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ABSTRACT

Pavement Defect Classification and Localization Using Hybrid Weakly Supervised and
Supervised Deep Learnirgd GIS

Amir Jamali

Automated detection of roadefects has historically been chenging for the pavement
management industry. As a result, new methods have been developed over the past few years to
handle this issueMost of these methodeelied on supervisethachinelearning techniquesuch

as object detection and segmentation imeshwhich need a large, annotated image dataset to train
their models. However, annotating pavement defects is difficult andcomgumingdue to their
ununiformed and complex shapesTo address this challenge hybrid pavement defect
classification andocalizationframeworkusingweakly supervised and supervisgéeep learning
methodss proposed in thighesis This framework has two steps: (A)robust hierarchical two

level classifier that classifies the defects in images, andh(8)ethod for defectocalization
combining weakly supervised and supervised techniduéle localization methodirét, defects

are primarily localized using a weakly superviseethod(i.e. Class ActivatioMapping(CAM)).

Next, basedon theresults of the first classdrs the defects are segmented from the localized
patches obtained in the previous sfEipe feature maps extracted frehe CAM methodareused

to train a segmentation network once (LUeNet or Mask RCNN) to localize and segment the
defects in the imags. Thus,the proposed framework combines the advantagesvedkly
supervised and supervised methods. The supervised modulesfiamework are trained once
and can be used for any new data withitbeineed to trainin other words, to use our framework
on new dataset only the classifiers shouldibe-tuned Furthermorethe proposed framework
introducedan innovativanethoddesigned taalculatethe maximum crack width in pixels within
linear segmented defect patches, derived from the localizationlenmidhe proposed framewark
This method is particularly advantageous as it provides critical information that can be further
employed in the calculation of the Pavement Condition Index (PCI)

Additionally, the proposed method benefits from an asset geamant inspection system based on
Geographic Information System (GIS) technology to prepare the dataset used in the training and
testing.Thus, his advanced system serves a dual role within our framework. Firstly, it assists in
the assembly and preparatiof the dataset used in the model training process, providing a
geographically organized collection of images and related Satandly, it plays a crucial role in

the testing phase, offering a spatially accurate platform for evaluating the effectioériess

model in realworld scenarios.

A dataset frontGeorgia State in the USA wasedkin the case studyhe proposed framework
obtained high precision of 97%, 88%, 92% and 97% for localizing the alligator, block, longitudinal
and transverse cracks, respively. Considering all factors, such as annotation cost, and
performance on the test dataset, the proposed localization method outperforms the supervised
localization methods, such as instarsegmentation and object detection for localizing road
pavemat defects.
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Chapter 1. Introduction

1.1 Background and Problem Statement

Pavement Asset Management System (PAMS$) softwarghat assists transportation authorities

and decisiormakeragenciesn efficiently managing their pavement ass€&8MS assesses the
condition of the pavement, calculates its remaining useful lifechodses the most economical
maintenance and rehabilitation options using data and analytical Byalsing PAMS, agencies

can optimize their budget allocation and prioritize maintenance and rehabilitation activities based
on the condition of their pavemeassetsOverall,a PAMS is a valuable tool for transportation
experts seeking to maximize the lifespan of their pavement assets and improve safety for road users
by minimum cost$1].

In any robust PANS, the current and historical state of roads are crucial indicators for preparing
optimized longterm maintenancand rehabilitation plandn other words, a model generated by
the current pavement situation can be adqpietjust for maintenance strategpytalsoto achieve

an appropriate design as well.

The followingdata is required for making maintenance deosin PAMS[1]:

1. Pavement inventory datdnventory data incluels information about the pavement's
construction, such as its thickness and materials type. This data is vital for understanding
the pavemeid structural capacity and determining its design life.

2. Pavement condition dat&ondition data refers to the cant physical state of the pavement
degradation, such as defect types, roughness, etc. Collecting condition data regularly allows
engineers to track the progression of pavement distress over time and make appropriate
decisions about maintenance and rehibitin strategies

3. Design dataDesign dataefers to the information such pavement and mix design detalils,
material characteristicand specifications of pavement layestc

4. Maintenance history datdiming and methods adopted to exegotevious mantenance
activities

5. Auxiliary data: Auxiliary data comprises information such as traffic volume, climate, and
pavement age. This datansportantfor understanding how external factors may contabut
to pavement deterioration and predict future pavememdition

Database and data collection methods for PAMS is showkigare 1-1. Regarding the
aforementioned data illustratedrigurel-1, inventory conditionand auxiliarydata are crucial to
evaluate the pavements and should be collected and monitored periddically

A key element for planning is predicting future road conditions usingidetgon rates or models

from condition dataDeterioration modeling are best achieved when asset conditions are monitored
over time and further projected into the futufderefore, accurate and reliable road condition
assessment is critical, and autoim@tin this step plays a central role in making the overall PAMP
more reliableData analysis and collection, including data from distress surveys, is one of the major
challenges to evaluating pavement conditions and prioritizing maintenance and reioabilita
activities[1]. Artificial intelligence tools handle thissue to a great extent by automating and
expediting both data collecting and processing proceEsesnstance, automatic defect type and
severity recognition can be done by analyzing the images with image processing and computer

1



vision tools. Next, maghe learning algorithms can predict the future pavement condition based
on the information extracted by the previous stage about the dgfects

Database and Data Collection
Methods for PAMS
1

=i |

1
[n\ entory Design data Condition Maintenance Auxiliary
data data history data data
I

1

Manual Struuuml condition Functional condition
methods data data
—
Automated Benkelman e . .
Beam (BB) Manual methods
Falling weight Semi-automated
— deflectograph methods
(FWD)
—
Rolling weight | | Automated
— deflectograph methods
(RWD) LSS
—
L | Cost-effective
methods

Figure 1-1 Database and data collection methods for PAM&.]

The more distress the pavembag the more maintenance it needs to keep it in service structurally.
Pavement defects aret visible part of theleficiencyof roads and are symptomatic of broader
pavement degradation issud$wus, regularly evaluating pavement defects would be an urgent
aspect of pavement management, as it allows engineers and managers to recognize and addres
deficiencies in a timely manner before they get worse and become costly toBgpaitognizing

the patterns and trends of pavement defects, engineers can develop effective maintenance and
rehabilitation strategies that are tailored to the specifidsed the pavementMoreover,
monitoring pavement defects can optimize pavement maintenanceF@ststance, if pavement

defects are recognized and repaired promptly, minor preservation measures such as crack sealing
or pothole patching may be urgemt prevent further degradation and extend the pavément
lifespan[2]i[5]. On the other hand, if pavement distresses are not repaired promptly, it costs
experts and managers a [bhat is because, in this case, the pavem&y require more extensive

and costly maintenance activities such as resurfacing or reconstrdatisammary, regular
observation of distresses has a vital role in the handling of pavement degradation in a timely and
costeffective manner, which helge optimize pavement performance and leads to extending its
lifespan Recently, thanks to drastic developments in computer vision and artificial intelligence
approaches, road defect detection is not only automated but also the performance of the overall
process is also highly enhanci]i[5]. These methods analyze different aspects of defects to
determine the cause of deterioration. They analyze huge data emanating from defects. The more
adequate data provided about #ge, traffic, and other pavement variables the system has, the
more reliable prediction it form3herefore, analyzing these defects with respect to their patterns,
shapes, topology, severity, and quantity makes it possible to find their root. &insethe defect
localization has urgent role in pavement condition assessment, a vast number of techniques have
been developed to detect and localize the defects in recent{3eakfter detecting, classifying
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and quantifying the distresses, The pavement condition index[fP@&)used for pavement
assessmenBClis a numerical metric that quantizes visual inspection of the pavement surface in
the range from 0 to 100 he higher value the PCI has, the better the condition of the pavement is
The PCI methodology comprises a visual inspection of the pavement suwyfaskillful inspector

who evaluates the number of distresses, such as cracking, potholes, and rutting and their severities
concerning their length and extensidorhe severity ratings are then combined to calculate an
overall PCI for the pavemenThe PClis an effective tool for prioritizing maintenance and
rehabilitation efforts on roads and parking lots. It allows agencies to identify pavement sections
that require immediate attention and those that can wait until a later time. The PCI can also be used
to evaluate the effectiveness of different maintenance strategies oveFigume 1-2 shows the
standard PCI rating scales

Figure 1-2 Standard PCI rating scalesand suggested colors for their representatiof6]

The suggestedolorsmay vary depending on the agency or organization using the PCI sjgjtem

They allow agencies to identify areas that require maintenance or repair promptly on th& maps

PCl data sheet should provide the follogimformation:date, location, branch, section, sample

unit size, slab number and size, distress types, severity levels, quantities, and names of surveyors
[6]. This information is then used to calculate tiid Bnd to develop maintenance and repair plans.

A flexible example of PCI data sheet is shawfigure1-3.



ASPHALT SURFACED ROADS AND PARKING LOTS SKETCH:
CONDITION SURVEY DATA SHEET
FOR SAMPLE UNIT

BRANCH SECTION SAMPLE UNIT.
SURVEYED BY DATE SAMPLE AREA
1. Alligator Cracking 6. Depression 11, Patching & Util Cut Patching 16. Shoving
2. Bleeding 7. Edge Cracking 12. Polished Aggregate 17. Slippage Cracking
3. Block Cracking 8. Jt. Reflection Cracking 13. Potholes 18, Swell
4, Bumps and Sags 9. Lane/Shoulder Drop Off 14, Railroad Crossing 19. Weathering/Raveling
5. Corrugation 10. Long & Trans Cracking 15. Rutting
DISTRESS| DENSITY | DEDUCT
SEVERITY QUANTITY TOTAL % VALUE

Figure 1-3 A flexible PCI data sheet6]

Once the types and severity of distresses have been evaluated, a pavement condition rating is
assigned baseash a standardized rating rulthe mentioned rating system first assigns a score to
each type of defect. Next, the scores are weighted regarding the extent of eachTteféogl

PCI value is then calculated as a weighted average of the individuasdisttoresThe PCI
calculation can be performed manually or using specialized software designed for this purpose.
PCI calculatios performance is affected by two factors: (1) The inspésctexpertise and
experienceand(2) the quality and consistency e rating system being employddence, to

achieve a accurate PCI resulboth the aforementioned factors should meet high standards.

As a result, automating the PCI calculation can tremendously reduce the time, cost and subjectivity
associated with anual pavement surveys done by a human. It also improves the accuracy and
consistency of the PCI calculatiohhe automation ofPClI calculationcan be accomplished as
follows [1]:

1. Pavement dataollection The first step is to collect pavement data in the form of images
or videos from the pavement surface using spieeth pavement surveying equipment,
such as a pavement condition assessment vehicle

2. Machine learning andriage processingrocess The pavement images or videos are then
processed using computer visiand machine learninggchniques talassify, detecand
segmenthe pavement distresses.



3. Feature extractiorOnce the distresses have been segmented, relevant features such as size,
shape, and texture are extracted from the distresses

4. PCI calculation: Finally, the PCI is calculated using the machine teaoutput, which
assigns a severity score to each type of distress. The severity scores are then weighted based
on the extent of each distress, and the final PCI value is calculated as a weighted average
of the individual distress scores.

However, it is gynificant to note that automated methods could not detect all defeaty shape
and structureThus,human inspectiors still requiredto ensure accuracy

1.2 Research Objectives

This thesisaims to develop aybrid pavement defect type and severity clisaiion, and defect
localization framework using weakly supervisaa supervisedeep learning methsdased on
images captured via passi@argeCoupled Devic CCD) cameras to automate the pavement
condition evaluation.The specific objectives arg1l) Developing a supervised method for
classifying the types and severity of defects; and (2) Developing a hybrid approach integrating
weakly supervised and supervised methods for defect localization; and (3) Estimating the width of
the linear cracks, whiclean be used for calculating the PCI of the pavemen¢ groposed
framework also integrates &eographic Information System (GiBased inspection asset
management system called RUBI{17], which provides comprehensive monitoring and
evaluating of the pamenés condition. The method proposed in this study combines the
advantages of both supervised and weakly supervised approaches and demonstrates superior
performance compared to previous methods.

1.3 Thesis Organization
The structure of this thesis is as folis:

Chapter 2- Literature Reviewin this chapter, a comprehensive review of the literature on the
previous methods for common defect recognition, detection, and segmentation is pr@sented.
main focus is on techniques that have been used acrossty vddomains, like computer vision,
image processing, 3D computer vision, and methods based on deep learning.

Chapter3 i Proposed methodThis chapter introduces theybrid proposed methodology for
detecting and recognizing pavement cracks, utilizimgeaklysupervisedandsupervisedearning
approacks Detailed explanations are provided for each submodule within this innovative
framework. By integrating weakly supervised and supervised methodsyltid approach reaps

the benefits of both technigsiethereby enhancing the efficiency and effectiveness of pavement
crack classification and localizationThe proposed method further provides a mechanism for
precisely estimating the width of thi@ear cracks in pixel measurements using patches derived
from the localization moduld his information will be used later in PCI calculation.

Chapter4 i Case StudyThis chaptershows the empirical outcomes derived fraime proposed
framework Additionally, a comparative study betwethie proposechybrid localizationapproach
and established supervised learning techniques, including iessmgentation and object
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detection methodsis conducted It reveals that, upon considering all factotise proposed
framework significantly surpasses the performance ofrsigeel methods.

Chapter51 SummaryContributiors and Future Workln this chapter, a summary of the thesis is
presented, encompassing its notewoxtbgtributionsand advancements in the field. Moreover,
any challenges faced during the research are discussed. Furthermore, to direct further
exploration in this domain, recommendations for future research avenues are put forth.



Chapter 2: Literature Review

2.1 Introduction

This chapter endeavors to present a thorough and inclusaveiration of the various techniques
previously utilized for the purpose of crack identification and localization. The methodologies
encompass a broad spectrum, encompassing both machine learning and computer vision methods
First, classical image procesginand computer vision techniqguese examined for their
applicability in pavement crack detectidrhey mostlyinvolve several steps such @wsesholding,

edge detectioand morphological operationdext, 3D computer visiomethod that leverage the

3D pant clouds and 3D imaginigy capturing detailed spatial information and integrating siéte
the-art imaging technologiegreconsideredFinally, a comprehensive investigatimcarried out

on deep learninpased methods, including both supervised andklyesupervised approaches,
owing to their exceptional performanc&his chapteralso considerghe effectiveness and
drawbacksof the mentioned method® highlight the areas where further improvements can be
made.

2.2 ClassicMachine Learning and Computer Vision Methods

Some approaches developethge processing and compw&sion techniques to detect defects in
pavement imagesbtained from theCCD camerasCCD camera sensors convert light into an
electrical charge in pixel$n general, these methods comsprthemajor stepss follows[1]:

1. Pre-processing Differentclimate conditions may challenge the data collection process by
affecting the image contrast and illumination, which may affect crack detection in the next
steps Thus, In preprocessing, some image processing techniques such as contrast
stretching, histogam equalization and filtering are performed to recover the image from
the environmental artifact noise some exter{7].

2. Segmentationis the process in which the pixels belonging to specific objects in the image,
such as thelefects, arepecified as the region of interesfter segmentation, the extent
and severity of the defects can be calculated by some other techinaquebke extracted
regions from the segmentation procd$sere are various techniques and methods for image
segmentation including: (1) Eddmsed segmentatiohis method involves detecting
edges or boundaries between regions in an image based or<lmamgensity or color.
Since this method is noisensitive, it is advantageous to smooth the image to some extent
before using the approaq2) Regionbased segmentatiolm this method, pixels with the
same features, such as color, texture, etccansideredas one group This method is
helpful to a great extent for images in which the edges are notlefeled due to noise.

(3) Thresholebased segmentatiomhis method categorizes the pisaito the foreground

and background groups by comparihgit intensity values with a specific threshaolthis
method is simple and fagbut may not work well for images with varying lighting or
contrast(4) Fuzzybased segmentation: This method uses fuzzy logic to assign degrees of
membership to pixels based their similarity to different regions or objects. It can handle
variations in texture and color but may require more computational reso(tcPsurtial
differential equatiorbased segmentation: This method involves solving partial differential
equatias to identify boundaries or regions in the image. It can be computationally intensive
but can produce accurate results.



When compared to employing only one method, hybrid segmentation techniques, which
incorporate several segmentation techniques, frelyuproduce better resultSince a
combination of multiple segmentation techniques outperfoemsingle method in
overcoming the drawbacks or limits of certain segmentation approaches, it may be better
suited to various types of images or regions of @##§8]. To handle variations in lighting

or contrast within the image, for insta) a hybrid approach might combine threshold
based segmentation with fuzbgsed segmentation. Alternatively, it might combine edge
based segmentation with regibased segmentation to better capture the edges and texture
of an object of interesHowever combining the proceduregthout calibrationdoes not

yield better results. Therefore, the parameters and weighting of each technique must be
carefully considered and optimized while designing a hybrid segmentation mé&tred
computational cost of a hyild technique may also be higher than employing a single
method; hence, the methods shohtd selectedegarding the particular application and
available resources.

. Feature extraction and selectionFeature extraction techniquesn eliminate noises such

as shadow regions and extract the region of interest, including the d&faxtsis feature
extraction techniques, such as curvelet, Haar, Fourier, Wavelet, were used to extract defect
from the image$9], [10]. In order to construct a representation of the crack in a skeleton
shapethat is also useful for estimating the crékidth and other properties, the skeleton
approach was employddl1l]. Next, extracted featas were classified to recognize defect
types and estimate their lengtdsCanny edge detector has been applied to locate cracks
[12]. ComparingFast Haar Transform (FHT), Fast Fourier Transform (FFT), Sobel, and
Canny edge detection algorithms, FHT demonstrated gpstermance compared to the
other edge detection methods3]. An Active Contour Model (ACM) has beetsa used

to obtain crack location and geomeliyt]. An ACM is a type of deformable model that
seeks to minimize an energy functional defined over the contour of the object being
segmentedrheMarkov Random Fies (MRF)model has also been used to segment cracks
[15]. However,both ACM and MRF are computationally expensiverthermoreACM is
sensitiveto initialization and parameter settingdRF performancealso dependsn the

quality of the image and the choice of model paramektgace,t camot be generalized

for detecing defects with complex shapes.

. Detection and classification Extracted features from the previous stage are used in this
stage to detect andassifythe defect types and their severitiEsr example irf16] the
imageswere segmentetdy 1D and 2D thresholding to segment the defects. Next, the
segmented defects are categorized into the classes such as cracking, rutting, and potholes
with different severities The fused featas from the local binary pattern (LBP) and
principal component analysis (PCA) were classified by SVM to detect the tagk8CA

is a statistical technique used for dimensionality reduction and feature extrag&Pn.
(Local Binary Pattern) is a texture descriptor used for texture classificatioovel crack
segmentatiomethod baed on the Random Structured Forest was propd$3dA tile-

based crack assessment technique has been developed to detect cracks from the 2D and 3D
images[19]. However,the types of the defects cannot be detected by this md2ajd
Hybridization of some computer vision and machine learning methods such as least squares
support vector classification (LSSVC) and foreAsased investigation (FBI) were applied

to recognize pavement ruttif@l]. LSSVC is a supervised learning classification algorithm
that finds the hyperplane that maximally separates the data points of different classes.
Forersic-based Investigation (FBI) is a process that involves a detailed analysis of
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pavement distresses to identify the root cau$hs. goal of the FBI is to determine the
factors that have contributed to pavement distress and develop appropriate mairdenance
rehabilitation strategies

However, classical image processing and computer vision methods have certain limitations. They
tend to rely heavily on handcrafted features, requiring expert knowledge and epeaiiic
expertise to design effective algtwits. This process can be thoensuming and may not
generalize well to diverse datasets or complex scenfjog\dditionally, in contrast to deep
learning methods, using shallow learning techniques make their performance susceptible in
tackling the problemsf illumination and background changes. Thus, their resuéghferior to

the deedearningmethodq22].

2.3 3D Methods

Since some pavement distresses, such as potholes and ruttings, are inheresdijmémsenal,

3D defect detection algorithms, which capture the complete pavement geometry, are extremely
helpful for identifying and quantifying such distres§gf 3D defect detection methods use 3D
datagenerated by 3D phogrammetry, such &D laserbasedmaging[5]. 3D data generated by
structured light imaging was used to detect cr2RE Structured light technique projects a pattern

of beamsonto a scene and extract the 3D model of the scene by measuring the distortion in the
projected patterrBD data can be used as 3D point cloud or 3D imAd&D image is justike a

regular image with the sceisadepth information include&ach 3D pixeli.e. a voxel) comprises
information about the 3D space with color and other properties of the. Sf@nmint clouds
contain threadimensional spatial infonation as well as others like coldn. contrast to the 3D
image, the 3D point clouds provide a sparse representation of the scene

Light Detection and Ranging (LIDAR) scanner data has also been used to detect pavement defects
[3], [25], [29]i [34]. Although 3D supervisebased algorithms showed superior performance, they
rely on a large amount of 3D point cloud that takes a lot of time and effemte, to address this

issue a 3D sensupervised poirdlevel metlod was proposed by Feng ef29]. Ravi et al[33]
proposed an automated method to detect pavement defects speth@esand foreign object

debris (FOD) using LIDARUNderstanding how the installation of a LIDAR sensor affects its
performance is critical for effective point cloud analydt®r instance, e placement and
orientation of the sensor can significantly impact the quality and accuracy of the resulting point
cloud data, which are used later in 3D computer vision tasks such as object detection, classification,
and segmentatioi.he field of view & LIDAR, called FOV, is the space area covered during the
scanning process for collecting 3D point clouds by the LIDAR sef$w.LIDAR should be
installed in the way that its FOV covers the area of interest for the applicatiother important
consideation is the mounting angle of the sensor. The mounting angle refers to the angle between
the sensor and the ground surface, and it can affect the distribution and density of the point cloud
data. A mounting angle that is too high or too low can resuttigsing or sparse data in certain
areas, which can affect the accuracy of object detection and segmenthgobesoptimized
installation parameters, such as height and the rotation angle, are prégdntedt al.[34] using
low-channel LIDAR for crack detection in highway and urban ateas-altitude unmanned aerial
vehicle light detectiorand ranging (UAV LIDAR) and random forest classification (RFC) were
used for defect classificatiof85]. Low-altitude unmanned aerial vehicle light detection and
ranging is an unmanned vehicle equipped with a LIDAR sensor operating at low altitudes for
collecting 3D dataRandom Forest Classification (RFC) isnachinelearning algorithm which
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combines multiple decision trees to make predictidie final classification decision is made
based on the majority vote of the individual decision trelgh-quality 3D point cloud datasets
collected with LIDAR scannerare used to train neural networks such as PointNet for defect
classification30].

Moving Least Squares (MLS) point clouds acquired with Mobile Laser Scanning sysigms
been clusters to detect cra¢Rd]. MLS point clouds are a smootheepresentation of the original
3D point cloud dataAs a result, owing to noise removal from the point clouds, MLS point clouds
provide a more accurate representation of the underlying surffaaever,onecommon challenge
with MLS data is the lack ofopology, which refers to the absence of information about the
relationships between points in the point cldadraditional point cloud analysis, topology is often
defined by the connectivity between points. This topology provides a geometric represaftat
the object or scene being scannBaus, to handle this isspa twodimensional index is assigned
for each 3D point by Zhong et &5].

The Microsoft Kinect camera generates a combination of depth map of the scene using an infrared
sensor and RGB color image that can belusedetect defect®], [26]. Depth images collected

by Kinect camera were used for pothole imadRifj. The Kinect camei@ main drawback is that
ambient light sources can interfere with its depth sei@thier approaches used the stereo image
technique to reconstruct 3D point clouds from corresponding 2D points extracted fromaiyesim
captured by two cameras with a sole translation to each other in one axis. Then, the reconstructed
point cloudswere usedo detect crack]. A 3D crack segmentation algorithm has been used to
segment the cracks frorhe 3D point cloudf28].

Since the 3D point c¢cloud annotations should b
intensively timeconsuming and need some software skills to do; additionaytudng high
quality 3D data can be challenging and reseimtensive[41].

2.4 Deeplearning Methods

Most of the recent studies on defect applications applied methods based on deep learning models
because of their superior performance and lower caatipntl costs compared to the other
techniqueg1], [20], [42], [43].

2.4.1 SupervisedMethods

2.4.1.1 Object Detection

Some proposed supervised methods localize the defects in terms of object detection with bounding
box shapedhat can becategorized into two groups: ostageand two-stage object detection
approaches.

(a) One-stage detectors:

Onestage detectgr as exemplified by YOLO (You Only Look Once) and SSD (Single Shot
Detector),are a singlestep process where the model directly predicts the object class and the
bounding boxcoordinates ira singlefeedforward pass over the image without generating region
proposal The network divides the image into a grid and predicts the class probabilities and
bounding boxes for each cell in the grtOLO deep learning framewoidevelopedy Redmon,

et al [55] has been used for defect detec{id]i [54]. YOLO is a deep learning model for object
detection Although it can detect objects in rdahe, it has more missing small detected objects
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compared to other detection methoesng to the lack of complex pipeline. As illustratedrigure

2-1, in the first step, it divides the image into some grid cells in which a class object is localized,
and its class is predicteth the next step, a bounding box regression is used to find the best
enclosed rectangle anod the objects with the highest scofs mentioned previously, YOLO is
unable to detect small objects. Thug track detection performance of the original YOLO model
was improved by adding attention modules, particularly to detect small ¢djkZhanget al.

[49] proposed a improved model of YOLO3 by adding a convolutional block attention module
(CBAM) to detect cracksCBAM is an attention modulaiming to improve the feature
representation of convolutional neural networks (CNNs) by selectively attending to the most
informative features. It achieves this by incorporating two types of attention mechanisms, namely
Channel Attention and Spatial Attention, into the feature extraction procegkl2] circular
smooth label (CSL) method issed to detect the arbitrarily oriented objects.

[113] implemented and comied the CSL method with YOLOR14] and presented asriented
bounding box object detection called YOLO5 (OBB).[143], each object is defined with six
parameters: (cx, cy)(center of the rectangle), width (rectangle width), height (redtargiie,

angle (rectangle rotation anglexdobject classAn improved version of YOLO was has been

also proposed for defect detection by using BFPN (Bidirectional Feature Pyramid Nd#gjrk)
BIFPN is a modification of the Feature Pyramid Network (FPN) architecture, which is designed to
address the problem of scale variationolsject detectiorby generating a muHscale feature
pyramid The feature pyramid consists of a set of feature maps at different scales. The resolutions
of the feature maps are increased from the top to the bottom of the pyldRHdN extends FPN

by introducing a bidirectional pathway that connects adjacent levels of the pyramid

o

3

Final detections

S x S grid on input

Class probability map

Figure 2-1 YOLO object detection [55]
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(b) Two-stage detectors:

On the other hand, twstage detectsr such as Faster-BNN (Regionbased Convolutional

Neural Network), imretwo-step process where the model first generates a set of regions of interest
(region proposals) using reference bofechors) and then predicts the object class and bounding
box coordinates for each region proposal. The network uses a separate Region Proposal Network
(RPN) to generate the region proposals, which are then refined by a separate detection network.
Thus, the twostage object detection has one more stage called region proposal generation
compared to the orgtage object detectiofOnestage object detection methods are ideal for
situations where speed is critical since they are simple, effective, arttlmeaDn the contrary,
two-stage objects detection methods tend to be more accurate, especially for small objects and
cluttered scenes, due to their more complex architecture and extra region proposal generator
compared to the orgtage object detection apaichesAdditionally, they are not as retime as
onestage methods due to their higher computational céstether words, the applicatin

specific needs, such as accuracy, speed, computational costs and complexity, indicates whether to
select onestgge or twoestage object detection methods

Someothermethods used twstage object detection methods, sucliraster RCNN, to detect
cracks[57]i [63]. Faster RCNN is a popular deep learnitigised object detection model that was
introduced by Ren et g64]. Faster RCNN builds upon the Regielbased Convolutional Neural
Network (RCNN) and Fast ENN models, which were previously developed for objetéction.

Faster RCNN is designed to improve the speed and accuracy of these models by introducing a
Region Proposal Network (RPNhat shares convolutional features with the object detection
network. As illustrated inFigure 2-2, the RPN generates region proposals by sliding a small
network over the convolutional feature maps of the input image. The network is designed to output
a set of bounding box proposals, each of which is associated with a score that reflect#thedikel

of the proposal containing an object. The-smpring proposals are then fed into the object
detection network for classification and refinemdie object detection network in FasteCRIN

is typically a Fast CNN model that uses the same conviohl features as the RPN. The network
takes the region proposals generated by the RPN and uses them to crop and warp feature maps
from the convolutional feature maps. The cropped feature maps are then fed into a sequence of
fully connected layers for olgeclassification and bounding box regression.

Li et al.[58] proposed a UAVbased crack detection using FasteCRN. Gou et al[61] have
developed a neural network based on the F&EBNMN with improved feature extraction and
region proposal. Faster-BNN has also been used to automate pavement defect detection using
images from the satellite imagery wetapping service (Google Mapl§2]. To achieve aigh-
efficiency pavement crack detection, Zhai et[&B] improve FasterRCNN in two ways: (1) by
introducingresidual connections in the convolutional layers of the backbmassification and
regressiometwork, which enable the learning of more complex feataned(2) by designing a
feature ensemble structure fadter RCNN, which combines the shallow and deep feature maps

of the backbonerlhis approach involves selecting a subset of feature maps from each layer of the
backbone network and concatenating them to form a new feature map. The resulting feature map
isthen used as input to the object detection network, improving the overall accuracy of the model.
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Figure 2-2 Region proposal network (RPN) in theFaster R-CNN [64]

2.4.1.2 Segmentation Methods

Some proposed supervised methods localize the defects in terms eligixetegmentations
shapeausing deep learning segmentation modslgh as the Mask-RNN, U-Net and SegNet
[65]i [78].

(a) Mask R-CNN

Mask RCNN is a neural network architecture that builds upon the FasBMIR object detection

model to also perform instance segmentation. Instance segmentation is a computer kithan tas
involves detecting objects in an image and identifying their precise boundaries at the pixel level.
Mask RCNN extends Faster-RNN by adding a third branch to the network that outputs a binary
mask for each detected object. As illustratelligure2-3, the mask branch takes as input the region

of interest (Rol) proposals generated by the RPN and generates a binary mask that specifies which
pixels in the Rol belong to the object and which do fibe mask kanch consists of a set of
convolutional layers followed by a fully connected layer that outputs a binary mask of the same
size as the Rol. The output mask is then resized to the original size of the input image and combined
with the object classificatioand bounding box regression results to produce the final instance
segmentation outpuCompared to Faster-RNN, Mask RCNN adds additional computational
overhead to the model due to the mask branch. However, it also provides more detailed information
abou the objects in an image by allowing for precise plegEl segmentation. This additional
information can be beneficial in applicationkere it is important to identify the exact boundaries

of objects in an image, such as cracks.

An improved Mask RCNN with optimizedRPNwas proposed to segment asphalt road cracks by
replacingSoft NonrMaximum Suppression (SeNMS) by NoneMaximum Suppression (NMS)
[68]. NMS is a traditional pogbrocessing algorithm used in object detection to eliminate redundant
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bounding boxes generated by a modielvorks by selecting the bounding box with the highest
confidence score and suppressing all other overlapping boxes with a certain threshold. The
overlapping boxes are suppressed by setting their confidence score to zero, which removes them
from consideation for the final outputOn the other hand, SEiRMS is a variation of NMS that

retains some of the suppressed bounding boxes by reducing their confidence score instead of setting
it to zero. This is achieved by using a Gaussian function to gradudilgeehe confidence score

of the suppressed bounding boxes based on their degree of overlap with the selec¢tietdmx.
SoftNMS can help retain important object details that may be lost with traditional NMS, especially

in cases where small overlappingxies may contain additional information. This can lead to more
accurate object detection results with fewer missed detections.

RolAlign

Figure 2-3 Mask R-CNN framework for instance segmentatiorn[79]

Li et al.Xiao [72] proposed a new convolutional neural network based on the MaskNRcalled
C-Mask Regiorbased convolutional neural network-@RIN) to identify pavement defects, such
as transverse, longitudinal and alligatoaaks, by adjusting the anchor ratio and using cascaded
detectors with multiple intersections over union (IOU) threshdloisit training process for Mask
R-CNN and Faster ENN has also beeproposed to improve the defect detec{in)].

(b) U-Net

Other methods useshcoderdecodetbhasedsegmentation netwosksuch as tNet and SegNet to
segment the cracksl-Net was specifically designed for biomedical image segmenta@tiprand

later it has also been used for other segmentation tasks, such as crack detection in civil engineering
[73]i [76], [81]i [83].

As illustrated inFigure2-4, U-Net architecture consists of two main patiiecontracting patland
expanding pathThe contracting path is similar to the encoder part of an endededer network.

It comprises several layers of convolutional and 4paaling operations used extract higHevel
features from the input image while reducing its spatial resolufioa.expanding path is similar

to the decoder part of an encodiecoder network. It consists of several layers efapvolutional

and concatenation operations, whask used to increase the spatial resolution of the feature maps
and perform pixelvise segmentation. The gonvolutional layers are used to-sample the
feature maps and produce a segmentation map of the same size as the inputiNeigalso
includesskip connections that connect corresponding layers of the contracting and expanding
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paths. These skip connections help to preserve spatial information and enable the network to learn
both global and local features. Specifically, the output feature maasbflayer in the contracting

path are concatenated with the input feature maps of the corresponding layer in the expanding path,
before being passed through theagmvolutional layer.
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Figure 2-4 U-Net architecture [80]

Liu et al.[81] changed the depth and typkthe encoder in theMet and considered its effect on

not onlytheaccuracy metric but also on computational costs and the model complexity for crack
detection. Considering all factors UNetVGG19, UNetinceptionResNetv2, and UNet
EfficientNetb3 have ben ranked as the top three encodéfang et al[82] proposed an improved
U-Net called {UNet for crack segmentatipnn which dilated convolution instead of regular
convolution was used to avoid losing information during the upsampling 3tage.al.[83] used
residual blocks from the Resnettireencoder part to improve the model generalization. They also
appliedan attention mechanism call&patiatChannel Squeeze and Excitati@eSH to improve

the crack segmentati performanceThis mechanism was designed to enhance the important
features in an image while suppressing the less important mescSE attention moduheorks

by reducing the spatial and channel dimensions of the input feature map through glaioge aver
pooling and two fully connected layers, respectively. This allows the module to compute a global
descriptor that summarizes the most important features in the input

The issue of imbalance in the number of crack and background pixels has beeni@asignif
challenge for road crack image analysis. That is because, owing to the larger number of background
pixels, the network tends to predict more background labels compared to the crack labels, which
results in detection outputs that are completely blabks, an imbalanced number of labels leads

to more missing detected pixels for thin cracks.address this problem aNet and residual
attention moduldased network called RAONet was proposefd6]. A novel pixel segmentation

was proposed by modifying the original version ofNet called Crack\ANet for crack
segmentation by usirgyskip-level sampling methofB4].
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(c) SegNet

Similar to UNet, Sef@jlet is an encodettecodetbased architecture for semantic segmentation.
They differ in the way they transfer information between the encoder and decoder. SegNet only
transfers maypooling indices from the encoder to thecoder, while kNet transfers entire feature
maps, which requires more memory. This makes SegNet more meffiognt than UNet, but
U-Nets approach helps to preserve spatial information and combindelvigihand lowlevel
features for more accurategnentation. A segmentation network based on SegNa$ been
proposed to segment pavement and bridge cri@@sIn this network, VGG16 withouthe top

layer was used as encoder, whadlows themodel to be converged faster with lower computational
powerfor pavement crack detection

A two-stepcrack detection and segmentation has also been develope@tst[lzi8]. First, a crack
classification algorithm based dmerleaved.ow-rank Group ConvolutionHybrid DeepNetwork
(ILGCHDN) was used to classify the images into two groups: (1) image with cracks and (2) image
without cracks ILGCHDN is a type of neural network architecture that combines multiple
techniques to improve the efficiency and accuracy of deep learning mBglalsing lowrank
approximation and group convolution, ILGCHDN reduces the computational cost of the
convolutional layers. Interleaved execution then allows the network to process multiple layers in
parallel, reducing the memory footprint and improving the overall efficiency of the netMexk.

a fused network which combined SegNet and dense cordlitenmdom field (DCRF) was used to
segment the cracksDCRF is a probabilistic graphical model used for image segmentation and
labeling.DCRF can consider both local and global information to make-piisa predictionsit
modekthe probability distribuon of the labels for all pixels in an image, given the observed image
data and any other relevant information, such as the spatial relationships between neighboring
pixels.An encoderdecoder neural network has also been developed baseegdietto segmat
crackg[77].

2.4.1.3 Hybrid Methods

Some methods applied other imaging techniques, such as Infrared thermal imaging (IRT), to detect
cracks since theemperature is different between cracks and pavement sigtcén artificial

neural network was proposed to calculate pavement condition index (PCI) from the defect types
and severitief87]. Some methods classified the whole ima@8§ whereas others divided images

into equal size patches and cléissi the patches to detect the defelsystwo concepts (1) by
dividing the image into sub patchesopre data can be provided to train the deep learning model,
and (2) image localization map can be generated by putting the defect patches alzjetbeir

[92]. The Google Net convolutional neural network was used to classify the image patches for crack
detection in a nuclear power plaf@3]. The features extracted frothe patches with the size of
(256*256) by the Adaptive Salp Swarm Algorithm (ASSA) were used to classify the defects by
ResNet5(q94].

A novel hybrid method was proposed to measure the crack {@&lthA probability fusiorbased
model has been developed to detect and measure the length and width of thg96tadks
combination of CNN and LSTM wasqposed for pavement maintenance (@t

2.4.1.4 3D Deep Learning Methods

3D point clouds and 2D image fusion wpreposed to detect cradi8]. The proposed data fusion
has decreased background noise and increased distokguishability A carmountedARM-
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based platform was proposed by Asadi e{38] to detect crackby using RGBD (RGB color

data combined with depth image map) sensor data. Fasi&iNRand YOLO were used to detect

the cracks using 3D pavement imagé8]. Feng et al[31] proposed a Stratified Contrastive
Learning duabranched Graph Convolution Network (GCF) to boost the accuracy and efficiency

of pavement crack dection. A 3D deep convolutional neural network called Pavement Crack
Detection Net (PCDNet), which uses patetrel instead of pixelevel data, has also been proposed

to apply to the 3D images for defect classificafi®®]. The CrackNe¥ modelwas also proposed

to detect cracks from the 3D pavement ima@¥. Despite the fact CrackN&t comprised a

deeper architecture compared to the CrackNet network, it has a fewer number of parameters than
CrackNet; as a result, it generated more promising results with fewer computational costs

2.4.2 Weakly Supervised Methods

Most ofthe proposedeep learningpased methodare supervisetechniqueswhich need a large
dataset to attain @oodresuls. Thus, the main drawback of supervised deep learning methods is
that they would not show their supergerformance when they are not trained with a sufficient
number of annotated objects. Two major supervised -tigpingbased methods are object
detection and object segmentation, bottheimneed annotation of a large datasghg bounding
boxes and pggon shapesespectively. The problem gets worse when it comes to defect detection.
Defect annotation is more challenging task than ayy@s ofobject annotation because of the
following reasons: (1bue to the various complex shapes of defects, wd aeery large dataset

to train the models; and (2) In some cases, some defects with differenotgskgp with each
other, which makes it difficult to find a clear boundary to separate tre=mpecially in highly
damaged asphalt pavement rodésr instaice, Figure 2-5 showsoverlappingof longitudinal,
transversandalligator cracks, and potholes in complex forms. Moreover, in such images, there
are always some defects that cannot be definitely categanizednetype Consequently, ake to

these drawbacks,defect localization using weakly supervisedethodsis a more appropriate
alternative compared to the supervised ones.

Figure 2-5 A sample image of complex defects for highly damaged asphalt pavements

In geneal, weakly supervised methsdior pavement crack detection refers to a type of machine
learning approadsthat carlocalizecracks in pavement surfaces without relying on pieeél or
bounding box annotations of the imagbs.contrast to supervised theds weakly supervised
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learning methods can ussasierforms of supervision, such as imalgeel labels or partial
annotations, to train models for detecting cracks in pavement surfaces.

A weakly supervised instance segmentation (WSIS) was developedtdok segmentation by
Zhanget al.[98]. They generate pixakise pseudo labelfrom the bounding bajevel annotation

using the region growing algorithm with the GrabCut algorithmue et al. [99] developed a
weakly-supervised approach to tackle the issue of crack annotation. They proposedraneo
framework that can maintain a high level of accuracy in detecting cracks even when the annotations
areof low quality. Two-branchfusedthe supervised model rough annotation at the first branch and
annotation obtained from the darkness calculation in the second branch inspired by the human
annotation.Tang et al.[100] proposed a weakly supervised leagiU-Net (WSL UNet) for
pavement crack segmentation using a weakly labelled image in which only marginal pixels were
labelled, whichwasbeneficialin reducing the cost of the pixalise annotation.

Some methods used class activation mapf@#g\) [101] to localize the pavement cradd®2]i

[104]. CAM is a technique used tosualize the spatial information within a neural network that
contributes to its classification decisidhcan provide the approximate location and shape of the
object in terms of which the classifier is trained withthe&need to use bounding box or gix

wise annotationsln the CAM methodfirst, the last fully connected layer tiie classifier is
removed. Nexta weighted sum of the feature maps generated by the last convolutional layer of
the network is calculated. Each feature map is multipliedsbgarresponding weight in the final
classification layer, and the resulting feature maps are summ@d djustrated irFigure2-6, this

process results in a 2D heatmap that represents the importance of different regions of the input
image for a particular classhich can be segmented for object localization
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The pixetlevel semantic requireme cannot be met adequately by solely utilizing the default
image size passed into the classification network, as it fails to activate sufficient features that
identify objectsThus, multiscale localization using CAM methadth selfattention (SA) modd

was used to address this probldi®4]. In the same way weakly supervised patch label inference
network (WSPLIN)is proposedo tackle this issue by dividing the images with different scales
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into patches with different collection strategies and classifying {ié8]. A patchbased weakly
supervised semantic segmentation network has also been ael/&dograck segmentatigh02].

First, the images are divided into some patches. Next, the clasdifeened by their corresponding
image labels and CAM methaslused to extract the heatmaps of the cra€kslly, Conditional
Random Field¢CRF areused to generate synthetic lab€&&F is used as a pestocessing step

to refine the output of a neural network. Neural networks often output\igelor objectwise
probabilities for a given task, such as image segmentation or object deteciweved, these
probabilities are often noisy and can result in fragmented or inaccurate segmentations or object
boundariesHowever, since they dividenimage to small patchethe texture of the crackamot

be kept to classify the defect type.

The smoothd CAM method109] is an extension of the CAMhethod, which can also be used to
localize the objectsSimilar to the CAM method, the smoothed CAM method localizes the defects

in the images. This method calculates the first principal component of feature maps multiplied by
weights instead of using theaverage sum. It also augments the images and applies the CAM
method multiple times to the combined augmented images. This method reduces the noise of
localization and centralizes the detector result at the center of the [Abielct

2.5 Crack Severity Estimationand Width Measurement

Some methoslare deigned specifically for the purpose of estimating the width of pavement
cracks.The results obtained from these methcais be used in calculating the Pavement Condition
Index (PCI)Ong et al. [115] developed a hybrid method using merging the shortestlogonal
projection methods to estimate the pavement crack width by identifying the points in close
proximity to the skeleton, which are aligned to the orthogonal vastanget al. [1¥] introduces

a novel automatic technique for crack width measunt¢midizing two algorithms includinghe

crack blob extraction and crack boundary extraction by applying the Laplacian equation.

Some other methods, in addition to localizing the detects, classify their severities as well.
Majidifard et al.[44] gathered 2D cracknages from Google Street View and trained the YOLO

object detection model with this data to detect cracks in 2D images. However, since YOLO did not
guantify the cr ac k-$é netverk ferisegmentatibnhardyguaatisyiegidefech e U
density A two-stepcrack detection and crack severity classification using MaSNRl has also

been proposefb6]. In the first step, Mask fENN was used to localize and classify defect types

for linear cracks, such as longitudinal and transverse cracks. In this step, NGi$K Ras also

used to classify the fatigue defect severity in three leWelthe second step, a combination of

image processing techniques, such as connected componentsamalyghological operation

(dilation and erosion), Gaussian filter techniqwereapplied to segment the linear defects more
precisely and estimate their severitiewever, the aforementioned image processing methods

are beneficial for higliesolution mvement images. For images with lower resolution, such image
processing techniqgues, e s peci araddtionda tiee slefeatn |, de
type, defect severities were estimated by calculating the maximum crack width in lineaaahcks

the density of cracks in area cra¢gs).

Automaticcrack widthestimationcan be done by analyzing the images with image processing and
computer vision toolsuch asnteractiveSegmentation with Intelligent Sciss¢rS) method110].
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ISis an intuitive and useiriendly methodthat automatically detects object edges in an inHgs
method was introduced ortenseret al.[110] and was primarily designed to enable interactive
boundary delineation of objects of interest in images.

The algorithm makes use of the idea of "costs" or "weights" for each pixel, which are calculated
based on various features such as pixel sitgngradient, and direction. TH8 behavs like a

"live wire" that snaps onto the object boundary based on these cost GHadpoints are fed to

the algorithmwhichthen seeks the path of least cost between the points, effectively delineating the
object.

IS canhandle small breaks in object boundaries. They are particularly useful for delineating objects
with complex, irregular shapes. They are often used in applications like medical imaging, where
accurate boundary delineation is cruckigure 2-7 shows a sample ofetineating the intricate
boundary of an object against a complex background usin thethod.

Figure 2-7 Delineating the intricate boundary of an object aginst a complex background
using the Intelligent Scissors method110]

2.6 Summary and Conclusiors

This chaptedelved into the existing body of literature concerning crack detection, localization,
and severity estimation techniquégoreover,it identified the drawbacks associated with these
methods. Although classical image processing and computer vision methards often
computationally efficient and can work well in scenarios with limited computational respurces
theystruggle wih handling largescale datasets, as they may lack the scalability and adaptability
of modern deep learning approacHasviding a more comprehensive understanding of the-three
dimensional world through 3D computer vision techniques leads to more acolbjat
localization and shape estimatiddowever, it relies onspecialized equipment, such as depth
sensors or stereo cameras, which may limit their applicability and increase the cost of
implementationUltimately, aframeworkbased on deep learning &ken into consideratiohe
examined methods encompassed consideration of various attributes, such as the classification of
defect types, localization of defect through supervised or weakly supervised approaches, including
defect detection and segmentatias well as defect severity estimation
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Table 2-1 summarizes the pavement crack detection and recognition methods discussed in this
chapteras well as the proposed methad.shown in the table, considering all factdngproposed

hybrid method aims to combine the benefits dfie previous methodBy integrating both
supervised and weakly supervised methodsotalize defects and categorize their tgpand
severites

Table 2-1 Summary of pavement crack detection and recognition papers based on deep
learning

Methods Defect type Defect localization Defect severity
classification (detection/segmentation/patch | classification or
classification) estimation

Supervised | Weakly supervised
method method

[98], [99], No No Yes No
[100], [102
104]

[22], [39], No Yes No No
[49-54],
[57], [61],
[62], [65],
[67]i[69],
[70-71],
[73]i[78],
[81], [82],
[84], [86],
[89]i [93]

[45]i[49], Yes Yes No No

[58], [60],

[63], [72],
[94]

[44], [66], Yes Yes No Yes
[85]
[115], [116] No No No Yes

The Yes Yes Yes Yes
proposed
method
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Chapter 3: Proposed Method

3.1 Introduction

The proposed framework consists of deep learbeged classification and localization modules
integrated with a Glbased inspection and asset management system called RUBIX The
proposedybriddeep learning wdules benefit from the advantages of both supervised and weakly
supervised methods. It is also shown that, in general, considering all faotmuposed method
outperforms the supervised methods in defect localization and classification.

Figure3-1 shows the block diagram of our proposed methothe classification module, images

and extracted patches from localization are classified in terms of defect type and severity,
respectivelyThed e f e ct s 6 nodule &irst,ifeataré mapsrare extracted from the defect

type classifier. Then, these feature maps are used as weakly supervised features to localize the
defects using Class Activation Mapping (CAM) (16). FinallyNet or Mask RCNN are used to
segment the defectsoim the CAM method heatmaps as supervised metlaodsthe segmented

patches are sent to the secdenkl classifier to classify their severities

RUBIX as interface for training, testing and visualization

Defect Type and Severity Classification
First Level Classifiers | Second Level Classifiels

r LON CIassifier] ‘}LON Severity Classifi‘er

ifi SN i i Linear Crack
»  TRN Classifier TRN Severity Classifier
L — | Width
Image Subset L
— Estimation

Selection

~"7ALG ClassifierJ }ALG Severity Classif*er

I o REN . "
‘ BLK CIassufnerQ ‘ BLK Severity Cla55|f+er

— — —»

:
: Defect Localization :
I Defect Heatmaps Generation Defect :
v T Segmentation :
|
Extract Feature| |Extract Localized | Remove False |
Maps From —Defect Heatmaps- Defect :
First Classifiers with CAM Localizations l Mask R-CNN |
> or =

U-Net

| Road
Segmentation

Figure 3-1 Proposed method
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Table 3-1 Brief explanation of the selected defects

Defect type | Explanation

Abbreviation

Transverse
crack

Transverse
defects are

located

the pavement
centerline.

predominantly

perpendicular to

Example

crack

Longitudinal| predominantly

Longitudinal
cracks are

parallel to the
pavement
centerline.

Alligator
crack

Alligator cracks
mostly occur in
areas subjecte(
to repeated
traffic loadings
(wheel paths). It
is a series of
interconnected
cracks in the
early stages of
development. It
develops into
manysided,
sharp angled
pieces.

ALG

Block crack

Block crack is a
pattern of cracks
that divides the
pavement into
approximatey
rectangular
pieces.

BLK
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Hence, thishybrid framework combines the advantages of weakly supervised and supervised
methods. In this research, four types of defects (i.e. longitudinal (LON), transverse (TRN), alligator
(ALG), and block (BLK) cracks) re localized in pavement imagekable 3-1 provides a brief
explanation and illustration of the selected defects.

3.2 Pre- and PostProcessingModule (RUBIX)

RUBIX is a GIS driven asset inspection and management system that integrates field data
collection tools, dashboard reporting and decisi@king aiding for longerm maintenance and
rehabilitation planning. RUBIX has tools to perform: (1) visual inspection from field captured
images, (2) PCtalculation to report the current infrastructure status, and (3) model degradation to
help infrastreture managers with maintenance and rehabilitation planning. For this study, it served
as the primary tool for field data collection, and the analysis platform used to annotate defects, train
models, and test the datasets for object classification ankizédman. All captured images with

GPS locations were uploaded into RUBIX for condition processing, analysis, and visualization of
the generated information. RUBIX &sfully customizable platform and can be easily configured

to match the scope of thissarch As part of the prg@rocessing, each image is assigned to a road
section, defined by a centerline in the GIS source map dataset. A road section in the RUBIX map
is selected to extract the images for annotation in terms of defect types and sekagities-2

shows an example of image selectibig@re3-2(a)) and annotation in the RUBIX GIS interface
(Figure3-2(b)).

Fadlowing the useis request, RUBIX generates the URL encoding query of the selected images
and uses the hyperparameters specified by the user to start the training or testing processes. RUBIX
executes a job for each process, phts processes a queue, d runs them based on their
priorities. Thus, by creating a query for images in arbitrary locations and using thraipeel

models, the conditions of roads can be evaluated based on the types and severities of defects so
that proper future pavement mainance measures can be applied.

- Area: 1086.7 1m?|
Perimeter: 941.79m|
;@

e D
F u @
-]
Image
selection
|| =
(a) Imageselection (b) Imageannotation

Figure 3-2 RUBIX image selection and annotation
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3.3 Classification Module

In the classification module, the imagasdtheir crrespondinggenerated localized patchase

passed through twievel consecutive hierarchical classifiers to classify the type and severity of
defects using the Residual Neural Network (Resnetflil®f). It usesa residual network that can

be extended to a deeper scale with much more hidden layers without suffering from vanishing
gradient and optimization problems. Thest classifier indicates whether there is a specific type

of defect in the image or ndt.it classifies the image as an image with a specific defect type, the
feature maps extracted from the fiksvel classifiers are used to localized segmenthe defect
patchesas will be explained in Section 3. Mext, the patches extracted by the localization module
arepassed to the secotelvel classifier to identify the severities of the defects, which play a key
role in pavement condition evaluatioim the frst-level classifier for each defect, images are
categorized into the two groups: the group that includes the images with a specific type of defect,
and the group of images without that deféct; maycontain other types of defects. the first

level classifier, each type of defects is classified by its assigned classifier separately. Thus, four
classifiers are used to classify the four defect types.

In the secondevel classifier, three defect severity levels are defined (i.e. high, medium, and low
seveity) for each defectrFigure3-3(a), (b) and(c) showsamplehigh, medium, and low severity
levelsfor each type. Hence, four classifiers specify the severity of the defects for each defect type.

TRN

LON

ALG

BLK

(a) High severity (b) Medium severity (c) Low severity

Figure 3-3 Samples oftransverse, longitudinal, alligator and block cracksfor three severity
levels
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3.4 Localization Modules

After identifying the defects and their types by the classiffeegure maps extracted from the first
classifiers are segmented to localize the classified defects using two steps. In the first step, the
CAM method is used as a weakly supervised method to localize the defects in heatmaps from the
feature maps. In the send stepUU-Netor the Mask RCNN are applied as supervised methods to
generate the segmented defect imdges theheatmaps.

3.4.1 Generation of DefectHeatmap

After classifying the defects, the feature maps from the first classifiers are used to lo&alize th
defects in the given images usitige CAM method. Although the CAM method extracts
discriminative features, which occur mostly within the object region, sometimes it highlights other
regions outside of the region of interest (ROI), which is the road Bines, in order to handle this
challenge, road segmentation is used to reduce the false localizations outside the ROI. Hierarchical
Multi-Scale Attention for Semantic Segmentation method presenits@bins used to segment the

road in pavement imag¢s07]. Figure 3-4 (a) shows a sample road pavement imdggure 3-4

(b) shows localizing the defects in thmage.Figure 3-4 (c) shows the road segmented image.
Figure3-4 (d) shows the segmented localized image to reduce false localization.

(@) Saple ro aveent (b) Localizing the defects
image

in the image

(c) Road segmented image (d) Segmented localized
image

Figure 3-4 Reducing false localized defects by using the road segmentation image

To segment the defective area in the localized image,Hi8at (Hue, Saturation, Value) color
space filteringwithin the range of (0, 0, 100) to (255, 255, 1B0appliedto extract the blue area.
Then, the segmented mask invertedto extract parts that include defects. Finally, road
segmentation is used to rene falsely segmented parts outside of the rbaglire3-5 shows the
procedure of CAM result defect segmentagaplainedabovefor a sample imagés can be seen

in theFigure3-5 (a), another drawback of CAM method is that it does not detect the whole shapes
of objects, especigl when the objects are complex, such as pavement defects. This incomplete
detection leads to discontinuity in segmented localized im&ggsré3-5 (d)).
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(a) Localized defect (b) Segmented (c) Inverted (d) Removed false

imagewith CAM defectimageby segmented defect segmented parts by

method applying HSV image road segmentation
filtering

Figure 3-5 A sample of CAM result segmentation

This problem is less severe forder defects, such as longitudinal and transverse cracks, but gets
worse in the case of area defects, such as alligator and block cracks. As can b&igeeadrb,

the CAM method fails to extract all parts @fdcts Figure3-6(a), (b) and (c3how original images,

their corresponding CAM localization results and segmented images for each defect type
respectively

TRN

ALG

BLK

(a) Original image (b) Localized defect (c) Segmented defect
image image

Figure 3-6 Samples of CAM method localization and segmentation
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As mentioned in Section 2.4.the smoothed CAM approach [109], which seras arextension

of the CAM technique, can also be utilized for object localizatibenhances the images and
implements the CAM method on the assembled augmented images several times. This strategy
diminishes the noise associated with localization@eders the detector's outcome at the core of

the object.

In order to segment the defective areas ingheothedCAM result, the same range of HSV
filtering as mentioned for the CAM method is employed, facilitating the extraction of tharkkue
Figure 3-7 shows a sample o€AM, smoothed CAM localization and their corresponding
segmented images for a transverse craskcan be seen iRigure 3-7 (d), the smoothed CAM
method has detected all partstloé defects, and its segmentation re@eiljure 3-7 (e)) does not
suffer from the discontinuity that was common in the results of the CAM mdtuyekver, it has
two drawbacks: (1) the computation time of the smoothed CAM rdeathsix times longer than
the regular CAM methgdand(2) its segmentation resuitsclude portions of the background and
are not accuratédencemanual modificatiornis necessary toleanedhemup atsome partsTable
3-2 provides a comparative summary between the CAM and the smoothed CAM methods

As can be seen in the table, the CAM method is faster than smoothed CAM method and does not
include portions of background as the smoothed CAM does. Thus, we decide€fMiseecthal

to localize the defect primarily and solve its discontinuity by adding the supervised segmentation
module explained in the next sectioAdditionally, although the smoothed CAM method
comprises some portions of the backgrqusihceit does not suffer im discontinuity by
manually eliminating the overlapping results with the background, the smoothed CAM method can
be effectively utilized to generate ground truth data for the proposed segmentation modules

Table 3-2 Comparison of CAM and smoothed CAM method

Aspect CAM Smoothed CAM
Speed Faster Six times slower
Continuity Suffers from discontinuity | Dos not have discontinuity
problem
Background object Does not include any part o Includes some portions of th
background alongside the| background alongside of thy
object object
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(a) Original image

(b) Localized image with CAM method (c) Segmented image from CAM result

(d) Localized image with smoothed CAM  (e) Segmented image from smobed CAM
method result

Figure 3-7 A sample of CAM and smoothed CAM localization and their corresponding
segmented images for transverse crack
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3.4.2 DefectSegmentation

In Section 34.1, it was illustrated thahe CAM method cannot extract all parts of the defects. To
address the aforementioned discontinuity problem in the CAM heatmap segmented theages,
proposedframework usesU-Net or Mask RCNN as supervised deep learning segmentation
modules to segment the defeuobre precisely as unified segmented objects from the CAM
heatmapsU-Net or Mask RCNN aresupervised segmentation moduéessexplained in Section
2.4.12.

In supervised defect localization methods using segmentatisngitessary to annotate defedts a

pixel boundaries on th®GB images. However, this does not allow for specific defect type
identification. In the case of instance segmentation, both pixel boundaries and their labels must be
annotatedor a large number of images with a wide variety efiedtson RGB images, which can

be a laborious and tiratensive task

However,as can be seenkigure3-1, the proposed method usesigh-levelfeature image(CAM
heatmap segmented by road segmentatiomjtead of RGB imageto train the segmentation
module.As can be seen ifrigure 3-7 (a) andFigure 3-7 (b) defects are more noticeable and
distinguishable in CAM heatmap compared to the original image. Theisegmentation module
can learn more efficiently from the pronounced features in the CAM heainsipad of RGB
imageshat isused inprevious research fahe training of thesupervised segmentatiomodules.

The type of defect is classified in the classification module. Therefore, the supervised segmentation
modulein the proposed framework should be able to segment the defects regarthegstyes.

It is trained using some defe€@AM heatmap results and their corresponding ground truth data.
This trained modulecan then be applied to new datasets without the need for additional training
because only the classification module needs ttrdieed on the new datdlext, feature maps
extracted from the classifier, using the CAM method, are then used to segment the defect from the
CAM method for new data.

As explained in Section 3.4.1 the smoothed CAM could join the connected defectiratized

image. In other words, the parts of defects disregarded by the CAM method are detected by the
smoothed CAM methodHowever, it has been observed that the segmentation process is somewhat
flawed, as it includes parts of the background in conjundatith the actual defect€onsequently,

to gather data for training the supervised modules, a-getamated method is proposed. This
method generates segmented results usimgothed CAM, which are subsequently manually
adjustecand cleaned up to remofase segmentation parfBhese modified results serve as ground
truth data for training the segmentation modaesvill be explaiedin Section 3.4.2.1in thetest

stage the segmentation module segments the defects from the CAM result

Figure 3-8 showssamples ofgenerating defect segmentation images fromrésellts of CAM
heatmaps for each defect typethe proposed metho€omparingFigure 3-6 and Figure 3-8
demonstrates that in contrast to the CAM method segmentation results, the proposed method does
not suffer from the discontinuity problem in defect segmentation.
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TRN

LON

ALG

BLK

(a) CAM method feature (b) U-Net segmentation (c) Mask R-CNN
maps results segmentation results

Figure 3-8 Samples of generating defect segmentation images from thesults of CAM
heatmapsin the proposed method

3.4.2.1 Training for Defect Segmentation

Contrary to the process used for training the classification modules, where images are classified
into specific defect types and other defect typse, frst, images are categorized into two groups:
images with defectsind images without any defect. Next, the classifiers are trained with these two
classes. After that, feature maps from the trained classifier are used with the smoothed CAM
method to localize the defectBo generate the segmented ground truth imagesreehtor the
training of segmentation modules, first, 2,000 best smoothed CAM results were selected. Next,
HSV filtering was applied to the smoothed CAM method heatmap results. Segmented ground truth
images were generated from the smoothed CAM heatmagsrbgudelecting the pixels with values

in the sameHSV rangeexplained in Section 3.4.Thus, Since the segmented images from the
smoothed CAM method include some parts of backgrofinally, the segmented images were
manually adjusted to remove falsgseented pixelsFigure3-9(d) shows the results of manually
modification of the segmented imageshigure 3-9(c). These ground truth images and their
corresponding CAM &atmap results were used to traiNet and Mask RCNN modules Some
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samples from the generated ground trutRigure3-9 and their corresponding CAM heatmaps are
shown |nF|gure3 10.

(a) Original image (b) Locallzed image  (c) Segmented image (d) Manually

with smoothed CAM by applying HSV modified segmented
filtering image

Figure 3-9 Generating ground truth from smoothed CAM heatmap results

-

(a) CAM method (b) Corresponding
heatmaps ground truths

Figure 3-10 CAM heatmapsample images and their correspondingeneratedground
truths to train segmentation modules
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3.5 Linear Crack Width Estimation

As previously explained and as illustratedFigure 3-10, the ground truth generated from the
smoothed CAM method includes sections of the background along with the defect location.
Corsequently, the segmented results from the proposed method also encounter the same issue
specifically for linear cracks, such as longitudinal and transverse cracks

Figure 3-11 shows twosegmented defect patcheg the proposed method for transverse and
longitudinal crackrespectively. As can be seen in this figure, some portions of the background are
segmented around the defed®&ven that the estimation of linear crack width is crucial for
calculating thePCl score, an innovative methasl proposedor determining the crack width from

the extracted patch&sthe next sectian

TRN

LON

(a) Original image (b) Segmented patch

Figure 3-11Two segmented defect patches by the proposed method

Given the proven prowess of ti2method in delineating the boundaries of objects with complex
and irregular shapes localiy this section, a novel method is propbs$e identify the maximum
crack width in pixels for linear segmented defect patches extrastexplained irSection3.4
based onS method110]. Figure3-12shows the block diagram tifeproposed miod to estimate
crack width for linear defects such as longitudinal and transverse cracks.
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Linear Crack Width Estimation

Change the Orientation of |Extract the Primary Cragk
the Segmented Patches—» Contour Using Scissor—
to Landscape Segmentation Method

Extract the Crack Cente Measure the Maximum
Line Crack width

=

Figure 3-12 Proposed method to estimate linear crack widths

Figure 3-13 shows a sample of crack width estimatiéirst, the orientation of all extracted
segmented patches from Secti®d is changed to landscape. Next, primary crack contours are
generated from the segmented patches usingtheethod.Center pants from the beginning and
end of the segmented patch is selected as seed points fBmtle¢hod

As can be seen in tliegure3-13(c), although théS method is expected to find the contour of the
cracks, irmany cases, only one of the edges of the cracks are detached. Therefore, in the third step,
the patch is scanned using vertical columns of pixels searching for the darkest pixel near the pixel
on the edge. This pixel is considered to be on the centeflthe orack Figure3-13 (d) showsthe

new generated contowhich ispositioned at the center of the crack.

In the fourth stepfor each point, the number of pixels, for which the absolute value of the

di fference between their i nt thansaispegficthresdoldtishe p o
considered as the crack width value for each point within the same column. Finally, the maximum
value derived from these crack width calculations is considered as the estimation of the width of

the crack.Figure3-13(e) shows the crack width calculation for each point. As can befsgare

3-13(f), maximum crack width value is considered as crack width estimation.

(e) Selecting connected crack pixels W|th the proposed method to estimate crack widtt
for each pomt

(f) Selecting the maximum crack width value as crack with estimation

Figure 3-13 Sample crack width estimation
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By knowingthe camera calibration intringgarameterst is possible to convert the crack width
in pixel scale to a realiorld metricusing pinhole camera calculatias shown in Equatiof3-1)
[118].

The intrinsic parameters include:

1. Focal length (fx, fy):Focal length is the distance from the camlersscenter to the image
planeor camera sensor he focal lengths along the X and Y axes can be different, especially
if the pixels are nosquare. For most modern cameras, the pixels are squargthe focal
lengths fx and fy are the sanmemost cameras

2. Principal point(cx, cy): The principal point is the position where the camera's optical axis
intersects the image plane or camera @enihe optical center is usually near the center of
the image, but not always precisely at the center

In Equation (31), Z represents the average distance from the camera to the abjeebworld
metric scale The coordinate¢x, y) correspond to thebjects positionin pixel scale while (X,
Y) denote its position in reatorld metric measurements.

L0 0,
| | (3-1)
o 2%
o)

Assumingy?2 and ylrepresent the vertical positions of the thickest section of the crack in pixel
scaleextracted by the proposed methdy inserting them into Equation-@3, and taking the
differene, we arrive at Equation {3), which calculatethe crack width.

¢ G, U QN adew@o,
—_— z w — - z w
Qw Qw

0 QO @® WO 6 Gp (3-2)

3.6 Summary

In this chapter, we have delved into the intricacies of the propose@iork. We have provided
comprehensive explanation of both ghassification andocalization modules, shedding light on
their corresponding submodules in detail. Furthermore, we have also illuminatedenbwbrid
proposed methoohtegrateshoth weaky-supervised and supervised techniquetditionally, we
proposed an innovative methoddstimate the linear crack width estimatiarhich, can beused

for calculating PCIl.Looking ahead, the following chapter will be dedicated to meticulously
evaluatingthe proposed framework.
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Chapter 4. Case Study

4.1 Introduction

This chapter delineates the outcomes obtained from experiments performethasgmgposed
framework It also offers a comparative analysis, putting the resultiegproposed method up
againstthose from the supervised metBpdhowcasing both sets of results for an informed
evaluation.

4.2 Implementation

In thischapterthe proposed frameworis evaluatedimages used in the case study were collected
from Forsyth County in Georgia, USA, for suban and country roads. Images were captured with
smartphones mounted on the vehicle hood.

Total number of 3%14 images and 3238imageswvere annotated for defect type and severity type
classification respectively.700 imagesncluding four defect typeswere also annotatedwith

polygon shapes usingmIX for defect localizationTo ensure robust model training and unbiased
performance assessment, the dataset was randomly partitioned, with approximately 80% allocated
for training purposes and the remai20% designated for testing. This division ensures that the
models are thoroughly trained while also maintainingsaeparateset for validation, thereby
enabling an accurate measure of their performaxotbly, all training procedures were carried

out in parallel using multiple Graphics Processing Units (GPUSs), thereby accelerating the
computation speed significantly.

The Resnet with 101 deep layers (Resnetl01) is used as a clasdifietviro-level classifier

module as explained ihe Sction 33. Binary cross entropy and SoftMax cross entropy are used

for the firstlevel and the secornclassifier as loss functions, respectiveBtochasticGradient
Descent (SGD) is used as an optimizer. Resnet 101 Feature Pyramid Network (FPN) backbone was
used as #&eature extractor in thklask RCNN .The Pytorch implementation &f-Net model for

high definition images was ustli].

4.3 The Proposed Method Experimental Results

4.3.1 Results of Classification

The high accuacy results of the firdevel classifier, secontével classifier as well as the total
number of imageand patchefr each defect type are showable4-1, andTable4-2 respectively.

Figure4-landFigure4-2 also show the confusion matrices of the fiestel and the secorével
classifiers on the validation set. Although all accuracies are high, considering first and the second
level classifier, linear cracks, such as transverse and longitudinal cracks showed more promising
results compared to the area defects, such ak atatalligator crackms the second classifier
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Table 4-1 Resultsof first-level classifiers

Defect

With Defect Without Defect Overall
TRN Accuracy 0.98 0.99 0.99
Number of mages 4,168 5,986 10,154
LON Accura(_:y 0.97 0.98 0.98
Number of mages 4,115 6,020 10,135
ALG Accuracy 0.99 0.99 0.99
Number of mages 3,336 3,877 7,213
BLK Accuracy 0.99 0.99 0.99
Number of mages 3,331 3,881 7,212
(@ TRN Without | With (b) LON Without | With
Defect | Defect Defect | Defect
Without | 1,185 12 Without | 1,182 22
Defect Defect
With 13 821 With 24 799
Defect Defect
(c0 ALG Without | With (d) BLK Without | With
Defect | Defect Defect | Defect
Without 771 5 Without 773 3
Defect Defect
With 3 664 With 3 664
Defect Defect
Figure 4-1 Confusion matrix of first-level classifiers
Table 4-2 Results ofsecondlevel classifiers
Defect High Medium Low Overall
TRN Accuracy 0.98 0.98 0.98 0.98
Number of patbes 2,815 2,856 2,840 8500
LON Accuracy 0.98 0.98 0.97 0.98
Number of patche: 2812 2,816 2,800 8,428
ALG Accuracy 0.97 0.90 0.92 0.93
Number of patche: 2,710 2,775 2,810 8,295
BLK Accuracy 0.96 0.96 0.94 0.96
Number of patche: 2,805 2,010 2,700 7,515
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(@) TRN High | Medium | Low (b) LON High | Medium | Low
High 556 5 2 High 555 2 6
Medium | 3 558 8 Medium | 2 547 9

Low 1 6 561 Low 8 6 539

(o0 ALG High | Medium | Low (d) BLK High | Medium | Low
High 529 8 5 High 547 7 7
Medium | 12 507 36 Medium | 5 388 9

Low 9 26 527 Low 10 15 515

Figure 4-2 Confusion matrix of secondlevel classifiers

4.3.2 Results of Localization

To assess the segmentati@sults from the smoothed CAM method, we annotated 100 images
includingdefects and calculated the Intersection Over Union (IOU) between the images segmented
by the smoothed CAM method and those from the ground truth. The evaluation yielded an average
IOU of 0.81, indicating a strong correlation and demonstrating a commendable performance of the
method.Figure 4-3 shows some validation results of the smoothed CAM method and their IOU
results.

As mentioned earlie700images were annotated for defect localizgt@®0 images from which
were randomly selected to evaludtee proposed method. The rest will beedsto train the
supervised methods to compare their results thighproposed methodsome annotated samples
are shown irFigure4-4.

The number of defects for each typeahie 700 images is shown ifable4-3. Since the transverse
and the longitudinal cracks are more common compared to the alligator and block cracks, their
numbers are greater than the osher

After annotating the images, binary masks were generatedtiepolygon annotations as ground
truth segmentation maskSamples of annotated images are showsgare4-5.
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0.72

0.79

0.86

0.86

0.90

(a) Original (b) Smoothed  (c) CAM result (d) Smoothed (e) Ground (f) Iou
image CAM result CAM contour truth

Figure 4-3 Validation of some segmented defect samples from the smoothed CAM method
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Figure 4-4 Samples of annotated images

Table 4-3 Number of defecs in annotated 700imagesfor each defect type

Defect Type Number of defects
TRN 657
LON 585
ALG 240
BLK 87
Total 1569

Next, the masks generated ByNetandMask RCNN (Segmentation module) frothe proposed
framework were compared with their corresponding ground truth in terms of confidence. Finally,
precision,recall and Fiscore were callated as follows:

. ~ . . A..0.
0 OAAE QR
2 ARALE ¢ o

4 & .

_ . . CZOOAAEDEARAI T cz40 (4-3)
EBAT ORA—aa—a—a——a—r . —
‘OOAAEQRIAIAICIZ40 &0 &.

(4-1)

(4-2)

TP (True Positive), FP (False Positive) and FN (False Negdtivehstarce segmentatiorare
definedin Table4-4.

Table 4-4 TP, FP and FN explanation forthe proposed method andnstancesegmentation

TP Number of pixels predicted as object correctly
FP Number of pixels predicted as object wrongly
FN Number of pixels predicted as background wrong

Precision refers to the ability of the model to correctly identify true positive cracks from all the
predicted positive crack segmemshigh precision model will correctly identify most of the true
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positive crack segments in the image, while also minihgithe number of false positive crack
segmentsin contrast, recall measures the completeness of true predicdiansdel with high

recall in pavement crack detection can accurately identify a large proportion of true positive crack
segments present ihd image, with minimal false negative crack segmeéntsther word, the
highertherecall value the moddlas the less missing detected defect it Adgs implies that the
model can efficiently identify almost all the cracks, regardless of their s&zasleape, which are
present in the imag&hus, to achieve a traddf between precision and recall, another metric is
definedwhich isF1-score. B-score is a metric that combines precision and recall. In other words,

it can measure the ability of the n@do balance between precision and recall. Specifically, it can
be regarded as a metric to estimate overall accuracy of the model.

(a) Defect annotation in polygon shape (b) Corresponding generatedground truth
mask.

Figure 4-5 Sample of defect annotation and its corresponding generated ground truth mask

Table 4-5 The proposed method localization experimental results

Precision Recall F1
Defect Method (0.5) (0.5) (0.5) mAP
TRN Mask RCNN 0.95 0.84 0.89 0.81
U-Net 0.97 0.75 0.84 0.94
LON Mask RCNN 0.92 0.85 0.88 0.73
U-Net 0.92 0.70 0.8 0.88
ALG Mask RCNN 0.97 0.81 0.88 0.9
U-Net 0.95 0.83 0.88 0.93
BLK Mask RCNN 0.88 0.85 0.86 0.72
U-Net 0.88 0.79 0.83 0.83

The experimental results tfe proposed method for each defect type are showalnte4-5. As
can be seen in this table, in terms of precision values, MaSKNIR and UNet have similar
performance However, regarding the recall and-§dore values, Mask-BNN outperforms U
Net, which means that-Met has more missing detected defects ameg to Mask FCNN. In
contrast, UNet mean average precision (mAP) values are betterthiose ofMlask RCNN; that
means regarding all confidencesNgt shows better precision compared to MasRNRN. Figure
4-6 showsprecisionrecall, and Fiscore curves of the proposed method localization for each defect
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type. As can be seen in this figure,general, Mask FCNN outperforms kNet in localizing the
defects. Additionally, according to the results, substantitdnsverse crack showed superior
localization results among the all defect typéee proposed experimental results for some samples
are shown inFigure 4-7, Figure 4-8, Figure 4-9 and Figure 4-10 for transverse, longitudinal,
alligator and block cracks, respectively.
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Figure 4-6 Proposed method localization PrecisiofiRecall and FXscore curves for each
defect
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e i hils . S Ea i . e
(a) CAM heatmaps (b) Proposed method (c) Proposed method (d) Ground truth
(U-Net) (Mask R-CNN)

Figure 4-7 The proposed method results for some transverse defect samples
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(a) CAM heatmaps (b) Proposed method (c) Proposed method (d) Ground truth
(U-Net) (Mask R-CNN)

Figure 4-8 The proposed method results for some longitudinal defect samples
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(a) CAM heatmaps (b) Proposed method (c) Proposed method (d) Ground truth
(U-Net) (Mask R-CNN)

Figure 4-9 The proposed method results for some alligator defect samples
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(a) CAM heatmaps (b) Proposed method (c) Proposed method (d) Ground truth
(U-Net) (Mask R-CNN)

Figure 4-10 The proposed method results for some block defect sarngs
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4.3.3 Crack Width Estimation Calculation

As explained irSection 3.5, an innovative method is proposed to estimate the linear crack width
from the segmented patches extracted from the localization module that is essential to calculate
PCI. First, the orientation of all segmented patches extracted from Sectois &djusted to
landscapeFollowing this the primary contour of crack is generated using the IS algorithm.
Subsequently, the contour frotime proposed method is centralized, aligning it with the dmck
center Finally, the crack width in each parttbe contour is calculated and the largest crack value

is selected as crack patch wididditionally, using the intrinsic parameters obtained from camera
calibration,it is possible tdransform the crack width from pixel dimensions to#ealld metrics

through the pinhole camera modsingEquation (32).

The experimental results of estimating the crack widtlf@xampleof crackare shown irFigure
4-11. For this exampleassumingfy = 525, z = 300 cmand the crack width extracted bye
proposed method measures 5 pix#ie actuatrack widthis 2.85 cm.

<o o = Sl e

A e = W

g - ] ¢ i B MR B s L el e
—_— = & atll = OFE S HH_ R R O HHE R =

(a) Crack width calculation (b) Crack width calculation
(zoomed area)

Figure 4-11 An exampleof crack width estimation
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4.4 Comparison Between theHybrid Method and Supervised Methods

In thissection, the supervised methods sucimstancesegmentatioraxis-alignedobject detection

and theorientedbounding box object detection performance in defect localization are compared
with the proposed method’he nentioned annotated images in the previous section were used to
train the supervised modules, and the same 200 test invagassed to eviaate their performance

and compare them witthe proposed methodMask RCNN, YOLO5 (AABB) (Axis-aligned
Bounding Boxes), YOLO5 (OBB)XJrientedBounding Boxes) were use as supervised methods as
instancesegmentationaxis-alignedobject detection andrientedobject detection.YOLOv5x X-

Large architecturfl14 was used to train for botxis-alignedandorientedobjed detectionMask

CNN architecture with the backbone of ResBétwas used as Inst@Segmentation. Tprovide

the dataset to train YOLOGAABB) and YOLO5(OBB), annotated polygon shapes should be
converted tcaxis-alignedand orientedbounding boxes. Aslustrated inFigure4-12, generated
regularrectangle and minimum ar@aiented rectangle that enclosed the polygon are selected as
axis-alignedand orientedbounding boxesrespectivelyto train YOLO5 AABB) and YOLO5
(OBB) object detection models.

(a) Polygon (b) Generatedaxis-aligned (c) Generatedoriented
bounding box bounding box

Figure 4-12 Generating axis-aligned and oriented bounding box from the polygon

Figure 4-14 shows some samples of generatait-alignedand orientedbounding boxes from
annotated polygon shapes. To evaluh&instancesegmentation model, the same method is used

as described iRquations 4-1), (4-2), (4-3) andTable4-4 in Section3.6.2for theproposed method.

To evaluate object detection methods, intersection over union (IOU) metric is selected to calculate
TP, FP and FN ashown inFigure4-13 andTable4-6. Figure4-15 shows some defect localization
results forthe three supervised methods. As can be seen in this fiqetncesegmentation
localized more defects compared to the other two object detection methods. Similarly, Among the
object detection methodaxis-alignedobject detection method performs better in localizing the
defects compared to tleeientedobject detectionk-or instane, asFigure4-15 (c) shows, YOLO5

(OBB) was unable to detect the block defect sample.
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Detected box

Ground truth box

)/

Detected box

Ground truth box

Figure 4-1310U calculation

(a) Polygons (b) Axis-aligned (c) Oriented Bounding
Bounding Boxes Boxes

Figure 4-14 Some annotated sample images in polygon shapes and their converted
corresponding shapes to thaxis-aligned and oriented bounding boxes shape
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