
meets the input size requirements of the model, which is crucial for
accurate predictions.

5. Model Prediction: The concatenated image is expanded to match the
model input shape and is passed to the model for prediction. The model's
output is then processed to create a segmented image. The segmentation
highlights the crack areas, converting them into a format suitable for
analysis.

6. Visualization: Finally, the original concatenated image and the predicted
segmented image are visualized side-by-side using Matplotlib. This step
provides a clear comparison between the input image and the model's
segmentation output. By placing the images side-by-side, we can visually

inspect the model's performance and the crack detection accuracy.
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3.6. SUMMARY

In this chapter we delve into the intricacies of our approach to crack detection and
characterization. The methodology's strength lies in its multi-faceted approach, where
each model serves a unique purpose and complements the others, thereby providing a
comprehensive analysis of road cracks. This diversity in modeling is essential to
capture the full spectrum of complexities associated with road crack detection and

characterization.

The first model is a customized version of YOLOV7, adapted for the specific
task of detecting and categorizing pavement cracks. This model processes a
combination of specially gathered road data and publicly available road crack images
through innovative preprocessing stages, including image extraction, labeling,
augmentation, and resizing. The performance of this model is meticulously evaluated,
demonstrating its effectiveness in the context of road crack detection which is

presented in Chapter 4.

The second model leverages the advanced capabilities of YOLOv8 X
algorithms. This model is fine-tuned for high-accuracy object detection, segmentation,
and classification, optimizing its performance within the constraints of our study. The
model's unique alterations and optimizations underscore its efficiency in processing

and analyzing road crack data.

The third model represents a hybrid approach, ingeniously combining the
sophisticated pattern recognition capabilities of deep learning with the reliable and
comprehensible nature of conventional algorithms. This fusion results in a potent
synergy, enhancing the model's overall effectiveness and robustness in crack detection
and characterization.

Data acquisition for this research involved the RDD2022 online dataset, Crack
500, which provides a rich collection of road photographs from diverse geographical
locations. This dataset is complemented by custom data captured using a GoPro Hero

8 camera mounted on an inspection vehicle. The data collection process was
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meticulously designed, with specific attention to the camera'’s calibration to accurately

represent real-world road conditions.

The data preprocessing phase is comprehensive, involving steps like frame
extraction, manual labeling using Roboflow, data augmentation, and resizing. These
steps ensure that the data is optimally prepared for processing by the deep learning
models. In addition, the methodology extends to crack size assessment. This process
incorporates advanced image processing techniques to accurately quantify the
dimensions of detected cracks. Depending on the type of crack detected, different
methods are employed for measurement, including area and length calculations. The
measurements are overlayed on the original images and then blended to create a
composite representation. This approach not only highlights the crack areas but also

provides precise measurements in both pixels and real-world units.

In conclusion, the methodology outlined in this chapter demonstrates a
comprehensive and innovative approach to road crack detection and characterization.
The combination of advanced deep learning models and meticulous data processing
techniques ensures that the research effectively addresses the challenges in automated
crack analysis, paving the way for significant advancements in this field which
satisfies the Objective 2 and Objective 3 of this research.

109



CHAPTER FOUR

RESULTS AND DISCUSSION

4.1. INTRODUCTION

This chapter delves into the analytical results derived from the ensemble of models
detailed in Chapter Three. We will present a detailed evaluation of the outputs from
each model, emphasizing their precision and effectiveness in the nuanced task of
pavement crack detection and characterization. Our discussion will extend to a
systematic benchmarking of these results against established standards, offering a
clear depiction of their performance within the broader context of current
technological capabilities.

Central to this chapter is the examination of the outcomes from the custom-
tailored YOLOvV7 model, the precision oriented YOLOv8 X model, and the integrative
hybrid model. Each model's results will be meticulously dissected to assess their
accuracy, efficiency, and contribution to advancing the automated analysis of
pavement cracks. Furthermore, we will scrutinize the calibration setup of our data
collection process, presenting how this meticulous design contributed to the accuracy
of our models. The calibration's impact on data quality and model training will be
highlighted, providing a comprehensive picture of its role in enhancing the precision

of crack detection and size quantification.

The chapter will also unfold the findings from the crack size assessment
techniques, which have been applied to the datasets meticulously gathered and
processed for this research. We will explore the translation of pixel-level detection
into meaningful real-world measurements, underpinning the practical significance of

our models' capabilities.
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4.2. EXPERMENTAL SETUP

The experimental setup for this research was carefully structured to ensure an optimal
environment for developing and testing the proposed models for pavement crack
detection and characterization. The core of our computational resources was an HP
Pavilion 15-bc408tx laptop, equipped with robust hardware to handle the demands of
deep learning algorithms. The specifics of the computer configuration are as follows:

1. Central Processing Unit (CPU): Intel Core i7-8750H (8th Gen), a high-
performance processor capable of executing complex computations
rapidly, which is crucial for processing large datasets and running
intensive learning algorithms.

2. Random Access Memory (RAM): 16 GB DDR4, providing sufficient
memory to manage the data-intensive tasks associated with training deep
learning models.

3. Hard Disk Drive (HDD): A spacious 1TB drive, allowing for the storage
of extensive datasets, including the RDD2022 and Crack 500 datasets, and
the custom data captured for this study.

4. Graphics Processing Unit (GPU): An NVIDIA GeForce GTX 1050 with
4GB of graphics memory, which was used to accelerate the processing of

machine learning tasks locally.

In addition to the local computational resources, the research extended to
utilize a high-end remote GPU, the NVIDIA GeForce RTX 4080. This powerful GPU
significantly enhanced the training speed and efficiency of our models, enabling us to
handle more complex computations and larger datasets without the limitations of local

hardware resources.

Throughout the course of this study, various Integrated Development
Environments (IDEs) were employed to optimize the coding and development
process. Anaconda was used as the primary platform due to its streamlined package
management and deployment capabilities, which are particularly beneficial for
managing multiple deep learning libraries. Google Colab was also utilized, especially

for its provision of a powerful cloud-based environment that facilitated access to high-
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performance GPUs, which was particularly useful for training the models extensively

without the constraints of local hardware.

The software environment for the YOLO models was based on PyTorch, a
deep learning library known for its flexibility, ease of use, and native support for GPU
acceleration. For the hybrid model, TensorFlow was the framework of choice, offering
comprehensive tools and libraries for developing and training machine learning

models. Table 4.1 encapsulates the details of the experimental setup used in this

research.
Table 4.1. Experimental Setup Specifications
Component Specification
System Unit HP Pavilion 15-bc408tx
Processor Intel Core i7-8750H, 8th Generation
Memory 8 GB, DDR4 Standard
Storage 1 TB Hard Disk Drive

Onboard Graphics Unit

NVIDIA GeForce GTX 1050 with 4GB VRAM

Remote Graphics Unit

NVIDIA GeForce RTX 4080

Development Platforms

Anaconda, Google Colab

Machine Learning

Frameworks

PyTorch (for YOLO models), TensorFlow (for
Hybrid models)

System Unit

HP Pavilion 15-bc408tx

This setup formed the backbone of the computational platform, empowering
the research with the necessary tools to carry out the intensive work of training,
testing, and validating the proposed models for effective crack detection and

characterization.
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4.3. CALIBRATION AND DATA ACQUISITION EFFICACY IN ROAD
SURFACE IMAGING

In this section, we explore the empirical results stemming from the construction and
calibration of a tailored data collection setup, designed to capture high-resolution
imagery of road surfaces for the purpose of crack detection. This setup plays a pivotal
role in the data acquisition phase of our research, where precision in capturing the full

width of the road surface is critical for subsequent analysis.

4.3.1. Camera Configuration and Calibration

The core of our data collection apparatus is the GoPro Hero 8 camera, chosen for its
high-resolution capabilities and robust performance in varying environmental
conditions. The camera specifications are essential to understand the context of the

calibration and the quality of data collected as shown in Table 4.2.

Table 4.2. Camera Specifications for Data Collection

Attribute

Details

Camera Model

GoPro Hero 8

Mounting Hardware

GoPro Rod Mount

Operating Mode

Custom Video Setting

Image Resolution

1080p

Frame Rate Options

24 fps, 60 fps

Lens Type Linear Field of View
Video Bit Rate Standard Quality (45 Mbps)
Minimum ISO Setting 100
Maximum 1SO Setting 1600
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This camera was mounted onto a custom setup designed to ensure a consistent
3.1m coverage of the road surface—a critical dimension for the accurate

representation of road lane width in our imagery.

4.3.2. Lab and Field Calibration Results

The height calibration tests, both in the lab and field environments, were conducted to
ascertain the optimal camera height needed to achieve the desired road surface width

coverage. The results are as shown in Table 4.3.

Table 4.3. Calibration Results in Lab and Field Settings

Setup (Lab) | Width Camera angle with respect to ground
1 3.1m 90°
2 31m 90°

Setup (Field) | Width Camera angle with respect to ground
1 3.1m 90° + 35°
2 3.1m 90°

These calibration exercises were essential to verify that the camera setup
would be suitable for the real-world conditions encountered during the data collection
phase.

44. DATA COLLECTION SETUP

The data collection setup, as visualized in Figure 4.1, was crafted to ensure that the
camera’'s field of view perfectly matched the road width of 3.1m, allowing for
comprehensive data collection. The calibration process was not only confined to the
lab but was also extended to the field, ensuring that the setup was tested and refined

under practical conditions.
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Figure 4.1. Setup for Data Acquisition

4.4.1. Visual Documentation

To supplement the detailed calibration results and the description of the data
collection setup, visual documentation is provided. Figure 4.2 illustrates the lab
environment where the calibration was precisely measured, while Figure 4.3 captures
the field setup, showcasing the practical application of the camera configuration.
These visual aids offer a clear depiction of the experimental arrangements and the

fidelity of the calibration process.
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Figure 4.3. Field Data Calibration Setup

By detailing the camera specifications, the calibration results, and the data
collection setup, this section provides a transparent and detailed account of the
preliminary steps taken to ensure that the data used for model training and analysis
was of the highest quality, directly impacting the reliability of our results in detecting

and characterizing pavement cracks.

4.4.2. Integration And Utilization of External Datasets for Enhanced Crack

Analysis

In addition to the custom data collection setup, our research incorporated two external
datasets, RDD2022 and Crack500, to augment the diversity and volume of data
available for training and validation of our models. These datasets were critical in
providing a wide range of crack types and road conditions, which strengthened the
models' ability to generalize and perform accurately across various scenarios.

A) RDD2022 Dataset
The RDD2022 dataset is an extensive collection of road damage images, which
provides a comprehensive view of different road conditions across multiple countries.

The dataset's diversity in terms of geographic representation and damage types makes

it an invaluable resource for our research as shown on Table 4.4.
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Table 4.4. RDD2022 Dataset Overview

Specification Detail
Source RDD2022
Total Images (China-Motor
: 1977
bike folder)
Transverse cracks, Longitudinal cracks, Alligator
Damage Types
cracks, Potholes
Resolution Various (High-resolution images)
Annotation Bounding boxes, Damage type labels
Usage Training, Validation

The RDD2022 dataset was instrumental in training the models to detect and
categorize different types of road damage, providing a real-world testing ground to

evaluate the models' performance and robustness.

B) Crack500 Dataset

The Crack500 dataset, a well-known dataset in the domain of road damage analysis,
consists of high-quality images annotated for crack detection and segmentation as

shown in Table 4.5. This dataset complements RDD2022 by adding additional

variability and aiding in the robustness of the models.

Table 4.5. Crack500 Dataset Overview

Specification Detail
Source Crack500
Total Images 500
Annotation Pixel-level segmentation masks
Resolution High-resolution images
Usage Training, Validation, Testing
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The Crack500 dataset was particularly useful for training the hybrid model,
which relies on pixel-level segmentation to characterize the extent and shape of

pavement cracks accurately.

4.4.3. Dataset Integration in Model Training

In this research, while the primary data source was our meticulously gathered dataset,
to ensure that our models were well-versed with varied real-world scenarios, we
supplemented our data with external datasets, specifically RDD2022 and Crack500.
These datasets were strategically chosen to enhance the diversity and complexity of
the training and validation sets, which is crucial for developing a robust model.

Our custom dataset formed the bulk of the training material, accounting for
approximately 70% of the data, reflecting our commitment to creating a model finely
tuned to real-world conditions. The remaining 30% of the data was equally divided
between RDD2022 and Crack500, each contributing 15% to the overall dataset. This
composition was deliberate, ensuring that our models benefit from a broad spectrum
of data while still focusing on the high-quality, real-world data collected specifically
for this study. Table 4.6 presents a focused distribution, indicating that our custom
dataset formed the core of the training and validation data, complemented by
RDD2022 and Crack500 datasets to enrich the models’ exposure to a variety of crack

scenarios and surface conditions.

Table 4.6. Contribution of Datasets to Training and Validation Phases

Contribution to Training Contribution to Validation

Dataset

Set Set
Custom

70% 70%

Data

RDD2022 15% 15%
Crack500 15% 15%
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4.5. RESULTS FROM MODEL 1: CUSTOMIZED YOLOV7

45.1. Experimental Results from RDD2022

Utilizing the tailored YOLOvV7 model on the RDD2022 dataset, and adjusting model
settings, resulted in notable precision and recall rates, achieving an aggregate accuracy
close to 92%. The confusion matrix and key performance indicators for this particular
dataset are depicted in Figure 4.4 and Figure 4.5, respectively.

Confusion Matrix

Dao

D10

D20

Predicted

D40

-0.4

Repair

-0.2

0.14 0.08 0.10 0.02 0.02

background FN
1

D00 D10 D20 D40 Repair background FP
True

Figure 4.4. Confusion matrix.
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Figure 4.5. Performance metrics.

4.5.3. Accuracy Assessment of Crack Types

The accuracy of individual crack types, crucial for understanding the model's
performance nuances, is summarized in Table 4.7. The dataset utilized in this research
includes a comprehensive array of documented road defects: longitudinal cracks
(DO00), alligator cracks (D20), transverse cracks (D30), potholes (D40), and areas of
repair. The amount of data available for each defect category plays a crucial role in the
model's ability to accurately detect and categorize each type of road damage. By
integrating state-of-the-art deep learning techniques with advanced image processing

methods, the model demonstrated impressive performance.
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Table 4.7. Model Performance by Defect Type

Road Defect Model Accuracy (%)
Alligator Cracks 90
Longitudinal Cracks 85
Transverse Cracks 90
Potholes 98
Repairs 97
Overall Accuracy = 92%

The model's predictions, reflecting the effectiveness of our deep learning

algorithms and image-processing techniques, are visually depicted in Figure 4.6.
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Figure 4.6. Predictions on Testing Data
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45.4. Custom Dataset Results

The custom-configured YOLOvV7 model was trained on our exclusive dataset, setting

the batch size at 20 and running for 50 epochs. The performance metrics of the model

are captured in Figure 4.8. Notably, the model achieved its highest precision, 0.93, at

the 35th and 41st epochs, while the peak recall value of 0.9158 was recorded at the

41st epoch. These results underscore the model's proficient ability in both detecting

and classifying within real-world scenarios. The accuracy of the model for different

types of cracks—namely alligator, longitudinal, transverse, and potholes—is compiled

in Table 4.7, leading to an overall accuracy rate of 88%. This achievement signifies a

noteworthy advancement over many current models in the field. Figure 4.8 illustrates

the model's performance with test data predictions.
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Table 4.8 Model Performance

Type of Crack Accuracy (%)
Alligator Cracks 91
Longitudinal Cracks 87
Transverse Cracks 84
Potholes 90

Aggregate Accuracy = 88%
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Figure 4.8 Model Predictions on Test Data
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4.5.5. Benchmarking

This investigation underwent benchmarking against concurrent studies within the
same domain. The outcomes derived from this study markedly surpass those of
comparable endeavors, as outlined in Table 4.9. The superior performance of the
proposed model can be attributed to its meticulous implementation, which includes the
thoughtful selection of optimal algorithms and configurations, the utilization of

advanced image processing methodologies, and the creation of an optimal training

framework.
Table 4.9 Comparative Performance Analysis
Method Performance Metrics Source
Recall =0.9251
ConvNets o (L. Zhang et al., 2016)
Precision = 0.8696
Deep Neural o
Recall and Precision = 0.75 (Maeda et al., 2018)
Networks

Structured Prediction

with the
Convolutional

Neural Network

Precision = 0.9178
Recall = 0.8812

(Fan et al., 2018b)

YOLOvV5s

Precision = 0.891
Recall =0.512

(Hu et al., 2021)

Proposed Model
(Customized
YOLOV7)

For RDD 2022

Recall = 0.9545
Precision = 0.9523

For Custom Data

Recall = 0.9158

Precision = 0.93
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4.6. RESULTS FROM MODEL 2: CUSTOMIZED YOLOV8X-SEG MODEL

4.6.1. Performance Evaluation of the Proposed Model

In this research, the primary objective was to develop a highly specialized model
tailored for the detection and identification of pavement cracks using instance
segmentation. Utilizing the advanced capabilities of the custom-configured
YOLOv8x-seg architecture, the model was adeptly designed to capture and interpret
the complex realities of road surface conditions. The core of the study was a
meticulously compiled dataset, featuring diverse road surfaces from Selangor and

Kuala Lumpur, which provided a comprehensive representation of different crack

types.

The training regimen spanned 200 epochs, a duration thoughtfully chosen to
ensure a balance between effective learning and computational practicality.
Additionally, a batch size of 16 was selected, optimizing the gradient estimation's
accuracy while remaining within the bounds of our hardware capabilities. This batch
size was ideal for allowing more frequent model updates and maintaining the
representativeness of each data batch, crucial for accurately modeling the detailed
characteristics of pavement cracks. The effectiveness of the model in both detection

and classification tasks is illustrated in the confusion matrix presented in Figure 4.9.
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2
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Figure 4.9 Confusion Matrix
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Utilizing the data from the generated confusion matrix, critical performance
indicators such as recall, accuracy, precision, and the F1 score were meticulously
computed. These metrics offer an in-depth evaluation of the model's proficiency in
accurately classifying different types of road cracks. They not only highlight the
model's competencies but also identify potential areas for enhancement. An elaborate
presentation of these metrics, including specific values for each crack category

(alligator, longitudinal, and transverse), is detailed in Table 4.10.

In addition, Figures 4.10, 4.11, and 4.12 provide visual representations of the
recall, precision, and Fl1-score, respectively, in relation to varying levels of model
confidence. These visualizations effectively depict how the model's recall, precision,
and F1-score fluctuate in accordance with changes in its prediction confidence,

offering valuable insights into the model's performance dynamics under different

scenarios.
Table 4.10 Performance Parameter Scores
Crack Type Recall Precision F1-Score Accuracy
Alligator 0.93 0.91 0.975 0.91
Longitudinal 0.95 0.84 0.97 0.94
Transverse 0.806 0.89 0.916 0.86
Average 0.90 0.88 0.95 0.90
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Figure 4.10 Recall-Confidence Plot
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Figure 4.11 Precision-Confidence Plot
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Figure 4.12 F1-score - Confidence Plot

Upon assessing the model's capabilities in object detection, the findings related
to instance segmentation, particularly regarding recall, precision, and F1-score, are
displayed in Figures 4.13, 4.14, and 4.15. This aspect of the study is of paramount
importance, as our goal is to precisely identify and delineate every individual crack on
the pavement surfaces. Utilizing the real-world road data we collected, along with the
capabilities of our customized YOLOv8x-seg model, these results are instrumental in
gauging the model’s effectiveness in detecting and distinctly marking each crack. This
level of detailed and accurate segmentation is vital for enhancing the quality and

precision of our pavement inspection processes.
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Figure 4.15 F1-score - Confidence Plot (mask)

Expanding on the evaluation of the model’s performance, Figures 4.16 and
4.17 offer visual demonstrations of the model’s accuracy. These figures enable a side-
by-side examination of the original annotations against the model’s predictions.
Figure 4.16 displays a batch from the validation set, where the road cracks are
precisely marked, pinpointing their exact locations and types — essentially
representing the ground truth. In contrast, Figure 4.17 reveals the model’s predictions
applied to the same batch but without prior annotations. This comparison offers a
transparent view of how effectively the model can identify and segment various types
of road cracks in an unaided scenario. Such a visual juxtaposition highlights the

practical applicability and reliability of the model in real-world road assessment tasks.
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4.6.3. Crack Sizing

As the study progresses, we delve into the detailed assessment of crack dimensions,
transforming the analysis from mere visual detection to quantifiable measures. This
part of the research focuses on converting the observed cracks into measurable units
such as meters or square meters, providing a comprehensive view of the severity and

extent of pavement degradation.

The methodology involves isolating the identified crack areas and quantifying
them in terms of pixel count. This initial step is crucial as it offers a preliminary scale
of the cracks. However, the real significance of this analysis lies in converting these
pixel-based measurements into actual physical dimensions, thereby making the data
immensely valuable for practical applications in infrastructure assessment and repair

planning.

For a clear understanding of these measurements, longitudinal and transverse
cracks are presented in linear meters, as depicted in Figures 4.18 and 4.19. Alligator
cracks, being more area-centric, are calculated and displayed in square meters, as
shown in Figure 4.20. These measurements are grounded in the previously established
mathematical formulas, which consider several critical factors, including the camera's

height above the road surface and the field of view capturing the road width.

This conversion from pixel measurements to real-world dimensions is not just
a technical exercise but a critical step in translating data into meaningful, actionable

insights for road maintenance and improvement strategies.

Figure 4.18 Longitudinal crack measurement from binary image
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Figure 4.19 Transverse crack measurement from binary image

AREA SR Sq

Figure 4.20 Alligator crack measurement from binary image

4.6.4. Benchmarking

In the field of pavement crack detection, this study introduces an advanced approach,
employing a specially tailored YOLOv8x-seg model for instance segmentation.
Compared to the well-regarded Deep Convolutional Neural Network Fusion Model,
which similarly used self-collected real-world data, our methodology distinctly
outperforms in terms of accuracy and precision. The decision to extensively train the
model over 200 epochs resulted in an exceptional accuracy rate of 90%. Moreover,
both the precision and recall metrics of our model exceeded those of the benchmark,
as detailed in Table 4.11. This highlights the effectiveness of our model in accurately

identifying and classifying real-world pavement damages.
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Table 4.11 Direct benchmarking comparison

Features/Criteria

Our Research
(YOLOv8x-seq)

Benchmarked With
(Feng et al., 2020)

Methodology

Instance Segmentation
using Customized
YOLOv8x-seg

Deep Convolutional
Neural Network Fusion
Model

Data Source

Custom Collected Data

Custom Collected Data

Epochs 200 100
Accuracy (%) 90 86
Precision (%) 88 81

Recall (%) 90 82

4.7. RESULTS FROM MODEL 3: ADVANCED HYBRID DEEP LEARNING

MODEL

4.7.1. Segmentation Model Performance Analysis

The performance metrics of our segmentation model are visually depicted through a
series of figures, each demonstrating the evolution of the model's accuracy, precision,

recall, Jaccard coefficient, and Dice coefficient over the course of training and

validation phases.

1. Model Accuracy Across Epochs: The accuracy graph demonstrates that
the segmentation model maintains a high level of accuracy throughout the
training process shown in Figure 4.21. During training (shown in blue),
the accuracy begins at around 80% and quickly ascends, stabilizing just
below 95%. The validation accuracy (shown in orange) closely mirrors the

training accuracy, indicating consistent performance and generalization of

the model to unseen data.
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Figure 4.21 Model Accuracy Plot

Model Precision Across Epochs: Precision, representing the proportion
of true positive predictions, remains consistently high across epochs for
both training and validation, with both lines converging at approximately
95% shown in Figure 4.22. This metric underscores the model’s capacity
to correctly identify crack segments with minimal false positives.

Model Precision

train
0.95 - va

0.90

0.85 +

0.80

Precision

0.75 4

0.70 1

0.65

T T T T T
0 20 40 60 80 100
epoch

Figure 4.22 Model Precision Plot
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Model Recall Across Epochs: Recall, which measures the model’s ability

to detect all relevant instances, is depicted to stabilize at near 90% for both

training and validation, implying the model’s robust detection capabilities

shown in Figure 4.23.
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Figure 4.23 Model Recall Plot

Model Jaccard Coefficient Across Epochs: The Jaccard Coefficient, or

Intersection over Union, graph indicates an upward trend, plateauing

around 80% for both training and validation shown in Figure 4.24. This

reflects the model’s consistent and reliable segmentation.
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Figure 4.24 Model Jaccard Coefficient Plot
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5. Model Dice Coefficient Across Epochs: Similar to the Jaccard

Coefficient, the Dice Coefficient also exhibits an upward trend, stabilizing

slightly above the Jaccard Coefficient, indicating a high degree of overlap

and similarity between the predicted segments and ground truth shown in

Figure 4.25.
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Figure 4.25 Model Dice Coefficient Plot

In addition to these graphical representations, the segmentation model's

performance is quantitatively summarized in Table 4.12, detailing the key metrics for

both the background and crack classes.

Table 4.12. Quantitative Metrics for Segmentation Model

Metric Value
Mean loU 0.8388889
Mean Dice Coefficient 0.8256968848551859
Hausdorff Distance for Background 3.2126949574078867
Hausdorff Distance for Crack 3.2126949526675244
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The Mean loU of 0.8388889 reflects the model's average efficacy in
overlapping the predicted and actual areas, while the Mean Dice Coefficient of
0.8256968848551859 further corroborates the model's consistent performance in
segmentation. The Hausdorff Distance for both Background and Crack is
approximately 3.21, illustrating the precision with which the model delineates the
segmented areas from the background. These values indicate a high level of precision
in the model's ability to segment and identify cracks, validating the model's

application in real-world pavement analysis scenarios.

Figures 4.26, 4.27, and 4.28 depict the segmentation results for alligator,
transverse, and longitudinal cracks, respectively. These visual outcomes not only
validate the model's precision but also underscore its applicability in practical
pavement evaluation scenarios. Through meticulous image analysis, the model
demonstrates a high degree of accuracy in identifying the intricate details of crack
patterns, which is essential for the effective assessment and subsequent treatment of

pavement distresses.

e Alligator Crack Segmentation: Figure 4.26 showcases the original
grayscale image of an alligator crack (left) and the corresponding
segmented image (right). The original image presents a complex network
of interconnected cracks characteristic of alligator cracking, named for its
resemblance to alligator skin. The segmented image reveals the model's
precision in isolating and highlighting these intricate crack patterns,
indicating the model's robust capability to detect and delineate extensive

crack formations within the pavement surface.
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Figure 4.26 Original and Segmented image of alligator crack

Transverse Crack Segmentation: Figure 4.27 illustrates a transverse
crack, which typically runs perpendicular to the direction of traffic. The
original image (left) depicts a singular, prominent line of damage across
the pavement, while the segmented image (right) captures the clear and
uninterrupted linear crack form. This demonstrates the model’s
effectiveness in identifying and segmenting transverse cracks, ensuring
that such linear discrepancies on the road surface are accurately captured

for further analysis.
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Figure 4.27. Original and Segmented image of transverse crack

Longitudinal Crack Segmentation: In Figure 4.28, the longitudinal crack,
running parallel to the direction of traffic, is displayed. The raw image
(left) displays a thin, elongated crack, which may be indicative of initial
pavement distress. The segmented counterpart (right) accurately traces the
length of the crack, providing a distinct and isolated representation of the
pavement flaw. This segmentation underlines the model's capability to
recognize and segregate longitudinal cracks, which is critical for structural

assessments and maintenance planning.
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Figure 4.28. Original and Segmented Image of Longitudinal Crack

4.7.2. Classification Model Performance Analysis

Following the segmentation of pavement cracks, the next pivotal step in our study is
the classification of these segmented images. The classification model's ability to
distinguish between different types of cracks is essential for proper pavement
assessment and subsequent maintenance decision-making. This section delves into the
performance analysis of the classification model, which is based on a Residual block
with a Modified Attention mechanism, ensuring that each crack type is accurately

recognized and categorized.

Our classification report in Table 4.13 provides a detailed breakdown of the
model's precision, recall, and F1-score for each crack type, alongside the support,
which denotes the number of instances for each class within the test dataset. This
report is instrumental in understanding the model's performance across different
classes of pavement cracks:
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For alligator cracks (class 0), the model exhibits a precision of 0.84 and a
recall of 0.96, resulting in an F1-score of 0.90. This high recall indicates
the model's strong ability to detect almost all alligator cracks present in the
dataset.

In identifying longitudinal cracks (class 1), the model maintains a
precision of 0.89 and a recall of 0.88, with an Fl1-score of 0.885,
showcasing its reliable classification despite the complex nature of these
cracks.

The transverse cracks (class 2) are classified with a precision of 0.87, but a
recall of 0.80, leading to an F1-score of 0.83, reflecting a slightly more

challenging detection scenario for this type of crack.

The overall accuracy of the classification model stands at 0.85, which signifies

that the model correctly identifies the crack type in 85% of the cases across the

dataset. The macro and weighted averages for precision, recall, and F1-score are

consistent,

hovering around the 0.85 mark, which further indicates the model's

balanced performance across all crack types.

Table 4.13 Classification Report for Residual block with Modified Attention

mechanism
Precision Recall F1-Score Support

0 0.84 0.96 0.90 114

1 0.89 0.88 0.885 135

2 0.87 0.80 0.83 121
accuracy 0.85 370
macro avg 0.85 0.85 0.85 370
weighted avg 0.85 0.85 0.84 370

The confusion matrix in Figure 4.29 provides a visual and quantitative

representation of the classification model's performance. The matrix illustrates the

number of true positives (diagonal entries) where the model's predictions align with
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the actual crack types. It also sheds light on the instances of misclassification (off-
diagonal entries):
1. The majority of alligator cracks are correctly classified (110 out of 114),
with a few instances (4) being confused with longitudinal cracks.
2. Longitudinal cracks have a higher misclassification rate, with some being
mistaken for alligator (9) or transverse cracks (14).
3. Transverse cracks also see some confusion, primarily with longitudinal
cracks (18), indicating an area where the model might benefit from further
training or refinement.

The classification after segmentation indicates that the segmentation quality
has a direct influence on the classification outcomes. High-quality segmentation is
likely to yield more accurate classification results, as evidenced by the high recall
scores for alligator cracks. The model's performance in distinguishing longitudinal and
transverse cracks, while commendable, suggests potential for improvement in

differentiating between these types with similar visual features.
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Figure 4.29 Confusion Matrix for Residual block with Modified Attention Mechanism
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4.7.3. Image Concatenation Results

The results of the crack analysis using the image concatenation method are presented
below. This section details the original images, the concatenated and segmented
images, and the predicted results for each type of crack: Alligator, Longitude, and
Transverse. For each crack type, we began with two original images that were
concatenated horizontally or vertically, depending on the orientation of the cracks.
The concatenated images were then segmented using our deep learning model to
highlight the crack areas. The visualization of the original, concatenated, and

segmented images provided a clear comparison, allowing for an assessment of the

model's performance as shown in Figure 4.30, Figure 4.31 and Figure 4.32.

g

Original Image 1 Original Image 2 Concatenated Image Segmented Image

Figure 4.30 Concatenation of Alligator Crack Image Frames

e .

Original Image 1 Original Image 2 Concatenated Image Segmented Image

Figure 4.31 Concatenation of Longitudinal Crack Image Frames
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Segmented Image

Original Image 1 Original Image 2 Concatenated Image

Figure 4.32 Concatenation of Transverse Crack Image Frames

4.7.4. Crack Measurement and Classification Results

The quantitative analysis of pavement cracks is a critical component in the assessment
of road infrastructure. This segment of the study transitions from the preliminary
visual detection to the meticulous sizing of cracks, where the dimensions are not only
identified but also measured with precision. This shift is crucial for understanding the

severity and potential impact of the pavement damage observed.

The process begins with the isolation of the crack areas identified in the
segmentation phase. These regions are then quantified using pixel counts, providing
an initial scale of the damage. The subsequent conversion of these pixel measurements
into real-world units—meters and square meters—elevates the analysis from a simple
count to a meaningful metric that is vital for infrastructure evaluation and maintenance

planning.

In this context, longitudinal and transverse cracks are measured in linear
meters. This linear measurement is essential for planning repair processes that often
involve filling or sealing cracks along their length. Alligator cracks, known for their
extensive and area-covering nature, are quantified in square meters. The area
measurement of alligator cracks is crucial for assessing the extent of surface
deterioration and determining the need for more extensive repair or replacement

interventions.
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Figures 4.33, 4.34, and 4.35 illustrate the result of this conversion process,
where each type of crack is measured and displayed in its respective units, offering a

clear and tangible representation of the crack dimensions.

e Longitudinal Crack: Figure 4.33 presents a detailed view of a
longitudinal crack. The crack runs parallel to the road's direction, and its
measurement in meters reflects the extent of the crack that could

potentially impact the structural integrity of the pavement.

Longitude:0.6437149

Longitude:0.9826553

e Transverse Crack: In Figure 4.34, a transverse crack is showcased.
Perpendicular to the roadway, the measured length of this type of crack
provides insight into the potential for water infiltration and the urgency of

repair to prevent further pavement deterioration.
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Transverse:0.685978

Transverse:0.8967862

Figure 4.34 Transverse Crack Classification and Measurement

Alligator Crack: Figure 4.35 depicts the complex pattern of alligator
cracking. The area measurement in square meters illustrates the significant
surface area affected, which can be indicative of foundational issues
requiring substantial rehabilitation efforts.

Aligator.0.98755914

Aligator-0.9330954

Aligator:0.861729

Figure 4.35 Alligator Crack Classification and Measurement
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Integrating the precise measurements provided in these figures with the
detailed segmentation and classification data from the previous sections, this study
provides a comprehensive and quantifiable analysis of pavement cracks. Such detailed
assessment is indispensable for developing targeted and cost-effective road

maintenance and improvement strategies, ensuring road safety and longevity.

4.7.5. Validation of Crack Measurement Results

The results of the comparative analysis of distance measurements at different camera
heights are presented below. Table 4.14 highlights the actual measured lengths
between the points, the detected lengths at each camera height, and the corresponding
variations from the actual measurements. This analysis helps in understanding the

impact of camera height on the accuracy of the detected lengths.

Table 4.14 Comparative Analysis of Distance Measurements at Different Camera

Heights
Actual | Detected Detected Detected
Points Measured | Length | Variation | Length | Variation | Length | Variation
Length (myat |atl57m | (m)at | at1.60m | (m)at | at1.63m
(m) 1.57m 1.60m 1.63m
A-B 0.25 0.27 +0.020 0.255 +0.005 0.238 -0.012

A-C 0.50 0.543 +0.043 0.508 +0.008 0.485 -0.015

A-D 1.00 1.08 +0.080 1.027 +0.027 0.976 -0.024

A-E 1.50 1.605 +0.105 1.513 +0.013 1.474 -0.026

The study demonstrates that camera height significantly influences the
accuracy of length detection in computer vision systems. Among the different heights

tested, a camera height of 1.60m yielded the most accurate results, showing minimal
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variation from the actual measurements as shown in Figure 4.36. This height was
therefore used in our research for data collection due to its optimal performance in

accurately capturing the crack lengths.

Figure 4.36 Detected Length (Camera Height 1.60m)

When the camera height was decreased to 1.57m shown in Figure 4.37, the
detected lengths were generally overestimated, as indicated by positive variations.
Conversely, increasing the camera height to 1.63m resulted in the detected lengths
being underestimated, as shown by negative variations shown in Figure 4.38. This
trend highlights the importance of selecting an appropriate camera height, as both
lower and higher heights can lead to significant measurement inaccuracies. Thus, the
validation process confirms that our choice of a 1.60m camera height was indeed
optimal for our developed data acquisition setup, ensuring accurate and reliable

measurements.
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Figure 4.37 Detected Length (Camera Height 1.57m)

Figure 4.38 Detected Length (Camera Height 1.63m)

4.7.6. Benchmarking

In the domain of pavement crack detection, a benchmarking analysis between our
Advanced Hybrid Deep Learning Model and the CrackNet Network Model (as
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referenced in the cited publication) offers insightful comparisons. Both studies utilized
custom-collected data, providing a level playing field for comparing methodologies
and outcomes. Our research harnessed the combined power of Deep Gradient ResNet
and a Residual block with a Modified Attention mechanism. This innovative approach
allowed for intricate pattern recognition and focused attention on relevant features,
crucial for accurately detecting and classifying pavement cracks as shown in Table
4.15.

Table 4.15 Benchmarking

Our Research
Features/Criteria (Advanced Hybrid Benchmarked With
Deep Learning (Y. Zhao et al., 2023b)
Model)
Deep Gradient
ResNet and Residual
Methodology block with Modified |  C"ackNet Network
) Model
Attention
mechanism
Data Source Custorrg)g:tgllected Custom Collected Data
Epochs 200 100
Alligator Crack 0.84 0.778
Precision | L-ongitudinal 0.89 0.867
Crack
Transverse Crack 0.87 0.839
Alligator Crack 0.96 0.772
Recall Longitudinal 0.88 0.849
Crack

Transverse Crack 0.80 0.868

The extended training period of 200 epochs for our model, compared to 100
epochs for the CrackNet, likely contributed significantly to the enhanced precision and
recall rates observed in our results. This extended training regimen likely allowed for
a deeper learning and more nuanced understanding of the crack types and their

characteristics.
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When examining precision, which assesses the model's accuracy in identifying
positive instances, our research consistently outperformed the CrackNet model across
all crack types. For alligator cracks, our model achieved a precision of 0.84,
surpassing the CrackNet's 0.778. This indicates a higher accuracy in correctly
classifying alligator cracks. Similarly, for longitudinal cracks, our model reached a
precision of 0.89 against 0.867 by CrackNet, and for transverse cracks, it achieved
0.87 compared to CrackNet's 0.839, further demonstrating our model's superior ability
in correctly identifying these crack types.

In terms of recall, which measures the model's capability to capture all relevant
instances, our model showed a notable edge in detecting alligator cracks with a recall
rate of 0.96, significantly higher than the 0.772 achieved by CrackNet. This implies
that our model was more effective in identifying all instances of alligator cracks. For
longitudinal cracks, our model attained a recall of 0.88, again outperforming the
CrackNet's 0.849. However, in the case of transverse cracks, our model’s recall was
slightly lower at 0.80, compared to 0.868 by CrackNet, suggesting some room for

improvement in detecting this particular type of crack.

Overall, the comparative analysis underscores the efficacy of our Advanced
Hybrid Deep Learning Model, particularly in its precision in identifying various types
of cracks and its ability to detect the majority of these instances. The results highlight
the benefits of an extended training period and a sophisticated combination of deep
learning techniques, reinforcing the model's potential as a robust tool for precise and

comprehensive pavement inspection and maintenance planning.

4.8. DISCUSSION

The results of this research, particularly through the evaluation of the customized
YOLOvV7, YOLOvV8x-seg, and Advanced Hybrid Deep Learning models, demonstrate
significant advancements in the field of pavement crack detection. In comparison to
traditional methods and existing deep learning models, the proposed models offer

enhanced accuracy, precision, and recall. These improvements highlight the
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effectiveness of the methodological innovations implemented in this study, such as the

use of pixel-level segmentation and advanced instance segmentation techniques.

One of the key contributions of this research is the ability of the YOLOv8x-
seg model to achieve high accuracy in detecting and classifying multiple types of
cracks, including alligator, longitudinal, and transverse cracks. This model's results,
particularly in terms of precision and recall, consistently outperformed other
benchmark models, such as the CrackNet and CNN Fusion models. The precision of
0.88 and recall of 0.90 for the alligator crack type, as compared to the 0.778 and 0.772
achieved by the CrackNet model, illustrates the superiority of our model in handling
real-world pavement crack detection tasks. This suggests that the use of extensive
training (200 epochs) and a robust dataset, including both custom-collected and

publicly available data, significantly improved the model's generalization capability.

Further analysis of the Advanced Hybrid Deep Learning model highlights its
strengths in combining the Deep Gradient ResNet and Modified Attention mechanism,
resulting in exceptional performance, particularly for more complex cracks such as
alligator and longitudinal types. The model's ability to maintain a high recall rate (0.96
for alligator cracks) showcases its sensitivity in capturing critical instances of
pavement distress, which is a vital aspect of road infrastructure assessment. This
sensitivity can be attributed to the multi-scale feature extraction and attention-guided
learning implemented in the model architecture. Comparatively, the model performed
on par or better than the existing models, demonstrating its capacity to handle diverse

road conditions and various crack patterns.

In addition to model performance, this research also makes a substantial
contribution by providing a methodology for converting pixel-based crack detection
into real-world measurements. By integrating advanced image processing techniques
with deep learning models, this study offers a scalable approach for measuring crack
dimensions in meters and square meters, providing essential information for road
maintenance planning. This capability directly addresses the limitations of many
existing studies, which often stop at crack detection without offering quantifiable

metrics for road repair strategies.
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The benchmarking analysis further underscores the contributions of this study.
The proposed models not only surpass traditional approaches but also push the
boundaries of current deep learning models. The models developed in this research
excel in both detection and characterization of cracks, providing a comprehensive
solution that can be adapted for use in real-world applications. This discussion
highlights the practical impact of the models and methodological innovations,
reinforcing their potential to improve road safety, reduce maintenance costs, and
contribute to the advancement of the field of pavement crack analysis.

4.9. SUMMARY

This chapter presented a concise evaluation of the results from the models
developed in this research, specifically addressing Objective 4: evaluating model
performance. The customized YOLOvV7, YOLOvV8x, and the advanced hybrid models
were tested rigorously and benchmarked against established datasets. Each model
demonstrated high accuracy and made significant contributions to the automated

analysis of pavement cracks.

The calibration and data collection setup, featuring the GoPro Hero 8 camera,
were vital in capturing high-quality images, which ensured reliable model training.
Additionally, the integration of external datasets like RDD2022 and Crack500
enriched the model's training process, improving its generalization across varied road

conditions.

The results highlighted the models' abilities to detect, classify, and size pavement
cracks accurately, with strong performance in benchmarks when compared to existing
approaches. Overall, this chapter underscores the innovative methodologies and their

successful application in the domain of pavement crack detection and characterization.
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CHAPTER FIVE

CONCLUSIONS AND FUTURE WORKS

5.1. SUMMARY

This research delves into the critical domain of pavement maintenance, specifically
focusing on the detection and characterization of cracks within pavement surfaces, a
paramount factor influencing road safety, driving comfort, and infrastructure
longevity. This research outlines the imperative of accurate and timely crack
detection, shedding light on the limitations of conventional manual inspection
methods. These traditional approaches are characterized by their labor-intensive
nature, inefficiency, and inherent safety risks, underscoring the urgent need for more
sophisticated, reliable, and automated solutions. As vehicular traffic intensifies, the
demand for maintaining optimal road conditions escalates, highlighting the necessity
for innovative methodologies that can ensure the structural integrity and safety of

roadways.

It explores the transformative potential of integrating artificial intelligence,
particularly convolutional neural networks (CNNS), into the realm of pavement crack
detection. This integration signifies a substantial advancement in the field, offering
enhancements in accuracy, speed, and reliability over existing methods. By harnessing
the capabilities of deep learning and computer vision, the research aims to transcend
the limitations of manual inspections, paving the way for a robust approach to
pavement maintenance. This paradigm shift promises not only to refine the process of
detecting and characterizing pavement cracks but also to contribute novel insights and
methodologies to the fields of civil engineering and infrastructure management,
ultimately leading to safer roads and more sustainable infrastructure maintenance

practices.

This conclusion section is meticulously organized to align with the research
objectives, ensuring a structured and insightful synthesis of the study's findings. This

approach not only facilitates a clear and coherent presentation of the outcomes but
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also underscores the direct correlation between the set objectives and the resultant
achievements. By systematically addressing each objective in its respective conclusion
segment, we present a comprehensive overview of the research contributions, thereby

enhancing the readability and impact of the conclusions drawn from this study.

Based on the literature review presented in Chapter Two, Objective 1 focuses
on evaluating Convolutional Neural Networks (CNNs) for the detection and
characterization of pavement cracks. The chapter thoroughly examined various crack
types and the associated challenges in accurately detecting them. It also traced the
progression from manual inspections to advanced machine learning and deep learning
methods, emphasizing their superior accuracy in crack detection. The review detailed
the entire process, from data acquisition to pre-processing, and highlighted the
significant role of CNN models in improving crack detection capabilities. This
analysis supports the selection of appropriate CNN models for pavement crack

detection, successfully achieving the goal of Objective 1.

The establishment of an automated pavement crack detection setup, both in lab
and field environments, marks a pivotal achievement in enhancing road maintenance
analytics. The development of this setup involved a series of steps, starting from the
conceptualization in a controlled lab setting to its practical application in a real-world
field environment as presented in Chapter 3 of this research. The process included the
strategic mounting of a GoPro Hero 8 camera on an inspection vehicle, a methodical
approach that ensured the capture of road conditions with exceptional clarity and
detail. This setup was not only about installing a camera on a vehicle but also about
calibrating it to capture a wide breadth of the road surface, simulating the perspective

of road inspectors and maintenance crews.

The calibration process, both in the lab and the field, was critical to ensure that
the data collected would be representative of the actual conditions encountered on
roads. This included adjusting the camera's height and angle to cover an average lane
width, ensuring that the data would be relevant and applicable to a wide range of road
types and conditions. The detailed documentation of camera setup specifications and
calibration results provided a blueprint for replicating this setup in different contexts,
enhancing the scalability of the data collection process. The transition from a lab-
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based setup to a field environment was executed with precision, ensuring that the real-
world data collection mirrored the controlled conditions of the lab as closely as
possible. This seamless integration of lab and field methodologies ensured the
reliability and validity of the data collected, providing a strong foundation for the
development of deep learning models for pavement crack detection. This approach
ensured the capture of high-quality road images under real-world conditions,
providing a robust foundation for the database. The preprocessing steps, including
image extraction, labeling, augmentation, cropping, etc., further refined the data,
ensuring its readiness for deep learning analysis. Objective 2, aimed at developing an
automated pavement crack detection database through a vehicle-mounted camera
setup to advance road maintenance analytics, was successfully met by assembling a
curated dataset.

Obijective 3 was successfully met by constructing robust deep learning models
designed for the detailed detection and characterization of pavement cracks presented
in Chapter 3 of this thesis. This model integrates object detection with precise pixel-
level segmentation techniques, leveraging the advanced capabilities of the custom-
tailored YOLOvV7 and YOLOv8x models. These models were specifically refined to
tackle the intricate task of pavement crack analysis, demonstrating outstanding
performance in accurately identifying, segmenting, and classifying a wide array of
pavement imperfections. A key feature of this framework is the hybrid model, which
seamlessly combines the advanced predictive abilities of deep learning with the
proven reliability of traditional computational methods. This strategic amalgamation
creates a powerful tool that excels in accurately pinpointing and categorizing different
types of pavement cracks, thereby enhancing the framework's analytical depth. By
offering an in-depth analysis of pavement cracks, including their classifications and
dimensions, the framework establishes a new standard in the field of road
maintenance. It affords a deeper insight into the condition of road infrastructures,
enabling the formulation of more precise and effective maintenance strategies. The
achievement of Objective 3 not only highlights the transformative impact of deep
learning on enhancing road safety and durability but also paves the way for future

advancements in infrastructure care and management.
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Obijective 4, which focused on evaluating the performance of the developed
models for pavement crack detection, has been met with notable success, as evidenced
by the analysis presented in Chapter 4 of this thesis. The results from the customized
YOLOv7, the precision oriented YOLOv8 X, and the advanced hybrid models
demonstrate a high degree of accuracy and reliability in detecting and characterizing
pavement cracks. The YOLOv7 model, applied to the Custom dataset and RDD2022
dataset, showcased an overall accuracy of approximately 92%, with precision and
recall values highlighting its effectiveness in crack detection. The model's ability to
discern between different types of pavement damage—transverse, longitudinal,
alligator cracks, and potholes—was particularly noteworthy, with accuracy rates
ranging from 85% to 98% across these categories. The YOLOv8 X model, with its
advanced segmentation capabilities, further enhanced the framework's precision in
identifying cracks. The model demonstrated its proficiency in pavement crack
detection through instance segmentation, achieving impressive precision, recall, and
accuracy scores of 88%, 90%, and 90% respectively. The utilization of a high-end
NVIDIA GeForce RTX 4080 GPU contributed significantly to the efficiency and
speed of model training, enabling the handling of complex computations and large
datasets. In parallel, our advanced hybrid deep learning model, incorporating Deep
Gradient ResNet and a modified attention mechanism, demonstrated robust
capabilities across different crack types. For Alligator cracks, the model achieved a
precision of 0.84 and a recall of 0.96, highlighting its exceptional ability to detect this
crack type accurately. Longitudinal cracks were identified with a precision of 0.89 and
a recall of 0.88, while Transverse cracks saw precision and recall rates of 0.87 and
0.80, respectively. These results validate the model's precision in categorizing various

crack patterns and its sensitivity in capturing the occurrence of each type.

This research has successfully implemented high-precision measurements of
crack lengths at both the pixel level and in actual meters. The capability to measure at
the pixel level facilitates detailed analytical assessments, while meter-level
measurements are indispensable for practical applications, including maintenance
planning and risk management. The integration of rigorous calibration processes and
laboratory validations ensures that these measurements are both accurate and
consistent across varying conditions and setups, thereby enhancing the reliability and
applicability of the research in real-world scenarios. Moreover, this study introduces
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an effective method for concatenating large cracks across multiple frames, addressing
a prevalent challenge in large-scale infrastructure evaluations. Traditional assessments
often struggle with cracks that span beyond a single frame. The developed method
connects these extended crack patterns, providing a holistic view of infrastructure
conditions, enabling the model to effectively perform detection, classification, and
characterization processes. Furthermore, comprehensive benchmarking against
established standards highlights the models’ capabilities in this domain. Their success
in not only detecting and classifying various crack types but also in accurately
measuring these cracks in tangible real-world metrics signifies the fulfillment of
Obijective 4, demonstrating a significant advancement in the field of pavement crack

analysis.

5.2. FUTURE WORKS

While this study has made significant strides in the field of pavement crack detection
and analysis, there remain several avenues for further exploration and enhancement.
The following section outlines potential future works that can build upon the
foundations laid in this research, addressing existing limitations and advancing the
state-of-the-art in pavement monitoring and maintenance. By delving into these areas
of inquiry, researchers and practitioners can continue to innovate and refine
methodologies for more accurate, efficient, and proactive management of
infrastructure assets. From leveraging emerging technologies to exploring novel
analytical approaches, the proposed future works aim to contribute to the ongoing
evolution of pavement management systems, ultimately promoting safer and more
sustainable transportation networks.

1. Integration of Multimodal Data: Explore the integration of various data
sources such as high-resolution imagery, LIDAR scans, and pavement
surface temperature data to enhance crack detection accuracy and
robustness. By combining different modalities, the models can capture a
more comprehensive understanding of pavement conditions, leading to
improved performance.

2. Transfer Learning for Domain Adaptation: Explore the application of

transfer learning techniques to adapt pre-trained crack detection models to

159



different geographic regions or pavement surface materials. By fine-tuning
the models on target domain data, future researchers can mitigate the need
for extensive labelled data collection and achieve better generalization
performance across diverse environments.

Real-time Crack Monitoring Systems: Develop real-time crack
monitoring systems using edge computing and Internet of Things (loT)
devices installed on vehicles or drones. These systems can continuously
capture pavement images and analyze them on the fly to provide timely
alerts for maintenance interventions, helping to prevent further
deterioration and ensure road safety.

Longitudinal Analysis for Predictive Maintenance: Conduct
longitudinal studies to analyze the evolution of pavement cracks over time
and develop predictive maintenance models. By leveraging historical
crack data and environmental factors, such as weather and traffic load,
these models can forecast future pavement degradation trends and
optimize maintenance schedules for cost-effective infrastructure
management.

Human-in-the-Loop Approaches for Model Interpretability: Explore
human-in-the-loop approaches to enhance the interpretability of crack
detection models and facilitate user trust and collaboration. By integrating
human feedback mechanisms into the model training and inference
pipeline, researchers can improve transparency, Vvalidate model
predictions, and refine algorithmic performance based on domain experts'

insights.
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APPENDIX |

ACHIEVEMENT OUTCOMES

. Awarded Silver by Kulliyyah of Engineering for the research on “Pavement
Crack Detection and Characterization Using Deep Learning and Pixel Level
Segmentation”, presented at Kulliyyah of Engineering Research, Innovation
and Commercialization Exhibition (KERICE) 2024.

. Awarded Second Place in the Research Video Competition at the Kulliyyah of
Engineering, International Islamic University Malaysia for the research on
“Pavement Crack Detection and Characterization Using Deep Learning and
Pixel Level Segmentation™.

Development of a road crack dataset named RCD-IIUM: Captured video
frames from Kuala Lumpur and Selangor regions were methodically extracted
and annotated to create a comprehensive real-world data repository.

. Awarded Third Place in the Three Minute Thesis Competition at the Kulliyyah

of Engineering, International Islamic University Malaysia.
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APPENDIX 11

CODES

Segmentation

import matplotlib.pyplot as plt

import numpy as np

from tknsorflow.keras.utils import normalize

import tenscrflow as tf

import os

import glob

import cvi

from matplotlib import pyplot as plt

from tensorflow.keras.callbacks import EarlyStopping,
ModelCheckpoint, ReduceLROnPlatean

from tensorilow.keras import backend as K

from statistics import mean

from keras.models import load model

import random

from pycm import *

from sklearn.metrics import multilabel confusion matrix
from sklearn 1MpOLT METrics

inport numpy as np

import matplotlib.pvplot as plt

import matplotlib.colors

import imageio

import scipy, scipy.misc, scipy.signal
import ¢vi

import sys

from tkinter import Tecl

"""PRE PROCESSING"""

"""FOR ORIGINAL IMAGE"""

#$Resizing images
SIZE X = 128
SIZE_Y = 128

s$Number of classes for segmentation
n_classes=2

file list = os.listdir("Original/")

kk = Tcl().call('lsorc', '-dict', file_list)

names = list (kk)
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full images = []

for directory path in names:
img = cvi.imread (£"0riginal/{directory path}", 0}
imy = cvi.resize[img, (SIZE ¥, SIZE X))
full images.append{img)

$ Conwert list to array
full images = mp.array(full images=)
"UREQR GROUND TROUTH"""

£ Get the List from the Images
file list label = og.listdir({"Mask/ /")

kk label = Toli) .call{"lsert’, '—dict', file list label)

names labkel = lizti{kk label)

fMask Images
train masks = []
for directory path in names label:
mask = cvd.imread (f"Mask/{directory path}", 0}
mask = cvd.resize (mask, (SIZE ¥, SIZE X), interpolation =
cv2 INTEE NERREST)
train masks_append(mask]

gComvert list to array

train masks = np.array{train masks)

train masks[train masks > 0] = 25&

np .unigue (train masks)

$ Drop the last image

lastElementIndex = len(full image=z)-1

full images = full images[:lastElementIndex]
full images.shape

£ Displaying the Train Tmage

11 = 3371

plo._imshow (full images[l1l], cmap="gray')
plt_shew(]

plt.imshow (train masks[ll], cmap="gray')
plt_show(]

"tRiid LABEL ENCODING THE MRSE FOR THE MULTI CLRES SECMENTATICH"™"

from sklearn.preprocessing import LabelEncoder
labelencoder = LabelEncoder()

n, h, w = train masks.zhape
train masks reshaped = train masks.reshape(-1,1})
train masks reshaped encoded =
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labelencoder. fit transformitrain masks reshaped)
train masks encoded original shape =
train masks reshaped encoded.reshapain, h, w)

np.unique (train masks encoded original shape)
full images.shape

train masks input =

np.expand dimsitrain masks encoded original shape, axis=3)
print ("Image zhape",full images.shape)

print ("Maszk shape" train masks input.shape]

#_________________________________________________________________

rreggs TRATN TEST SELIT™™"

from sklearn. model selection import train test_split

X _train, x test, ¥ traim, y test = train test split({full images,
train masks input, test size = 0.10)
print("Class values in the dataset are ...

n

, Tp.unique(y train})
"URCOAVERTING INTO CATEGORICAL™™™

from tensorflow. keras utils import to categorical

train masks cat = to_categoricel (v _train, num classes=n _classes)
¥ _train cat = train masks cat.reshape((y train.shape[0],
¥_train_shape[l], v train._shape[d], n_classes)]

test masks cat = to _categorical (y _test, num classes=n classes)
¥_test cat = test masks cat.reshape((y test.shapa[0],
¥_test_shape([l], ¥ test.shape[Z], n_clagses))

print("Class values in the dataset are ... ", np.unique(y train})

#_________________________________________________________________
from tensorflow.keras metrics import Precision, PBecall,

MeanIol, Aocuracy

import torch

""ROECLARTING FERFORMRMNCE METRICE™™"

smooth = 1.
def dice coef(y true, v pred):

¥ _true £ = tf. keras layers.Flatten({) (v_true)

¥ pred £ = tf. keras layers. Flatten({) (v_pred)

intersection = tf.reduce sum(y trus £ * y pred f)

raturn (2. * intersection + smooth) / (tf.reduce sumiy trus f)
+ tf.reduce sum{y pred £ + smooth)

def accuracy(y trus, ¥ pred):
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return K.mean(E_equal (¥ _true, K.round(y pred]}, axis=-1]}

def jacard coef(y true, ¥ pred):

¥ true f = K_flatten(y trus)

¥ pred £ = K_flatten(y pred)

intersection = K.sum{y true f * y pred f)

return {(intersection + 1.0) / (KE_sum(y true f} +
E. zum{y pred f) - intersection + 1.0}

def dice loss(y true, ¥ pred):
return 1.0 - dice coef(y trus, v pred)

metrices = [Recall(), Precision(), dice coef, accuracy, jacard coef]

IMPORT LIERRRTES
from keras models import Model
from keras_layers import Input, Conwi2D, MaxPooling2D,
UpSampling2l, concatenate, ConvilTranspose, BatchWormalization,
Dropout, Lambda
import os
import numpy a3 np
import cwd

import tensorflow as tf
from tensorflow_ keras_layers import *
from tensorflow. keras models import Model

#_ R R R R R R .

"EOPTIMIZED COMVOLUTIOHAL BLOCE"""

ffrom keras_engine import InmputSpec

from keras import backend as K

from keras import initializers

from keras import regularizers

from keras import constrainta

from tensorflow import keras

from tensorflow_ keras_layers import Layer

clazs EngqumentedSubPixelfhuffling (Layer) :
def init (self, step dim,
W_reqularizer=Hone, b reqularizer=None,
W_constraint=None, b constraint=None,

biaz=Trus, **kwargs):

s2lf . bias = bias
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salf ztep dim = step dim
gelf.features dim = 0

g2lf_ supports masking = True
g2lf init = keras.initializers get('glorct uniform')

self. W regulsrizer = keras.regularizers_get(W_regularizer)
self.b regulsrizer = keras.regularizers_get({b regularizer)

s2lf W constraint = keras_constraints_get (W _constraint)
self. b constraint keras_constraints.get (b _constraint)

super (AugumantadiubPixel Shuffling,
self). dinit (**kwargs)

def weight addingiself, input shape]:
aggert len({input shape} = 3

s2lf W = zelf add weight (shape=(input shape[-1],},
initializesr=self _init,
name="{} W' _format{zelf_name),
regqularizer=self W reqularizer,
constraint=self W constraint)
salf features dim = input shape[-1]

if self.bias:
gelf b = 3elf add weight(shape={input shape[l],},
initializer="zero',

nane="{} b'.formzt(self_nams]},

ragularizer=gself b reqularizer,
constraint=self.b constraint)
else:
zelf b

Hone

gself. built True
clazs Deep Gradient ResHet:
def init (self, imput size=i5&6,n classes=i):
self input size = imput_size
s2lf n classes = n_classes

$ CHM Enchenced Architecture
def build up=zampling block (3alf] :
def conv block(x, n filter):
E init = x
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¥% Corror 1
= = BatchMormalization (] (3]

® = RActivation("zalu"} {x)

® = ConviZDin Ffilter, (1, 1), padding="sames") (x]
¥% Coror 2

= = BatchMormalization (] (i)

= = Botivation("zslu™) {:x)

® = ConviDin_filter, (3, 2], padding="same") (x]
¥% Coror 3

= = BatchMormalization{] (3]

® = RActivation("zalu"} {x)

x = ConviDin_filter, (1, 1), padding="same") (x]
¥% Coror 4
=% = BatchMormalization (] (x)

®H = Activation("r=lu™} {x)

x = ConvZD(n filter, (1, 1)1, padding="same") (x]
% Conwv 5

= = BatchMNormalization (] (]

= = Brtivation("zslu™) {:x)

# = ConviDin filver, (1, 1), padding="same") (x]

¥¥ Comor ©

= = BatchMormalization (] (i)

x = Bctivation("rslu"}) (x)

# = ConviDin filter, (1, 1), padding="same"] (x]
¥ Coror 7

= = BatchMormalization (] (x)

x = Activation("relu"}) (x}

x = ConvZD(n filter, (1, 1), padding="same") (x]

#¥ Shortcut

= = Conw2D(n filter, (1, 1}, padding="same"} (x_inirt)
g = BatchMormalizatiomi] (s]

F§ 2dd

®= = Rdd () {[x, =]]
TeEturn =

inter klock(x, n filter, pool=True}:

=zl = conv_block(x, n filter]
o = xl

#¥ Pooling

if pool == True:

x = MarPoeling2ZD((2, 21, {2, 2}) [(x1)

return c,
alga:
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¥ = AuqumentedSubPixzelfhuffling(zl)

return c
n_filters = [l6, 32, &4, 56, 128]
ipputs = Input((self input size, sslf.input =zize, 1})
cll = imputs
#¥ Encoder
cl, pl = inter blecki{cl, n filtsrs[0]]
cd, pd = inter bleck({pl, n_filters[l]]
cd, pd = inter bleckipZ, n filtsrs[Z]]
cd, pd = inter bleck(p3, n_filters[3])
#¥ Bridge
bl = inter blockipd, n filters[4], pocl=Falas)
bd = inter block(bl, n filters[4], pocl=Falas)
¥ Decoder

dl = ConvZlTranspose(n filters[3],
strides={2, 2}) (bZ)

#dl = UpSampling2Dii2, 21} {b2)

dl = Concatenate(] ([d1, cd])

dl = inter block(dl, n filters([3],

dd = ConvelTranspeosze(n filters[3],
strides={2, 2}) (dl)

#d2 = UpSampling2D(i2, 2]} {d1)

d2 = Conecatenate(] ([d2, c3])

d2 = inter block{dl, n filters[2],

d3d = ConvZlTranspose(n filters[3],
strides=(2, 2}) (dZ)

#d3 = UpSampling2D(i(2, 21} (d2)

d3 = Conecatenate() ([d3, =2])

dd = inter blocki(d3d, n filters[1],

d4 = ConvZlTranspose(n filters[3],
strides={2, 2)) (d3)

#dd = UpSampling2D((2, 21} (d3)

d4 = Concatenate(] ([d4, cl])

dd4 = inter blocki{dd, n filters[0],

¥ output

outputs = ConwdDi{self.n clagzes, |

padding="sema") (d4)
outputs =
outputs

=r

(3, 3, padding="=am=",

pocl=Falsa)

(3, 3], padding="sams",

pocl=Falaa)

(3, 3, padding="=zam=",

pocl=Falaa)

(3, 3, padding="=zam=",

pocl=Falaa)

1),

Batchlormslization () {outputs)
Aetivation ("softmax") (outputs)
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¥ Model
model = Model {inputs, outputs)
return model

#_ e e e e e e

§ DEEEP GEADTENT ResHet Model

arch = Deep Gradient BesMet(input size=128,n claszes=ZI)

model = arch.build upsampling block()

model .compile (loss="categorical crossentropy”, optimizer="adam",
metrics=metrics)

model path = "Proposed Model t©_h&"

chackpoint = ModelCheckpoint (model path, werbose=l,
save best_only=Trus]
callbacks = [checkpoint]

for idx in range (lenimodel layers)):
print(model get layer(index = idx) .nams)
import tensorflow
tenzorflow keras. utils.plot model (model, show shapes=True)

§ # MODEL FITTING
history = model.fit(x train, ¥ train cat,
batch =ize = 3z,
verbose=1,
epochs=100,
validation data=ix test, y_test cat]
1

fmodel _save ("Proposed model t1_h5™)

import keras

from matplotlib import pyplot as plt
plt._plot(history_history["recall®])
plt.ploti{history_ history['val recall']]
plt_title ("Model Recsll')

plt._ylabel('Becall']

plt_xlabkel('epoch')

plt.legend(["train', "wal"], loc="upper left')
plt._show(]

plt_plot(history_history["precision'])
plt.plotihistory_ history['val precision']]
plt_title ["Model Precision')
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plt._vlabel ('Precision')

plt_xlabel (| 'epoch']

plt.legend(["train', 'wal'], loc="upper left']
plt._shew(]

from keras.models import load model

model =
load model ("Proposed model t.hS", custom cbjects={'dice coef':dice
coef], compile=False]

#_ e e e e e e e e

" EHMOCEL PEREDICTION™™™

¥ pred=model .predict(x test)
¥ _pred argmax=np.argmax(y pred, axis=3]

#_ .

n |rn£#_i DREDICTICH ONW TEST IMRCE™"™

test img mumber =10

test img = x test[test img number]

ground truth=y test[test img number]

test img normetest img

test img input=np.expand dima (test imy norm, o)
prediction = (model.predictitest img input])
predicted img=np.argmax(prediction, axis=3) [0,:,:]

$ PLOTTING

plt_figure(figsize=(12, 8]}
plt.subplot(231)

plt_title ('Testing Image')

plt.imshow (test_img, cmap="gray'l
plt.subplot(232)

plt.title("'Testing Lebal')
plt.imshow(ground truth(:,:,0], cmap="gray")
plt.subplot (233)

plt._title ('Prediction on test image')
plt_imshow (predicted img, cmap='gray')
plt._show(]

Classification

import osg
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import cwl

import glob

import keras

import nunpy 25 np

import random

np . random. sead (10)

import seaborn as ans

import matplotlib_pyplot as plt

from sklearn import preprocessing

from imblearn.over sampling import RandomCwverSampler
from tensorflow keras. utils import to_categorical
from sklearn_ model =zelection import train test split

from google_colab. patches import cvd imshow

from keras models import Sequential

from keras_layers import Dense, ConwiD, MamPoolingiD, Flatten,
Dropout

from keras.models import load model

from keras.utils._image dataset import image datasset from directory
from sklearn.metrics import accuracy score,claszsification report,
confusion matrix

S5IZE = o4

FE img = []

£ ¥ lab= [1]

$ for directory path in glob.glob("Iype Of Crack/*"):
label = directory path.split("\\"} [-1]

£ # print(label]

£ for img path in glob.globi{os=.path.join{directory path,
" 3pg"):

¥ print (imgy path)

¥ img = cvd.imread (img path, cvd THMREAD GRAYSCRIE)
img = cve.resize(img, (SIZE, SIZE))

X = np.array{imJ)

£ K _img.append (X)

£ ¥ lab._append(label]

f 2= = np_array(i img)
¥ v = np_array(¥ lab}
x=np.load ("x arr._mpy")
y=np.load ("y_arr.npy")
X = X.reshape(-1, &4, &4, 1)

SIZE = o4

§ ¥ img = []

£ ¥ lab= []

§ for directory path in glob.glok ("Type Of Crack/*"):
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label = directory path._split{"\4\"} [-1]
¥ print (label)
for img path in glob_glob{o=z_path._join{directory path,
My = " N o
SJegti)

B

§ print (imy path)

¥ img = cvi.imread (img path, cvd.IMREAD GRAYSCRIE)
i imgy = cvéd.resize(img, (SIZE, SIZE))

¥ i = np_array{img)

K _img.append (X)

¥ lab.append(label)
® = np.array({X img)
¥ = np.arrayi(¥ lab)

ok ko

¥x=np.load ("x_arr._mpy")

y=np.load ("y_arr.mpy")
X = x.reshasp=i(-1, &4, &4, 1)

print ("x shape",x.shaps)

print ("y shape™, y.shaps)

£ Hormalize pixel waluss to between 0 and 1
= x f 255.0

$Encode labels from text to integers.

le = preprocessing.LabelEncoder (]

¥ = le.fit tranaformiy)

list{le.classes }

£ one hot encode

¥ cat= to_categorical {¥)

$Split date into test and train datasets

X _train, X _test, ¥ traim, ¥ test = train test gpliti=, ¥ cat,
test gize=0_1 random stata=4:)

print{'x train shape', x train._shape)
print{'x test shape', = test_shape]

print('y train shape', ¥ train_shape}
print('y test shape', ¥ test_chape)

from keras_.layers import Input, Rdd, Actiwvation,
GlobalhveragePocling2l, GlobalMazPoolingZD,
BatchMormalization maltiply

from keras models import Model

£ Create the Resgidual Block
def residusl bleckixz, filters, kernel size=(3, 2], strides=(l, 1),
gactivation="relu") :

¥ = ComwiaDi{filters, kernel aize=kernel size, strides=strides,
padding="sam=") (x)

v = BatchMormalization() (v}

v = Activatiom{actiwvation) [v]

¥ = ComwidDi{filters, kernel aize=kernel size, 6 strides=strides,
padding="=ssm="] (y)
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¥ = BatchWormalization () (v}
if strides=s != (1, 1} or x.shape[-1l] != filters:
x = Convil{filters, kernel size=(l, 1), strides=strides,
padding="=zam=") (x)
return Bdd(] ([x, w1}

£ Define the number of classes
rum_clasges = 32

£ Input layer
input layer = Input (shape=i&4, &4, 1))

£ Besblet layers

regs blockl = regidual block(input layer, filters=cd)
reg blockd = regidual block(res blockl, filters=£4)
reg blockd = regidual block(res blockd, filters=32)
reg blockd = regidual block(res block3, filters=32)
reg blocks = regidual block(res blockd, filters=le)
reg blocke = regidual block(res blockb, filters=le)
reg block? = regidual block(res blocké, filters=H)
reg blockB = regidual block(res block7, filters=H]

{ Ettenticn mechanism

attention = GlobalfveragePoolingiD() (res blocki)
gttention = Denge(&d, activation="r=lu')} (attention)
attention = Denge(l, activation="sigmoid') (attention]
attention = multiply([res blockl, attention])

£ Combine Global Average Pooling and Global Max Pooling
glcobal pooling = Rddi) {[GlobalbveragePooling2D () (attention) ,
GlobalMaxPooling2li{]) (attention) ] ]

$ Flatten layer
flatten layer = Flatten() (glocbal pooling)

£ Denss layers

denze layer = Dense (256, activation="relu') (flatten layer)
output layer = Dense(num classes,
activation='softmax") (dense layer)

£ Create the model
model = Model (inputs=input layer, ocutputs=output layer)

£ Compile the model with a categorical cross—entropy loss function
gnd an Ldam optimizer

model .compile (optimizer="adam", loss='categorical crossentropy”,
metrics=["accuracy"])

model | summary | )
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import tensorflow

tenzorflow.keras.utils.plet model (model, show shapes=True)

history =

model . fit (x train,y train,batch size=3Z,epochs=150,validation data
=(®_test,¥_test])

§ model _save ("Model TOC 24 hb")

model = load model ("Model TOC 24 _hS")

£ GCenerate predictions on the test dataset

¥ _pred = model predict(x test)

£ Convert the predicted probabilities to class labkels
¥ pred classes = mp.argmax(y pred, axis=l)

¥ _tests=np.argmaxi(y test, axis=l)

§f np.gave ("y_preds tocl mpy",¥ pred classesg)

§ np_save ("y_test tocl npy",y tests)

¥_test= np.lecad{"y _test tocl.npy"}

¥ _pred= np.leoad{"y preds tocl._mpy")

pr-_l-_t [“'\n\‘lmmﬂi" SmRE\\nxti*ilﬁ e ol o o o kii*bl*ﬁ-b**i\“n“]
print (f£"\t{accuracy score(y tests, ¥ pred classes)*100}"}

£ Print the clagsification report
print{claszification report(y_tests,y¥ pred classes))

"Compute the confusion matrixz™
om = confusion matrix(y_tests, ¥y pred classes)
£ Plot the confusion matrix
plt.imshow (cm, cmap="COranges']
plt._colorbar ()
plt_xlabel ( "predicted')
plt_ylabel ("Original”)
£ BAdd the labels to the x and y axis
tick marks = np.arange (3)
clazs labels = ["Aligator", "Longitude”, "Tranzwverse"]
plt_title ("Confusion Matrix')
plt.xticksitick marks, class labels)
plt_yticks(tick marks, class labals)
£ RBdd the walues to the confusion matrix
for i in range(3d):
for j in range(3):

plt.text(]j, i, cm[i, j], ha="center', wva='center",
color="black"}
fplt_imshow(]
plt_show (]
def convert to meters alli (height pixels width pixels,
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pizel =ize):
height m = height pixels * pixel size
width m = width pixels * pixsl size
return height m, width m

def comvert to meters({Lenght pixels, pixel size):
Lenght m = Lenght pixels * pixel size
return Lenght m

def areal{height pixels, width pizels):
areal=height m*width m
return areal

def blendImages (imgl, img2):
blended image = cwvi.addWeighted{imgl, 0.7, img2, 0.3, 0]
return blended image

Prediction and Sizing

# e R =

£ Rlligator

# S e ==

image path ori =
"erackS00/original /CRACKSO0 20160222 164141 1 721 . Jpg™
image path seg =
"orack500/magk/CRACES00 20160222 164141 1 721 Gpg”

image 1 = cvid._imread(image path segq, 0)
img 1 = cvZ.resize{image 1, (SIZE, SIZE})

img l[img 1 = 0] = 255
X 1l =np.arraylimgy 1}

£ normalize image to range between 0 and 1
K new=X 1 / 2585.0
img full 1= ¥ mew._reshape( (X new.shape[0], X new_shape[l], 1))

£ expand the dimensions of image to match model input shape
img full res = np.expand dima(img full 1, axis=0]

£ pass preprocessed image to model for prediction
model ocutputs = model predict(img full rea)

£ Checking the absoluts predicted probabilities to class labels

ary=model outputs
max wvalue 1 = np_ amax{ary)
max index 1 = np.argmax(ary)
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string array 1 = np.array{["Aligator", "Longitude™, "Transverse"])
float array 2 = ary

max index 1 = np_argmax(float array 2)

result wval 1 =

str(f"{string array l[max index 1]}:{strimax walus 1)}"]
print(reault wal 1)

if max index 1 = 0:
f read image
image = cvd.imread(image path seq)
¥ conwvert to grayscale
gray = cve.cvtlolor{image, cva. COLOR BGRAGRAY)
¥ threshold
thresh = cwd_thresholdigray, 128, 235, cwZ. THRESH BINARY) [1]
¥ get contours
result = images._copyi(l
resultl = image.copyi)
img 1 = cwvd.resize(result, (SIZE, SIZE))
img 1(img 1 > 0] = 140
¥ Conwvert the segmented image To binary format
binary image = np.where{img 1 =— 140, 1, 0)
img 2 = cvd _resize(resultl, (S5IZE, SIZE))
img 2limg 2 > 01 = 140
¥ Convert the segmented image to binary format
binary imagel = np.where(img 2 = 140, 1, Q]
¥ Calculate the area of the crack
crack area pizels = np.sum{binary image)
¥ crack area meters = crack area pixels * 0_.0001
crack area meters = crack area pixels * 0.001
contours = cvd.findContours (thresh, cov2 BETER EXTEERNHRL,
cva CHETHN RPPROX SIMPLE]
contours = contours[0] if len{contours) == & else contours[l]
for cntr in contours:
x, ¥, W, h = cvid_boundingBect (cntr)
¥ Comvert height and width to meters using the conversion
function
height m, width m = convert to meters allifh, w,
Pixel size=0.02]
area wal ali= arealheight m, width m}
¥ Display the height and width in meters on the image
textl]l = f"ARER - {crack area meters:.lf} S5g m"
textl: = f"Pixel . {crack area pixels:.1f] px"
cva.putText (result, textll, (45,20}, cvi FONT HERSHEY STMELEX,
0.5, (125, 24&, 55}, 2}
cve.putText (resultl, textl2, (45,200, cvd.FONI _HERSHEY SIMPLEX,
0.5, (125, 246, 55}, 2}

glif max index 1 == 1:
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£ read image
imagqe = cvi_imread(image path seq)
¥ conwvert to grayscale
gray = cvi.cvtlColor (image, cvi.COLOR BGRAGRAY)
¥ threshold
thresh = cvi_thresholdigray, 128, 255, cvi THRESH BINADY) [1]
¥ get contours
result = image._copy(l
resultl = image.copy(}
contours = covld.findContours (thresh, cvZ PETE, EXTEENAL,
cvd .CHAIN AFFROX SIMPLE)
contours = contours[0] if len{contours) == 2 else contours([1]
for enmtr in contours:
®, ¥, W, h = cwid. boundingBect (cntr)
¥ Comrert height and width to meters using the conwversion
function
Lenght m = conwvert to meters(h,pixel size={_005)
¥ Display the height and width in meters on the image
text = f"Length: {Lenght m:.2f}m"
cvd .putText (result, text, (B0,15), cw2 FONT HERSHEY SIMPLEX,
0.5, (0, 255,0 1, 2]
textls = f"Pixel: {h:_.Z2f}p="
cvd . putText (resultl, textld, (80,15],
ow2 _FONT HERSHEY STMPLEX, 0.5, (0, 285,00 ), 2]

elge:
¥ read image
imagqe = cvd_imread(image path seq)
¥ conwvert to grayscale
gray = cvi.cvtlolor (image, cva . COLOR BGRAGRAY)
¥ threshold
thresh = cwiZ_thresholdigray, 128, 255, cwv2 THRESH BIMARY) [1]
¥ get contours
result = imags.copyil
resultl = image.copv()
contours = ovld.findContours (thresh, cvZ PETE EXTEENAL,
cvd .CHATH APPROE STIHPLE)
contours = contours[0] if len{contours) = 2 else contours([1]
for cntr in contours:
®, ¥, W, h = cwid. boundingBect (cntr)
¥ Comrert height and width to meters using the conversion
function
Lenght m = conwvert to meters(w,pixel size={_005)
¥ Display the height and width in meters on the image
text = f"Length: {Lenght m:.2f}m"
cvad .putText (result, text, (x, v-5},
cvad . FONT _HERSHEY SIMPLEX, 0.5, (0, 255,00 ), 2]
textlsd = f"Pixel: [w:]lp="
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v _putText (resultl, textld, (x, v-5],
cw2 FONT HERSHEY STMDLEX, 0.5, {0, 2EE,0 ), 2]

£ Save resulting image

cvd _imwrite('images up.jpg', result)

cvd _imwrite(|'images upl_jpg’', resultl)

£ Blend the images

imgl = cvd_imread("images up.jpg"}

imgl 1 = cvi.imread ("image=z upl._jpg”)

img2 = cvi._imread(image path ori)

newlmage = blendImages (imgl, img2)

newlmage poc = blendImages (imgl 1, imgl)

§ PLOTTING

plt._figure(figsize=(12, 81}

plt._subplot (231)

plt.title (result wval 1)
plt.imshow (cvd . cvtlolor (newImage px, cvd . COLOE. BGEZRGE) )
plt_axis{"off")

plt_subplot (232)

plt_title(result wal 1)

plt.imshow (cvi.cvtColor (newlmage, cwi.COLOE,_BGRZRGE] )
plt_axis({"off")

plt_showr()

# s

$ Longitude

# Y

image path ori ="Video
Frame/Longitude/Original /025977 jpg.rf_4£715831hdddl eakabtblaledlfdas
452e _jpg”

image path seg ="
Frame/Longitude/Seqment/02577 Jpg-rf_471521b4dd22esbatbdaTaclfd2b4
Sde_jpg"

Video

image 1 = cvd_imread(image path seq, 0)
img 1 = cviZ_resize{image 1, (SIZE, S5IZE})

img 1[imgy 1 > 0] = 255
X 1l =np.arrayiimg 1}

£ normalize image Lo range between 0 and 1
X new=x 1 7 2585.0

img full 1= ¥ new.reshape( (i new.shape([(], X new.shape[l], 1))
f print(img full 1.shape)

£ expand the dimensions of image to matech model input shape
img full res = np.expand dims (img full 1, axis=0)]
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f print{img full res_shapsa]

£ pass preprocessed image to model for prediction
model cutputs = model . predict(img full res)

£ Checking the absolute predicted probabilities to class labels
ary=model outputs

max wvalue 1 = np.amax{ary)

max_index 1 = np.argmaxlary)

string array 1 = np.array({["Rligator", "Longitude", "Transwversa"])
float array 2 = ary

max index 1 = mp_argmax(float array 2Z)

result wval 1 =

str(f"{string array l[max index 1]}:{strimax walu= 1]}"]

if max index 1 == 0O:
f read image
imagqe = cvd._imread(image path seq)
¥ conwvert to grayscale
gray = cvd.cvtColor (image, cwv2 COLOR BGRAGRAY)
¥ threshold
thresh = cwvl_thresholdi{gray, 128, 255, cvi THRESH BINARY) [1]
¥ get contours
result = image.copyil
resultl = image.copy()
img 1 = cvi.regize(result, (SIZE, SIZE))
img 1[img 1 > 0] = 140
¥ Comvrert the segmented image to binary format
binary image = np.where({img 1 = 140, 1, 0)
img 2 = cvi.rezize(rezultl, (S5IZE, SIZE))
img 2[img 2 > 0] = 140
¥ Convert the segnented image to binary format
binary imagel = np._where(img 2 == 140, 1, 0]
¥ Calculate the area of the crack
crack area pixels = np.sumi{binary image]
crack area pixelsl = np.zum(binary imagel)
¥ crack area meters = crack area pixels * 0_0001
crack area meters = crack area pixels * 0.001
contours = cvd . findContours (thresh, cwvi DETRE EXTERHAT.,
cvad .CHARIN RPPROK SIMPLE)
contours = contours[0] if len{contours) == 2 else contours[1]
for cntr in centours:
®, ¥, W, h = cvi_ boundingBact (cntr)
¥ Comrert height and width to meters usimg the conversion
function
height m, width m = convert to meters allilh, w,
pixel =ize=0.02) # assuming pixel size i= 0.2 mm
area val ali= arealheight m, width m)
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¥ Display the height and width in meters on the image
textll = f"BRRER : {crack area meters: . 1f} S5g m"
¥ Display the height and width in meters on the image
textlZ = f"Pixel : {crack area pixelsl:} px"
# cvi.putText{result, textll, (30,7), cv2. FONT HERSHEY STHPLEX,
0.5, (125, 248, 55}, 1)
cva.putText (result, textll, (30,7), covi PONT _HERSHEY STMPLEX,
0.25, (125, 248, 55}, 1)
cva.putText (resultl, textla, {(30,7), cva.FONT HERSHEY STMELEX,
0.25, (125, 248, 5E), 1)
elif max index 1 = 1:
$ read image
image = cvi.imread(image path =eq)

¥ convert to grayscale
gray = cvi.cvtColor (image, cvd. COLOR BERAGEAY)

# threshold
thresh = cvi._thresholdigray, 128, 255, cvZ._ THRESH BINARY) [1]

¥ get contours
result = image.copy(]
resultl = image.copyvi(}
# Roouming you have already obtained the contours using
cvd . findContours ()
contours = cvd.findContours (thresh, covi PETR EXTEEHAL,
cve .CHARIN APPROK STIHPLE)
contours = contours[0] if len{contours) == 2 else contours[l]

# Minimmm length threshold
min length = 100 $ Rdjust this wvalue according to your needs

# Filter ocut small contours
filtered contoura = []
for cntr in contours:
if cvd_arclength(entr, closed=True] >= min length:
filtered contours.append{cntr)
#, ¥, W, h = cvd_boundingRect (cntr)
# Convert height and width to meters using the conwversion
function
Lenght m = convert to meters(h,pixel size=0_02) £ assuming
pizel =size is 0.2 om
# Lenght m = conwert to meters(h,pixel size=0.005) ¥
gssuming pixel size iz 0.2 mm
# Display the height and width in meters on the image
text = f"Length: {Lenght m:._ 2f}m"
textl? = £f"Pixel: [crack area pixels:}px"
cwi . putText (result, text, (x, wi5),
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cvd .FONT HERSHEY SIMPLEX, 0.25, (0, 255,0 )1, 1}
cwi _putText (resultl, textld, (=, yw+5),
cvd .FONT HERSHEY SIMPLEX, 0.25, (0, 255,0 )1, 1}
else:
¥ read image
image = cvid.imread{image path sedq]

¥ convert to grayscale
gray = ovl.cvblolor {image, cvd. COLOR BGRAGERY)

¥ threshold
thresh = cwvil_thresholdigray, 128, 255, cvZ THRESH BINARY) [1]

¥ get contours
result = image._copyil
resultl = image._copyi()
¥ Bgouming you hawve already obtained the contours using
cwd . findContours ()
contours = cvd  findContours (thresh, cvi PETR EXTERHAL,
cvad CHATH LRPPROX SIHPLE)
contours = contours[0] if len{contours) =— 2 else contours[l]

¥ Minimmm length threshold
min length = 100 £ Rdjust this wvalue according to your needs

¥ Filter cut small contours
filtered contours = []
for entr in contours:
if cwvi_arclengthicntr, closed=True] >= min length:
filtered contours.append{cntr)
%, ¥, W, h = cv2_ boundingBect (cntr)
# Conwvert height and width to meters using the conversion
function
Lenght m = convert to meters(w,pixel gize=0.02) # assuming
pizel size is 0.2 mm
# Lenght m = conwert to metersi(h,pixel size=0_005) ¥
gsuming pixel size iz 0.2 mm
# Display the height and width in meters on the image
text = f"Length: {Lenght m:_ 2£f}m"
textld = £"Pinel: [w: _Zflpx"™
cvd _putText (result, text, (=, vt5),
cv2 .FONT HERSHEY SIMPLEX, 0.25, (0, 255,0 ), 1}
cvd _putText (resultl, textlz, (=, ¥i5l,
cvd .FONT HERSHEY SIMPLEX, 0.25, (0, 255,0 )1, 1}

£ Zave resulting image
cvd.imwrite{"images up.jpg"', result)
cvad_ imwrite|"images upl_Jpg', resultl)
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£ Load the first image

imgl = cvd.imread("images up.jpg”)
img=sl = eowZ_resize (imgl, (445, 448),
interpolation=cv2 INTEER LINERR)

£ Load the second image

imgd = cvd.imread(image path ori]
imgd = cwd_resize(img3d, (245, 448},
interpolation=cv2 INTEER LINERR)

£ Blend the images

newlmage = blendImages (imgsl, img2)

£ Load the first image

imgl = cvid_imread({"images upl_jpg")
img=sl = cwZ_resize (imgl, (445, 448),
interpolation=cwZ . INTER LIHERAR)

£ Load the second image

imgd = cvd._ imread{image path ori]

img? = cwd_resize(imgld, (443, 448),
interpolation=cwZ . INTER LIHEAR)

£ Blend the images

newlmage px = blendTmages (imgsl, img2)

§ PLOTTING

plt._figure(figsize=(12, 8))}

plt_subploti23dl)

plt.title[result_val_l]
plt_imshow(cv? _cvtlolor (newlmage px, cv2. COLOR BERZRCEE) )
plt_axis{"off")

plt_subploti23z)

plt.ti:le[result_val_l]

plt_imshow(cv? _cvtColor (newlmage, cvi. COLOR BLERZPGE) )
plt_axis|"off")

plt.show()
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