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Abstract:

This study uses advanced imaging techniques and deep learning algorithms to assess fatigue
cracks through cyclic loading on asphalt specimens. Faster Region-Based Convolutional Neural
Network (Faster R-CNN) and the You Only Look Once (YOLO) models were compared to
detect fatigue cracks in Ground-Penetrating Radar (GPR) and Computed Tomography (CT) scan
images and to detect concealed cracks in GPR field data. Crack detection was improved using
transfer learning with pre-trained weights from the COCO dataset. Using the piecewise function
model, the accumulative horizontal strain was accurately estimated. Based on the statistical
analysis, the model's accuracy was verified, with no significant differences between
experimental and predicted results. Moreover, a piecewise function applied to CT scan data
resulted in a better understanding of fatigue behavior. The crack classification was improved
after retraining pre-trained deep convolutional neural networks (PDCNNS). The YOLO models
outperformed Faster-RCNN in terms of average precision. Models YOLOv7, YOLOv5s, and
YOLOVS8 performed well on the GPR dataset, while YOLOvV5s, YOLOv5m, and YOLOV8 were

the most effective models on the CT dataset.

1. Introduction

Flexible pavement cracks are primarily caused by fatigue
phenomenon, which are common structural degradations.
Adding accumulated load to the pavement surface causes
micro and macro cracks to form and propagate over time [1].
To minimize the costs associated with pavement
maintenance, it is crucial to accurately assess durability and
predict lifespan of roads. Despite this, determining the
fatigue properties of asphalt mixtures can be challenging and
time-consuming. Understanding the fatigue behavior of
mixture can assist in distinguishing between long-lasting
and short-lasting pavement constructions [2,3].

Ground Penetrating Radar is widely used to inspect the
subsurface of pavements. Besides its efficiency and low
operating costs, this method is also time-saving and
interference-resistant [4].
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In pavement inspection, it has been used to detect voids,
pavement thickness variations, and buried utilities [5].
Although GPR technology has its advantages, it also has its
limitations, for instance, the data must be post processed
using complementary techniques and technologies. For a
deeper understanding of the data collected from GPR,
further analysis and interpretation may be required. It is
possible to improve the accuracy and reliability of GPR
surveys through the integration of other technologies, such
as electromagnetic induction or seismic methods [6]. In
addition, GPR data interpretation often requires experienced
personnel to manually identify and analyze subsurface
anomalies. Despite advances in automated algorithms and
machine learning (ML) techniques for GPR data processing,
it remains difficult to achieve reliable and efficient
automatic detection [7-9]. A range of researches has been
conducted to address these challenges and improve the
effectiveness of GPR in pavement inspections, including
development of advanced data processing algorithms,
artificial intelligence-based approaches, and integrated
multi-sensor systems [10].

Asphalt pavement cracking patterns have been identified by
GPR over the past few years. To detect cracks and estimate
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crack widths, researchers explored various methods and
techniques for manually processing GPR data [11]. The
signal processing techniques used by Fernandes et al. [12] to
detect single millimeter cracks in asphalt samples. They
predicted crack width based on the amplitude of the reflected
GPR signal, considering the permittivity contrast between
adjacent layers. Furthermore, they used modeling software
to verify their findings. As Rasol et al.[13] demonstrated, the
relative amplitude measured at the hyperbola vertex
corresponds to the width of a concealed crack in a laboratory
rigid pavement overlaid with asphalt. To validate the results,
numerical modeling was employed. However, accuracy was
affected by the number of coring samples. In another
approach, Solla et al. [14] combined GPR with infrared
thermometers to quantitatively identify cracks in pavements.
The study did not provide precise characteristics of these
cracks although the cracks were mainly visible on the
surface and not concealed. All of the studies mentioned
above classified defects using GPR images manually.

A number of researchers have explored automated or semi-
automated approaches to identifying defects in GPR images
to overcome the limitations of manual classification.
Convolutional neural networks (CNNs) are used in a study
of Tong et al. [15] to automate recognition, location,
measurement, and 3D reconstruction of concealed cracks
using GPR. Using GPR and network-in-network structures,
Tong et al. [16] distinguished abnormal signals, recognized
distress types, and measured their sizes and locations.
Training, validation, and testing are carried out by using a
GPR database of four highways with varying transmitting
frequencies and sample traces. In a study by Gao et al. [17]
with the aim of increasing the accuracy and generalization
of GPR-based pavement distress detection, Faster R-
ConvNet models were trained, validated, and tested on GPR
images while the stability and real-time capabilities of the
model were demonstrated. With GPR, a mask region-based
convolutional neural network (RCNN) is employed in a
study by Liu et al. [18] to detect and segment cracks at the
pixel level automatically. Using simulation software and
field detection, crack features and the width-area
relationship in GPR images were determined. In this study
[19], Li et al. used 3-D GPR and You Only Look Once
(YOLO) models to detect concealed cracks in asphalt
pavement. YOLOv4 and YOLOvV5 show significant
improvements in detection even in a small dataset.
According to Liu et al. [20], with GPR dataset, a YOLOv3
model with four detection layers improves detection
accuracy, particularly for small crack features, whereas the
YOLOvV3-FDL model achieves better scores than YOLOV3.
The use of advanced ML techniques led to an improvement
in crack detection in the pavement, particularly Faster R-
CNN and YOLO due to their speed and accuracy. For the
following steps to be implemented, it is necessary to conduct
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further research regarding the type of cracks, such as fatigue
cracks, and their pattern so as to gain a deeper understanding
of pavement subsurface and find ways for pavements to be
maintained in a more efficient manner. In recent years, crack
detection has been improved with image processing and the
integration of multiple sensing technologies such as CT
scan, which shows promise for improving crack detection
and classification.

According to Papagiannakis et al. [21] CT scans were used
to study asphalt mixtures for their air void density and
distribution, thereby improving understanding of how the
material performs under traffic loads. The fracture behavior
of asphalt mixtures, including crack initiation and
propagation mechanisms, was studied using CT imaging by
Saadeh et al. [22] to gain insight into the material's structural
response through CT imaging. In a study by Banta et al. [23],
CT scanning techniques were applied to assess the air void
distribution and compaction characteristics of asphalt
mixtures, resulting in insights into how compaction affects
material properties. Wang et al. [24] used CT imaging to
determine the effects of aggregate properties, gradation, and
compaction methods on the internal structure and
performance of asphalt mixtures. In a study by Khan et al.
[25], laboratory fatigue tests were conducted on asphalt
mixtures by varying temperatures and performing tension-
compression cyclic tests. Three-dimensional images were
generated by CT scanning at specific intervals in the testing
process. Gao et al. [26] investigated air void characteristics
in cold in-place recycled mixture specimens using CT and
digital image processing, comparing the superpave gyratory
and the static load compaction. In a study carried out by Hu
et al. [27], to assess fatigue damage in asphalt mixtures,
digital image processing was used to analyze microstructural
changes in the internal composition and CT was used to scan
internal structures before and after fatigue damage.
According to Barroso et al. [28], CT was used to track crack
evolution during fatigue tests using diametrical compression
on asphalt mixtures. In a study by Li et al. [29], an advanced
repeated load permanent deformation test was performed on
asphalt mixtures, using CT and digital image processing to
study microstructure evolution and damage during and after
high temperature testing. According to Li et al. [30], a
comparison of field and laboratory compaction methods for
asphalt mixtures was carried out, as well as an analysis of
void distribution, particle size, and aggregate degradation
using X-ray CT and digital image processing. It is evident
from the previous studies that CT scanning techniques can
be used to characterize the internal structure, microstructure
properties, void distribution, compaction characteristics, and
performance of asphalt concrete materials, yet in all of the
above studies; machine-learning methods were not utilized
to automatically detect pavement features.



S. Alipour et. al

As a result of CT scanning's high precision and GPR's rapid
data acquisition, fatigue cracks in asphalt samples consisting
of two layers and subjected to fatigue loading and field data
are detected in this study using GPR and CT scan (as a
comparative method). The data obtained from CT scanning
and GPR will be processed using YOLO and Faster RCNN
with the help of some techniques such as transfer learning,
followed by a comparison of fatigue test results with CT
scan results. In the next phase, the performance of the YOLO
and Faster RCNN programs based on the input data from CT
scanning and GPR techniques will be compared in terms of
crack detection accuracy. The GPR technique will be
compared with the CT scan technique to assess the
agreement between their results. In contrast to previous
studies that focus independently on fatigue testing, CT-
based damage characterization, or deep learning-based crack
detection, this study introduces a fatigue-informed, multi-
modal assessment framework for asphalt pavements. The
specific innovations of this research include: (i) quantitative
linkage of mechanically defined fatigue stages (ts: and FN)
with CT-derived crack density evolution, enabling physical
interpretation of internal crack development; (ii) validation
of GPR-based concealed crack detection using CT imaging

[ Specimen Preparation & Fatigue Testing ]
Double-layer asphalt specimen

Haversine cyclic loading (no rest period)
© Outputs: Strain—Time Response, ts;, Fn

* Crack Segmentation

CT Imaging & Crack Density Analysis

¢ CT Scanning of Fatigue-Tested Specimens

* Output: Crack Density vs. Cycles

Numerical Methods in Civil Engineering, 10-3 (2026) 92-108

as a high-resolution reference; and (iii) systematic
benchmarking of state-of-the-art deep learning object
detection models across both CT and GPR datasets to
enable automated, scalable, and fatigue-consistent crack
assessment. These contributions collectively bridge
laboratory-scale fatigue characterization and field-scale
non-destructive pavement evaluation. Accordingly, the
objective of this study is not limited to fatigue
characterization or algorithm comparison alone, but rather to
develop an integrated framework that links mechanical
fatigue behavior, internal damage evolution, and non-
destructive imaging through automated deep learning-based
crack detection. Fatigue testing provides physically
meaningful damage stages, CT scanning serves as a high-
resolution reference for internal crack evolution, and GPR
represents a practical field-deployable NDT technique. By
benchmarking advanced object detection models across both
CT and GPR datasets, this study evaluates the feasibility of
transferring laboratory-validated fatigue crack detection to
real-world pavement assessment. The overall research
workflow and data integration strategy adopted in this study
are summarized in the methodology flowchart presented in
Fig. 1.

GPR Data Acquisition

e Laboratory GPR Scans of Specimens
e Field GPR Scans (National Highway, Iran)

® Output: Raw Radargrams

Deep Learning-Based Crack Detection

Image Processing & Dataset Construction

® YOLO & Faster R-CNN
e Performance Metrics: Precision, Recall, mAP

® Fatigue-Informed Interpretation

¢ Radargram Slicing & Labeling
e CT Crack Image Labeling

© Output: ML-Ready Datasets

Fig. 1. Methodology flowchart of the proposed fatigue-informed multi-modal assessment framework

2. Materials and test methods

2.1. Raw materials

2.1.1. Bitumen

Neat bitumen with a penetration grade of 60/70,
characterized in Table 1, was used in this study to fabricate
the asphalt mixture.

2.1.2. Aggregate

The siliceous aggregates used in this study were separated
into fine and coarse fractions. The physical properties of
each fraction were determined in accordance with relevant
ASTM standards and are summarized in Table 2. The
aggregate gradation curve is presented in Fig. 2. The upper
and lower standard limits of ASTM D 2487-92 were
considered for dense grading of the aggregates used in this
study [31].

Table 1. Specifications of neat bitumen.

Property Standard Quantity Acceptable Range
Specific gravity (-) ASTM D-7 1.03 1.00-1.05
Penetration (0.1 mm) at 25°C ASTM D5-73 65.2 60 - 70
Softening point (°C) ASTM D36-76 48.8 45 - 55
Ductility (cm) at 25°C ASTM D113-79 >100 >100

Loss of heating (%) ASTM D1754-78 0.74 <1.0

Flash point (°C) ASTM D92-78 312 >230
Kinematic viscosity (mPa.s) @ 135°C ASTM D4402 328.2 300 - 500
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Table 2. Physical properties of fine and coarse aggregates

Property Standard Fine Aggregate Coarse Aggregate
Bulk specific gravity ASTM C127/C128 2.60 2.65
Apparent specific gravity ASTM C127/C128 2.68 2.72
Water absorption (%0) ASTM C127/C128 1.2 0.8

Los Angeles abrasion loss (%0) ASTM C131 - 22

Flat and elongated particles (%) ASTM D4791 - 8

Sand equivalent (%) ASTM D2419 78 -

Fines content passing No. 200 (%) ASTM C117 35 1.2
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Fig. 2. Gradation curve of siliceous aggregate used in this study

2.2. Sample preparation

The optimum bitumen content (OBC) of the asphalt mixture
was determined according to the Marshall Mix design, i.e.,
ASTM D1559. The OBC was equal to 5.8% for heavy traffic
loading conditions. This mix design was applied to fabricate
the asphalt mixture slabs with a target air void of 4% using
a PReSBOX device, as shown in Fig. 3a. Then, the slab was
cut into two layers. Both of these layers were used as the
lower layer of a pavement, which represent the base or old
pavement [32]. In order to simulate a reflective crack, under
cyclic loading, existing in the old pavement layer, a notch
with a depth of 20 mm and a thickness of 5 mm was created
in the lower layer (Fig. 3b). This notch was covered with a

Bottom Layer

temporary filler to protect it from being filled with new
asphalt materials [33]. After preparation of the lower asphalt
layer and creation of the artificial notch, the specimen was
allowed to cool completely to room temperature. This
cooling step ensured stabilization of the air void structure of
the lower layer prior to the placement of the upper asphalt
mixture. Subsequently, the required amount of new asphalt
mixture was placed on top of the cooled lower layer and
compacted using the PReSBOX device to achieve the target
thickness, dimensions, and density of the upper layer. In
other words, this amount of new asphalt mixture was added
on the top of the previous layer (with a thickness of 70 mm)
into the PReSBOX device to compact the materials and
reach the desired density and dimensions of the upper layer
(with a thickness of 50 mm). It should be noted that, similar
to field practice, a tack coat consisting of a cationic slow-
setting bitumen emulsion (CSS-1) with an application rate
of 0.5 kg/m? was applied to ensure adequate bonding
between the lower and upper asphalt layers [34-35]. After
the completion of the compaction and cooling process of the
upper layer, the temporary filler was ejected from the notch.
As a result, a double-layer system with a notch, as shown in
Fig. 3c, was prepared to perform the fatigue-loading test. It
should be noted that this approach of sample preparation was
selected based on the previous related studies [36-39].

[e]

450 mm

@(\
N

Notch

wugL

Top Layer

wuigs

a
Notch

Bottom Layer

Notch

Bottom Layer

Double-layer system

Fig. 3. a) Fabrication the mixture slabs using the PReSBOX device, b) Creating the notch in lower layer, and ¢) Final double-layer system
of asphalt mixture

2.3. Fatigue test
A haversine cyclic loading under stress control mode was
applied on a steel circle plate located on the top surface of

the slab mixture to observe the fatigue cracking. To this aim,
a maximum load of 6.9 kN, which is equal to a pressure of
690 KN/m2 (100 psi), was used to perform the fatigue test.
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In addition, to keep contact between the landing actuator and
mixture slab, a minimum load of 0.1 kN was applied in each
loading cycle. A constant frequency of 10 Hz was applied to
conduct the traffic at high speed. This haversine loading
protocol without an imposed rest period was intentionally
adopted to suppress viscoelastic recovery/healing effects
and to promote progressive damage accumulation. This
approach facilitates clearer identification of fatigue damage
stages (e.g., tst and FN) and supports consistent correlation
between mechanically defined fatigue progression and
imaging-based crack evolution. Similar continuous
haversine-type loading has been reported in prior studies on
multi-layer asphalt overlay/reflective cracking systems and
in fatigue investigations focusing on damage evolution
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rather than healing-dominated endurance testing [40-43].
Moreover, to simulate the real conditions, a neoprene rubber
mat with an elastic modulus of 11000 MPa was placed under
the mixture slab to represent the subgrade in the field. An
intermediate temperature of 20°C was selected to perform
the fatigue test. The outer surface of the upper layer was
painted white to create a contrast between the crack and slab
surface, allowing the crack propagation detection more
clearly. Fig. 4 illustrates the fatigue loading apparatus and
specimen setup used during laboratory testing. The fatigue
test was continued until the crack reached the top of the
overlay and the plastic horizontal strain occurred in the
specimen.

Loading frequency of 10 Hz

Excited Loading (kN)

05
Time (sec)

Fig. 4. Laboratory fatigue loading setup for the double-layer asphalt specimen at frequency of 10 Hz

Fig. 3 illustrates the actual laboratory specimen preparation
procedure, including the fabricated asphalt slabs, the
artificial notch simulating reflective cracking, and the final
double-layer configuration. Fig. 4 shows the experimental
fatigue loading setup, including the loading plate, loading
waveform, and test environment used to induce fatigue
cracking under controlled laboratory conditions.

3. Data acquisition

In this study, three interdependent data streams are
employed, each serving a distinct role within the proposed
framework. Fatigue loading data provides a mechanically
meaningful fatigue stages identified using a piecewise strain
model. CT scan images are used to quantify internal crack
evolution through the crack density (CD) index. GPR
images represent a field-deployable non-destructive testing
modality. Labeled CT and GPR images serve as inputs to
deep learning models, while detected crack locations and
performance metrics constitute the model outputs.

3.1. CT image acquisition

To capture detailed images with high resolution, the X-ray
source and detector system of the CT scanner were carefully
calibrated. Scanners acquired cross-section images of the
asphalt specimen, and each image was taken at a regular
interval of 0.11 mm so that the entire specimen volume was
covered. Images were scanned as grayscale maps with 256

bits, allowing for a wide range of voxel intensity values. CT
scan images provided detailed information regarding the
internal structure and void distribution within the asphalt
specimen. The use of this state-of-the-art CT scan device
facilitates a comprehensive investigation into the internal
features and heterogeneity underlying the asphalt slab
sample. CT scanning was conducted on asphalt specimens
after fatigue loading to capture internal crack initiation and
propagation. Raw CT slices served as the primary data
source for crack segmentation, crack density calculation,
and subsequent deep learning-based crack detection.

3.1.2. CT data construction

Initially, the CT scan produced a volumetric representation
of the asphalt specimen with voxels with varying grayscale
values. Image enhancement techniques were applied to
enhance image clarity and remove irrelevant details. CT
slices were processed with median filters and grayscale
transformations [29]. In addition to improving visibility,
these processes facilitated further analysis. The Roboflow
software was used to detect and mark rectangular bounding
boxes on the preprocessed images in preparation for YOLO
and Faster RCNN. During this process, square images with
a specific aspect ratio were scaled to ensure an approximate
uniform height and width across the images. A labeled
dataset of 1050 sample images with 5100 concealed crack
annotations were then generated using augmentation
techniques. A labeled dataset was divided into three subsets
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by random selection: a training set (916 images), a validation
set (89 images), and a test set (45 images) used to assess the
model. In the following stages, various image processing
algorithms and techniques will be applied to the
preprocessed data. Using advanced image processing
programs and machine learning algorithms, the specimen's
characteristics can be thoroughly examined, allowing CT
data to be correlated with its mechanical properties under
fatigue loading, and GPR data to provide valuable insight.
The multi-modal analysis will facilitate a better
understanding of asphalt behavior and lead to more effective
assessment and maintenance strategies.

3.2. GPR image acquisition

Images were acquired with a commercial GPR system
equipped with a ground-coupled antenna operating at 2.3
GHz. The field GPR data were collected from an in-service
flexible pavement section of a national highway in Iran. The
surveyed section consisted of an asphalt surface layer over
granular base and subbase layers. The purpose of the field
survey was to evaluate the capability of GPR combined with
deep learning models to detect concealed cracking patterns
under real traffic conditions. These field data were used
exclusively for training and evaluating the object detection
models and were not involved in the mechanical fatigue
calibration process. For both laboratory specimens, after
loading and field tests carried out in a national highway of
Iran, radar data were collected at 2 mm sampling intervals
parallel to the radar line. An antenna was accurately
positioned along a radar line using a survey wheel. This
system used a time window of 10 ns and a high sampling
frequency of 20 GHz (10 times the center frequency). Data
captured by this setup allowed for fine details to be captured.
For the comprehensive recording of distresses, all anomalies
were observed from two different directions and from
different origins for the asphalt specimen. Through this
approach, the internal structure and any subsurface cracks in
the asphalt specimen could be assessed comprehensively. In
addition to the CT scan data, GPR images will contribute to
a better understanding of asphalt's structural properties and
defects. Due to space limitations, representative GPR
radargrams are not exhaustively presented; however, labeled
examples used for model training and evaluation are
provided to illustrate typical fatigue-related crack
signatures. Both laboratory-scale GPR measurements on
fatigue-tested specimens and field-scale GPR surveys on an
in-service highway were conducted. Raw radargrams
obtained from these measurements were processed,
segmented, and labeled to generate the image datasets used
for deep learning-based crack detection. GPR-based crack
detection is interpreted in this study within the fatigue-
informed framework established through laboratory testing
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and CT validation, rather than as an independent anomaly
detection task.

3.2.1 GPR data construction

GPR image creation consists of three steps: data processing,
resizing, and labeling. Each of the mentioned items will be
explained as follow:

3.2.1.1. Radar data pre-processing

Once the GPR images are acquired, it is crucial that
appropriate filters are applied to improve the data quality. To
mitigate the effects of wave propagation on all radar images
obtained during test measurements, a subtractive mean
dewow filter was utilized. Moreover, a background removal
filter was used to remove anomalies, caused by wave
propagation that affected the entire data set, performed in the
same way as related articles [12]. Further, it was determined
that the wave velocity for the GPR at 2.3 GHz was 0.1 m/ns.

3.2.1.2. Resizing

To comply with the requirements of the YOLO model, the
captured GPR images were resized in multiples of 32 pixels.
Images of 320 pixels by 320 pixels were derived from the
GPR data. Considering that the actual size of the GPR
images for the asphalt field sample was 0.18m x 120m, these
images were divided into smaller segments with a consistent
depth and length of 0.18m x 2m. Considering that the road
structure's length is significantly greater than its depth, the
length-to-width ratio of the captured images has been
carefully calculated.

3.2.1.3. Labeling

Manually labeling concealed cracks in recorded GPR
images was accomplished using Roboflow software.
Subsurface cracks were identified by annotating rectangular
boxes around them. Using two points along its diagonal,
each box's coordinates were computed, capturing the crack's
location and size. In the second step, the same software
generated additional images for model training using data
augmentation techniques. A total of 395 images were
labeled and randomly separated into three groups for
training, validation, and evaluation of the model. Among the
317 images included in the training set were 51 images in
the validation set, and 17 images in the test set. The labeled
GPR images represent processed forms of raw radargrams
acquired during laboratory and field measurements. These
images constitute the direct inputs to the YOLO and Faster
R-CNN models used in this study.

4. Object detection algorithms

Nowadays, the use of computer vision has caused a huge
change in various fields. Deep learning and computer vision
have helped a lot in image analysis and classification. Image
analysis with the help of deep learning falls into three main
categories: Image classification, object detection and
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segmentation are the three main approaches to analyze
images. In the classification, the algorithm classifies each
image into predefined classes. In these algorithms, the most
important purpose is to determine the presence or absence of
the objects. In addition to classification, object detection
algorithms determine the desired objects' locations. In the
segmentation method, in addition to recognizing the
category and location of the object, the photo is separated
from the background [44].

Among pavement image analysis algorithms, object
detection is particularly popular. The ability of these
algorithms to detect and localize pavement distresses is an
important reason for this popularity. These algorithms are
classified into two main categories (1) one-stage detectors
and (2) two-stage detectors. In two-stage detectors,
classification and localization are performed in two separate
steps while in one-stage detectors, while both classification
and localization are performed all at once. This method
speeds up the algorithm compared to two-stage object
detection algorithms. In this study, both one-stage and two-
stage object detection algorithms were applied and the
results were compared. Hyperparameter tuning was
conducted using a grid-based empirical approach. Key
hyperparameters, including learning rate, batch size, number
of training epochs, and detection confidence threshold, were
systematically varied, and the optimal configuration was
selected based on performance on a validation dataset.

4.1. YOLO architecture

YOLO is one of the most common one-stage object
detection algorithms. Generally, in this algorithm, the input
image is divided into SxS grid. At the same time, bounding
boxes and confidence scores are predicted by each grid cell
[45]. This will help the algorithm to figure out which box is
more likely to contain an object. Fig. 5 illustrates this
method.

Input Tmage (5% grids) Output Image (crack detection)

Class Prabability p
Fig. 5. The Detection Method of the YOLO Models

Generally, as shown in Fig. 5, modern YOLO maodels such
as YOLOv3, YOLOv5, and YOLOV7 consist of three main
components: (1) Backbone, (2) Neck, and (3) Head. In the
backbone, the features are extracted from the input image
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using convolutional layers and these feature maps are
collected, combined, and sent to the head by the neck.
Finally, fully connected layers in the head will predict the
outputs, which are the coordinates of bounding boxes and
the predicted classes. The architectures of YOLO models are
very similar to each other. In the YOLOV3, the backbone is
Darknet53 which consists of a Convolutional layer
(including convolution filter, batch normalization, and
activation function which is usually Leaky-RelLU) and
residual units. The neck uses a Feature Pyramid Network
(FPN) and at the end, the YOLO layer plays the role of the
head to predict the outputs. A similar architecture is used for
YOLOV5 with the difference that instead of Darknet53,
Cross-Stage  Partial  Net based on  Darknet53
(CSPDarknet53) was used for the backbone with sigmoid
activation function, and instead of FPN in the neck, Path
Aggregation Network (PANet) was used. In addition to
these layers, YOLOV5 uses a Spatial Pyramid Pooling (SPP)
as a pooling layer [46]. In the YOLOvV7, the backbone
consists of Extended Efficient Layer Aggregation Network
(E-ELAN) to enhance the learning process. Furthermore,
model scaling is performed to make the model more accurate
and faster. In the YOLOvV7, a compound model scaling is
used. In YOLOV7 models, the Re-parameterized techniques
and auxiliary heads are used to improve the results. In
general, relative to previous versions, YOLOV8 accuracy
and speed has been enhanced. This model employed
multiple backbones such as ResNet and CSPDarknet and its
head consists of convolutional layers followed by fully
connected layers. In this study, an attempt has been made to
evaluate the performance of different models that include
older and newer versions of them.

PANet H
Activatio Blocks '

Conv. Conv.
Layer Layer

N/

Fig. 6. Network Architecture of YOLO.

4.2. Faster-RCNN architecture

One of the most popular two-stage object detection
algorithms is Faster-RCNN. This model is composed of two
parts. The first module is called Regional Proposal Network
(RPN), which is a deep fully convolutional network, and its
task is to propose regions. The second part is a Fast R-CNN
detector, and one of the most important components of
Faster R-CNN is the backbone [47]. Different types of
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backbones are used in Faster R-CNN such as Resnet50,
Squeezenet, VGG, Mobilenet, and Darknet. Features are
extracted by the backbone of the algorithm and the RPN uses
the generated feature maps to propose bounding boxes with
objectness scores. In the final step, ROI pooling layer uses
the proposed bounding boxes and feature maps as inputs and
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the final outputs, which are predicted classes, and locations
are obtained [48].

4.3. Experiment setup

A comparison of six one-stage and three two-stage object
detection models was conducted to detect fatigue cracks in
CT and GPR images, as shown in Table 3.

Regional Proposal Network

/’\

Crack localization and classification

Backbone

Input Image Feature Maps

Proposal Feature Maps ROI Pooling - Classifier

Fig. 7. Network Architecture of Faster-RCNN.

Table 3. Number of parameters for each model.

Type Standard Quantity
YOLOv3 61,529,119

YOLOv3tiny 8,861,918

YOLOv5s 7,022,326
One-stage YOLOv5m 20,871,318
models YOLOVSI 46,138,294
YOLOvV5x 86,224,543
YOLOv7 37,201,950

YOLOv8 3,157,200
Faster R-CNN Resnet50 41,299,161
Faster R-CNN

‘r;v(\)lg-;tage Mobilenetv3_large 18,930,229
Faster R-CNN 29871765

Squeezenetl 1

The models were trained, validated, and tested on a Google
Colab server using 11.6 CUDA on a Tesla V4 GPU with 16
GB of RAM. With the PyTorch library version 1.13.1 as the
experimental framework, the main algorithm was coded in
Python. Cross-validation results were used to select
hyperparameters for the models, as indicated in Table 4. A
fair comparison was attempted by choosing similar
hyperparameters for both YOLO and Faster R-CNN models.

Table 4. Chosen hyper-parameters.

Hyper-parameters YOLO Faster R-CNN
Batch size 16 16
Epochs 100 100
Learning rate 0.01 0.01
Momentum 0.0005 0.0005
Weight decay 0.937 0.9
Input image size 640x640 640x640

In the training process, overfitting was possible due to the
limited number of images compared to model parameters.
The transfer learning technique was employed in order to
address this concern. Transfer learning is a widely used
method in deep learning-based models, especially for
detecting pavement distress [49]. By leveraging pre-trained
weights from a large dataset, it initializes the network's
parameters before fine-tuning them on a smaller dataset.
Particularly in scenarios with limited labeled data, this
strategy significantly improves the model’s performance.
Using the pre-trained COCO dataset, transfer learning was
used to initialize the model's weights. COCO contains over
200,000 labeled images and consists of 80 classes of objects,
making it an ideal resource for pre-training object detection
algorithms. A model based on transfer learning was
designed to classify surface cracks and concealed cracks in
CT-scan images for the specific task of detecting cracks.
Through the use of transfer learning, this experiment aimed
to increase the performance and accuracy of the models in
detecting fatigue cracks based on CT and GPR images
available in this study by leveraging knowledge gained from
a diverse and extensive dataset like COCO.

4.4. Model evaluation metrics

To evaluate the performance of the model, different
guantitative metrics are utilized. One of the most important
criteria is intersection over Union (IOU). This metric
compares the predicted bounding boxes obtained from the
model to the ground truth bounding boxes [45,50]. Eq. (1)
illustrates the IOU mathematically.

@
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In Eqg. (1), By is the predicted bounding box, and By is the
ground truth bounding box [51, 52]. The numerator of this
deduction is the union of the predicted and ground truth
boxes area, and the denominator of the deduction is the
intersection of boxes. This deduction demonstrates the
proficiency in predicting and fitting the bounding boxes [4].
In this study, the 10U threshold was chosen as 0.5. In other
words, when more than 50 percent overlap between
predicted and ground truth bounding boxes was observed,
the existence of the object in the predicted bounding box will
be confirmed, and it means that the object is correctly
detected so it indicates a true positive (TP). If the model
predicts that there are distresses in an image incorrectly, it is
a false positive (FP). If the model incorrectly predicts no
distresses, it is a false negative (FN). Finally, if the model
predicts that there is no distress correctly, it is a true negative
(TN). According to these parameters, some other important
metrics are defined. Precision, recall, and F1 score are other
essential metrics that are used repeatedly in machine
learning and deep learning. Egs. (2) to (4) present these
metrics.

Precision = — @
recision = TP + FP
TP
- 3
Recall TP + FN (3)
Precision X Recall
Fl-score =2 X (. ) 4

Precision + Recall

The precision presents the accuracy of the model and the
recall implies the ability of the model to predict properly.
The F1-score is a combined index that expresses the overall
performance of the model.

By drawing the Precision-Recall curve (P-R curve) and
calculating the area under it, another important metric will
be obtained which is called average precision (AP). In the
other word, AP summarizes the P-R curve into a single
value. By calculating the mean of the AP values, the mean
average precision (mAP) will be obtained. These metrics
investigate the overall performance of the model [19].

5. Result

5.1. Fatigue results

The horizontal strain curves for different slab mixtures were
analyzed using Zhou et al.'s model [53], represented by Egs.
(5) to (7). There are three domains in this piecewise function:
a power-law function (Eqg. (5)), a linear function (Eq. (6)),
and an exponential function (Eq. (7)):

if t < t; 8p=atb; .*3Ps=atll;s (5)
if t, <t

(6)
S tys gy =gt (t-ty);  est=gps+c (Ly-ty)

if t >ty g, =g,+d[ef-%0 1] (7
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In Egs. (5) to (7), t stands for loading time, and a, b, ¢, d, and
f are constants determined by curve fitting. In the permanent
strain curve, the time tys and ts correspond to the initiation
of the second stage (gps) and third stage (&), respectively.
This flow number (FN) is equal to ts, which represents the
plastic flow of asphalt mixtures under cyclic loading [37].
Fatigue distress resistance increases with increasing FN. Fig.
8 illustrates the results of an experiment on accumulative
horizontal stain under fatigue load as well as the predictions
of the piecewise function.

Fig. 8 presents a representative accumulative horizontal
strain—time response obtained from the fatigue tests. Similar
strain evolution trends were observed for all tested
specimens, with variations in fatigue life parameters
depending on loading conditions. Fig. 8 illustrates the
predicted results of the piecewise function, indicating the
model is effective at estimating asphalt mixture fatigue
behavior. To compare the experimental results with the
predicted ones, the T-test was used, with a 95% confidence
interval. A significance value of less than 0.05 was found in
the statistical analysis, suggesting no significant differences
between the groups in mean values. As a result, the
piecewise function estimates the accumulative horizontal
strain with repeated loading. Moreover, the model's fitting
outputs of Egs. (5) to (7) enable the determination of the
specimen’s fatigue life, i.e., FN, and the loading number for
the second stage of fatigue life, i.e., ts. These cycle numbers,
i.e., tx and FN, denotes the initiation of micro-cracks and
macro-cracks, respectively. The fatigue life parameters
extracted from the piecewise strain model, including the
initiation of the secondary fatigue stage (ts) and the flow
number (FN), were determined for all tested specimens.
These parameters represent the onset of micro-crack
initiation and macro-crack propagation, respectively, and
form the mechanical basis for correlating fatigue behavior
with imaging-based crack evolution.

——Experimental Results

1.2 4
M Predicted Results
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Fig. 8. Experimental and predicted results of accumulative
horizontal stain under fatigue loading
In view of the fact that the corresponding cycles of the
second and third fatigue stages were accurately determined
by using piecewise functions, a threshold can be suggested
to identify the initiation of these fatigue stages based on the
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crack density (CD) index defined through image processing
results generated from the CT scan technique. To achieve

Numerical Methods in Civil Engineering, 10-3 (2026) 92-108

this, as shown in Fig. 9, a region was selected to calculate
the CD index using Eq. (8):

Fig. 9. Determining the crack-density in the specific area with the length and width of L Ligament

ACruck ACrack

CD=

(®)

ALigament LLigament X LLigament

Where Acrack denotes the total area of cracks in the sample,
AdLigament IS the specific area considered for the calculation of,
Acrack and Liigament IS the ligament length calculated by
subtracting the specimen’s height and the length of the initial
notch. The crack density (CD) index provides a quantitative
imaging-based damage metric that enables direct linkage
between internal crack evolution observed in CT images and
mechanically defined fatigue stages, including micro-crack
initiation (ts) and macro-crack initiation (FN). The crack

images shown in Fig. 9 represent raw experimental
observations obtained directly from laboratory fatigue-
tested specimens. Both surface-visible and internally
propagated cracks were captured and processed to quantify
crack density.

A total of eight PDCNNSs, including AlexNet, GoogleNet,
SqueezNet, ResNet-18, ResNet-50, ResNet-101, DenseNet-
201, and Inception-v3, were retrained using pavement
images and transfer learning techniques to identify two types
of pavement cracks: surface and concealed cracks, as shown
in Fig. 10.

Fig. 10. Crack segmentation process. a) Histogram equalization, b) Image smoothing, ¢) Wavelet transform, d) Thresholding, and €)
Morphological filtering

The calculated crack density was obtained for both ts; and
FN cycles, and their relationship with CD is shown in Figs.
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11a and 11b, respectively. Six samples were tested under
various loading conditions, resulting in varying fatigue lives.
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Fig. 11. The relationship between CD and a) tst and b) FN for different fatigue lives
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It is significant to note that the crack density was not only
calculated for the external visible surface of the sample but
also for the internal surfaces, which are invisible using CT
images. For this purpose, four internal longitudinal surfaces
within the specimen were considered, located at 30 mm

Iz‘ Internal IEI
/. Surface

B Surface 1 @ Surface 2

Crack Density (mm*mm?®)
s

mSurface 3

Samplel Sample2 Sample3 Sample4 SampleS Sample6
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intervals from one another (Fig. 11a). By using CT image
processing, crack density was determined for each internal
surface. Similar to Figs. 11a and 11b, the crack density
values of the internal surfaces corresponding to ts: and FN
are presented in Figs. 12b and 12c, respectively.

[e]

mSurface 4 ®Surface 1 mSurface 2 mSurface 3 @ Surface 4

Crack Density (mm*/mm?)

Samplel Sample? Sample3 Sample4 SampleS  SampleG

Fig. 12. a) Considering four internal longitudinal surfaces within specimen, b) the relationship between CD and tst and c) the relationship
between CD and FN for different fatigue lives

According to Figs. 12a and 12b, CD strongly correlates with
the number of loadings applied to the sample at both the
beginning and end of its life. In addition, Fig. 12 shows that
the CD values calculated for the internal surfaces of the
asphalt mixture are the same as those calculated for the
external surfaces. As a result, the CT scan technique can
effectively estimate fatigue cracking in asphalt mixture
zones, even those that are invisible. Further, Figs. 12a and
12b demonstrate that the CD value and relationships in these
figures can be used to determine the initiation stage of
micro-cracks and macro-cracks. In this manner, a reliable
estimate of the initiation of the second or third fatigue stage
of the pavement can be obtained by using CT scan images
taken at different depths of the pavement and determining
their CD values. As a result of this knowledge, it becomes
easier to implement appropriate actions for repair and
maintenance operations, effectively estimating the
remaining pavement life. The observed relationships

between crack density (CD) and fatigue life parameters (ts
and FN) demonstrate that CT-derived imaging metrics
provide a quantitative interpretation of fatigue damage
evolution, enabling identification of fatigue stages through
internal crack development. The increase in crack density
with progressing fatigue cycles reflects the transition from
micro-crack initiation to macro-crack propagation,
demonstrating that CT-derived CD evolves consistently
with mechanically defined fatigue stages.

5.2. Model training results

5.2.1. YOLO

The mean Average Precision (mAP) of YOLO models was
used to compare the performance. Various YOLO models'
Precision-Recall (P-R) curves are shown in Fig. 13. This
chart reflects the precision and recall capabilities of the
models by the area under the curve (AUC).

00 02 [ 06
Recal Recall

Fig. 13. Precision and recall of the Various YOLO models

Fig. 13 shows that the C1 curve, representing larger cracks,
has a larger area than the C2 curve, showing that all models
are better at detecting large cracks than small cracks.

Procisian

.
.
,
-

However, the models performed acceptably when
classifying small cracks (C2). Fig. 14 presents the P-R
curves for GPR images for a single crack class.
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In Table 5, CT dataset mAP values were approximately 10-
20% higher than GPR dataset mAP values. Due to the larger
number of images in the CT dataset compared to the GPR
dataset, the greater number of images may mitigate

02
) .

| of the Various YOLO rﬁbdels for GPR images.

02
)

Recan

overfitting issues. Overfitting becomes a concern when
model parameters outnumber images, and the accuracy of
the model improves as the number of images increases.

Table 5. Training Results of Eight Models.

GPR CT
Model Precision Recall F1-score mAP Precision Recall F1-score mAP
(%) (%) (%) (%) (%) (%) (%) (%)
YOLOV3 73.6 75.7 74.6 70.7 90.4 90.1 90.2 88.0
YOLOV3- 729 67.7 70.2 68.1 85.5 86 85.7 86.2
tiny
YOLOV5s 73.5 78.6 75.9 77.1 91.6 88.3 89.9 91.6
YOLOV5mM 72.6 80.8 76.4 75.7 92.1 87.5 89.2 89.9
YOLOVSI 74.4 76.2 75.3 74.6 90.8 86.6 88.6 88.7
YOLOV5x 75.8 76.1 75.9 76.8 90.5 89.6 90.0 89.1
YOLOV7 72.0 86.6 78.4 78.6 71.4 78.3 74.6 73.0
YOLOV8 74.4 79.5 76.8 75.6 89.5 85.8 87.6 89.2
The YOLOv7, YOLOv5s, and YOLOv8 models mAP values. Moreover, the Faster R-CNN models took

outperformed other models on the GPR dataset, while the
YOLOvV5s, YOLOv5m, and YOLOvV8 models outperformed
others on the CT dataset. Based on these results, it appears
that smaller and medium YOLO models, as well as the latest
versions (YOLOv8 and YOLOvV7), are more accurate at
detecting pavement concealed cracks, gathered by GPR and
CT scan techniques.

5.2.2. Faster R-CNN

On both CT and GPR datasets, Faster R-CNN models
displayed inferior performance compared to YOLO models
except for YOLOvV3 and YOLOv3-tiny, which had lower

12

significantly longer to train and execute than the YOLO
models. YOLO models are one-stage object detection
models that bypass region proposal, thus resulting in this
disparity in speed. Additionally, YOLO models performed
better on datasets with small objects than Faster R-CNN
models. As a result, Faster R-CNN models performed better
on the GPR dataset with a single class, while YOLO models
performed better on the CT dataset with two classes
representing small and large cracks. This difference in
performance can be attributed to the abundance of data in
the CT dataset. The metrics for the Faster R-CNN models
are shown in Table 6.
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Table 6. Training Results of Eight Models.

GPR CT
Model Precision Recall Fi1-score mAP Precision Recall F1-score mAP
(%) (%) (%) (%) (%) (%) (%) (%)
Faster R-CNN ResNet50 71.98 74.81 73.37 72.3 74.44 72.66 73.54 71.6
Faster R-CNN 68.16 70.03 69.08 68.7 63.53 68.42 65.88 66.2
MobileNetV3-Large
Faster R-CNN 63.24 64.77 64.00 63.0 51.49 53.11 52.29 50.9

SqueezeNetl-1

As summarized in Tables 4 and 5, YOLO models achieved
higher mAP than the three Faster R-CNN backbones on both
datasets. On GPR images, the best YOLO models (YOLOv7
and YOLOv5s) exceeded the best Faster R-CNN
(ResNet50). On CT images, the gap was substantially larger,
where YOLOvV5s/YOLOv5m/YOLOV8 reached ~89-92%
mAP compared with 51-72% mAP for Faster R-CNN. This
indicates that one-stage detectors generalize better in the CT
two-class setting and small-object crack patterns under the
available training data.

\’ k o

Fig. 15. The results of a) Resnet-CT, b) Mobilenet-CT, c) Squeezenet-ct.

6. Discussion

In this study, the piecewise function model of Zhou et al.
[53] was successfully applied to study fatigue behavior in
different asphalt slab mixtures. Through T-test analysis, the
model accurately predicted accumulative horizontal strain
during fatigue loading with no significant difference
between experimental and predicted results. The knowledge
of fatigue life and crack initiation (ts and FN) can improve
the determination of pavement fatigue resistance and
provide a reliable prediction of the remaining life of
pavement for timely maintenance. It should be emphasized
that the role of deep learning in this study is not to directly
predict fatigue life, but to automate the detection of fatigue-
related cracking patterns in imaging data. By validating
crack density evolution against fatigue stages using CT
scans, deep learning-based crack detection enables fatigue-
informed interpretation of GPR data, which is essential for
scalable field-level pavement assessment. Further, deep
learning algorithms were used to detect pavement concealed
cracks from CT scan images. Using transfer learning, eight

B \~A—Wv\,mwx,\ﬁ_‘.,.x/\ﬁhﬂx —

The loss values-epochs curve for the discussed models is
shown in Fig. 15. In the course of training, the loss function
decreases until it converges to a nearly constant value. The
goal is to determine the optimal number of epochs for
training. YOLO models performed better than Faster R-
CNN models in detecting cracks in GPR and CT datasets,
while Faster R-CNN models were less accurate and less
efficient in training. Using GPR and CT images, these
results confirm the effectiveness of YOLO models,
particularly the smaller versions (YOLOv5s and
YOLOvV5m).

~
LN

~ T~

R S VNGNS

pre-trained deep convolutional neural networks (PDCNNSs)
were retrained for accurate crack detection and
classification. A comparison of YOLO and Faster R-CNN
models showed that YOLO models performed better on both
GPR and CT datasets in terms of mean average precision
(mAP). On the GPR dataset, YOLOv7, YOLOv5s, and
YOLOV8 excelled, whereas on the CT dataset, YOLOV5s,
YOLOv5m, and YOLOV8 outperformed others.

CT scanning provides a high-resolution reference for
internal fatigue crack evolution, enabling validation of crack
patterns detected using GPR. The consistency between CT-
derived crack density trends and GPR-based crack detection
confirms that GPR observations capture fatigue-related
damage mechanisms rather than isolated anomalies. In
diverse and complex datasets like CT images, YOLO’s one-
stage object detection approach and better performance with
small objects contributed to its efficiency. Unlike other
related studies, this research combines fatigue tests,
imaging, and deep learning. By linking fatigue stages
identified through mechanical testing (ts: and FN) with CT-
derived crack density evolution, this study establishes a

13
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physically meaningful basis for interpreting imaging-based
crack detection results. Consequently, deep learning-based
crack detection in CT and GPR images reflects fatigue-
driven damage progression rather than purely geometric
crack features. Using CT scan data in conjunction with a
piecewise function enhances the understanding of pavement
fatigue. The application of transfer learning to crack
detection illustrates the potential of Al-based techniques for
assessing infrastructure conditions. Research in this area
includes [19], using GPR and deep learning to detect
concealed cracks in small datasets. A network-in-network
model was discussed in [16] for detecting pavement distress.
To achieve acceptable real-time detection accuracy, [17]
used GPR and Faster R-ConvNet. [54] used CNNs for
concealed crack recognition in asphalt pavement through
GPR images. For segmenting small cracks in asphalt
pavement, [18] used mask region-based RCNN. As
mentioned previously, the research has mainly focused on
detecting concealed cracks in pavements using GPR and
machine learning. However, these results demonstrate the
effectiveness of deep learning models in real-time crack
detection, irrespective of concealed crack types, and
comparing them with other NDT systems based on results
and validation of GPR.

The results of this study indicated that fatigue cracks were
found in the images obtained via GPR and CT scan of
specimens and that concealed cracks were found in field data
obtained by GPR. However, due to the small sample size of
GPR data, it is beyond the scope of this study to classify
fatigue cracks in field data. Deep learning-based crack
detection does not operate independently of fatigue
behavior; instead, it enables automated identification of
crack features whose evolution has been physically linked to
fatigue stages through mechanical testing and CT-derived
crack density analysis. Therefore, the exploration and
comparison of various YOLO and Faster R-CNN models,
using techniques such as transfer learning, will enhance
pavement crack detection research by recommending
YOLOv5s and YOLOVS8 respectively for GPR and CT
datasets, providing future researchers with valuable insight.

7. Conclusion

This study used imaging techniques and deep learning
algorithms to enhance pavement distress detection. Asphalt
samples were subjected to cyclic loading during the fatigue
test. For the assessment of the internal structure and
concealed cracks, CT scans and GPR images and CT scans
(as a comparative method) were used to collect specimens
and field data. A comparison was conducted between two
object detection algorithms for detecting fatigue cracks in
both types of images, YOLO and Faster-RCNN. A variety
of metrics were used to evaluate the performance of the
models, which were trained using transfer learning with pre-
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trained weights from the COCO dataset. Study results
provided valuable insights and contributions for pavement
assessment, including:

e The fatigue behavior of different asphalt slab
mixtures was properly assessed using Zhou et al.’s
piecewise function model, precisely estimating
accumulative horizontal strain during fatigue
loading.

e A statistical analysis using the T-test verified the
accuracy of the model, showing that there was no
significant difference between experimental and
predicted results.

e Piecewise function provides information about the
specimen's fatigue life and the initiation of micro-
cracks and  macro-cracks, essential  for
understanding fatigue resistance and predicting
remaining asphalt pavement life.

e Byretraining pre-trained deep convolutional neural
networks (PDCNNSs) using transfer learning,
surface and concealed cracks could be accurately
classified, which greatly enhanced crack detection
and classification.

e In comparison of YOLO and Faster R-CNN
models, YOLO models showed superior
performance in mean Average Precision (mAP) for
both GPR and CT datasets.

e The best models on the GPR dataset were
YOLOV7, YOLOV5s, and YOLOVS, while the best
models on the CT dataset were YOLOVS5s,
YOLOv5m, and YOLOVS.

As a result, this research provides significant insight into
asphalt pavement fatigue behavior, which will pave the way
for further advancements in pavement distress detection and
maintenance practices.

8. Future work

Future work should expand the dataset to include diverse
pavement types, weather conditions, and road
infrastructures, enhancing model generalizability and
accuracy. Integration of multi-modal data, like GPR and CT
scans, with other non-destructive testing methods, can offer
a comprehensive view of pavement conditions, improving
distress detection reliability.
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