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ABSTRACT: Today, road Pavement Management Systems (PMS) require a transition from traditional
methods to automated approaches to ensure safety and reduce maintenance costs. With the advancement
of technology, including Autonomous Vehicles (AVs) and Intelligent Transportation Systems (ITS),
the need for automatic detection and segmentation of asphalt pavement distress has become critical.
However, developing deep learning-based models in this domain faces the critical challenge of the
scarcity and imbalance of training data. This study presents a novel approach for the automated detection
and segmentation of asphalt distress, aiming to assess pavement condition based on the hypothesis that
generating realistic synthetic data can overcome data limitations. In the proposed method, a Wasserstein
Generative Adversarial Network with Gradient Penalty (WGAN-GP) was first developed to generate
high-quality and diverse crack images using the Crack500 dataset, ensuring training stability and
preventing mode collapse. Subsequently, a U-Net model was trained for pixel-wise segmentation on
the combined dataset (real and synthetic). The primary innovation of this research lies in integrating
the improved GAN architecture with a segmentation model to address overfitting and enhance model
generalization across various environmental conditions. Results demonstrated that adding synthetic
images significantly enhanced segmentation performance, achieving a Dice coefficient of 0.961 and
an Intersection over Union (IoU) of 0.925. Furthermore, qualitative assessment indicated the model’s
superior capability in detecting fine and complex cracks in other public datasets. Finally, by integrating
the model outputs into a Surface Condition Index (SCI), the proposed framework provides an intelligent,
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accurate, and cost-effective capability for assessing pavement conditions.

1- Introduction

Pavement Management Systems (PMS) are essential
planning tools that assist road authorities in decision-making
processes to maintain road networks in a timely and cost-
effective manner while ensuring user comfort and safety [ 1, 2].
Traditional planning approaches for pavement maintenance
often consider rehabilitation only after significant structural
failure has occurred. This reactive approach leads to more
severe and expensive rehabilitation measures and may create
unsafe conditions for road users before decisions are made.
Consequently, the reproducibility, accuracy, and objectivity
of distress detection are crucial advancements in this process.

Pavement cracks are a primary type of road distress and a
key concern in highway inspection. If not repaired in time, they
can lead to structural pavement failure. Automatic detection
of pavement distress relies on images captured by various
tools, utilizing two main methods: Image Processing (IP)
based models and Deep Learning (DL) based models. While
IP approaches use thresholding and edge detection, they often
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fail under complex conditions such as shadows or uneven
lighting. Conversely, DL advancements have significantly
improved crack identification. However, acquiring high-
quality data for training DL algorithms remains a serious
challenge. The number of crack images in public and on-site
datasets is limited, which is often insufficient for developing
robust prediction models [3, 4]. Furthermore, data imbalance
can severely affect model performance.

To address these limitations, Generative Adversarial
Networks (GANSs) have been proposed as a powerful method
for generating crack image datasets [5]. However, training
GANSs can suffer from issues such as gradient vanishing
and mode collapse. To overcome these challenges, the
Wasserstein  GAN with Gradient Penalty (WGAN-GP)
utilizes the Wasserstein distance to improve training balance
[6]. This study aims to develop an intelligent framework for
pavement condition assessment by employing WGAN-GP to
generate synthetic data, thereby enriching the training set for a
U-Net segmentation model using the CRACKS500 dataset [7].
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This approach aims to enhance accuracy and automatically
calculate the Surface Condition Index (SCI).

2- Methodology

The research methodology is organized into a four-stage
framework: Data Preparation, Synthetic Data Generation,
Modeling/Training, and Evaluation.

2- 1- Data Preparation

The public CRACKS500 dataset [7] was selected as
the primary source for training and evaluation. To ensure
computational efficiency and model compatibility, the images
were pre-processed. This included resizing all images to
dimensions of 128x128 pixels and normalizing pixel values
to a standard range to facilitate faster convergence during the
training of the neural networks.

2- 2- Synthetic Data Generation

To address the data imbalance and scarcity, a WGAN-GP
model was developed. Unlike traditional GANs, WGAN-
GP employs the Wasserstein distance metric and a gradient
penalty term, which enforces the Lipschitz constraint. This
architecture significantly improves training stability and
prevents the generator from producing a limited variety of
samples (mode collapse). The model was trained on the pre-
processed real images to learn the statistical distribution of
crack features. Once trained, the generator was used to create
a large set of realistic synthetic pavement crack images,
encompassing various crack topologies (longitudinal,
transverse, alligator).

2- 3- Segmentation Model

A U-Net architecture was utilized for the pixel-wise
segmentation of pavement distresses. The U-Net is an
encoder-decoder network known for its effectiveness in
biomedical image segmentation and linear feature extraction.
In this study, the U-Net was trained using a hybrid dataset
consisting of the original real images and the newly generated

Longitudinal Crack
Length: 143.55 cm
Width: 0.29 cm
Density: 0.0039
Severity: Low
SCI: 0.05%

MnR: Do nothing

synthetic images. The integration of synthetic data serves
as a sophisticated data augmentation strategy, exposing the
model to a wider variety of crack patterns and background
textures.

2- 4- Surface Condition Index Calculation

Following segmentation, the binary masks output by
the U-Net (where 1 represents a crack and O represents
background) were processed to calculate the SCI. The SCI is
a quantitative metric derived from the density and severity of
the detected cracks, allowing for the translation of visual data
into actionable numerical ratings for Pavement Management
Systems.

3- Results and Discussion

The proposed framework was evaluated based on its
ability to generate realistic images and the subsequent
improvement in segmentation accuracy.

3- 1- Impact of Synthetic Data

The evaluation revealed that the WGAN-GP model
successfully generated high-fidelity images that closely
mimicked the texture and geometric properties of real asphalt
cracks. When these synthetic images were added to the
training set, the U-Net model’s ability to generalize improved
significantly. The model achieved a Dice Coefficient of 0.961
and an Intersection over Union (IoU) of 0.925. These metrics
indicate a high overlap between the predicted crack masks
and the ground truth, surpassing models trained solely on
limited real data.

3- 2- Automated Assessment and SCI

The system demonstrated high robustness in detecting fine
and complex cracks under varying conditions. A key output of
this research is the automated calculation of the SCI. Figure
1 presents example of longitudinal crack. For each sample,
the figure displays the model’s segmentation prediction,
skeleton image, and the final calculated SCI value. The close

Skeleton Image

Fig. 1. Example of longitudinal crack alongside the results of SCI calculation.
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resemblance between the prediction and the skeleton image
confirms the model’s precision, while the SCI value provides
a direct metric for maintenance decision-making.

The results indicate that the proposed method not only
identifies the location of the distress but also quantifies
its severity accurately. The SCI values derived from the
automated segmentation were consistent with visual
inspections, validating the potential of this framework to
replace manual, labor-intensive surveys.

4- Conclusion

This study established an automated, intelligent
framework for road pavement condition assessment,
specifically addressing the challenge of data scarcity in
deep learning applications. By integrating WGAN-GP for
synthetic data generation with a U-Net segmentation model,
the research successfully demonstrated a reliable method for
detecting asphalt distresses.

Key findings and contributions include:

* The WGAN-GP model proved effective in generating
high-quality, diverse synthetic crack images, successfully
mitigating the issues of data imbalance and scarcity;

* Training the U-Net model with a hybrid dataset (real +
synthetic) resulted in superior performance, achieving a
Dice coefficient of 0.961 and an IoU of 0.925;

» The model showed high capability in identifying fine and
complex cracks across different environmental conditions,
demonstrating better generalizability than models trained
only on real data;

* The integration of the segmentation output into an
automated SCI provides a critical, low-cost, and accurate
tool for PMS, facilitating timely maintenance decisions.
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Fig. 1. Sample images of longitudinal, transverse and alligator cracks from the Crack500 dataset.

5 il ool Lais cely 4 1S o oolital i) Siwge
My el (Shy ol 2980 oMSSSE (293 Clleg als
dpdie oo 5 Bly gl 5 baylislo b (gilwg) S pglas
Jdo la Sig cpl )b sillas aBly olos slaoals L o5 ol 4 a8
5590] (slodld 39008 b ablio ¢l siesya8 bl 4 |, WGAN-GP
5 Oliwebl bl 9 48 oo Joas (gilug) J098 2b)) lapiue 1

ML;o dgub \) Lh:J)J' LSJ""U"‘DU A5k u:..a.\:awb ;é.;.Ué9 A)Sla.c

Jgo Jdo =V =Y =Y
osds o3 s V Jodo 0 WGAN-GP 5 oo Jio (glare
S oS Cunl o Sl glasS 4 WGAN-GP )3 Wao Jao .l
Fad WAOTYA oS aal SO 4 1) V0. ojlul b azags by
ly 63939 45 01 Sl i SIS Y S L Jan () (6 loma 455 on

s S el 5 NS o o i AVAY L Sy adll S 4

1. Lipschitz

Ve

P S My Gileg) bS5l (eghas pslal (Bolad g
9 Bly ol sl el oMIS SIS isy by & (b
S pghas a8 340 0 031> higel (claisS 4 Wge Liso .Cowl odd Mg
o & Jlo 3 S obul ileg) (HBly laal s @ and b
Lol ol @ pslad gandil cly 1) 5V ©)lee 0uiS S8
Dygl oo Cowd 4 e

I sovan pslas jl slasgere WGAN-GP Juo ol o
sloosls s gos ol (sl o] 1 Gl 4l (gilg) sloS
&b 5 Jse cnl 28 alisl Cigy sa ity slade Sbjeel 5 (Al
gt el &5 dpioe oy LIS Aoy b oolyen (pluduly aije
S oo e |y S g gite gl A g 0ud hjsel ol

o @bly Jds @ adlae cpl 3> WGAN-GP Jse ;I oslizul
a3 o8 b e JILGAN 3 olol il el
WGAN-GP Juo sl (pjgel Jsb )3 o)l g o501 (a8
ly CadsS L g ggiie ogian polal Mg g 03,5 mal b ) lul (bl

Cadgams | Jde cpl )bl Aoy > (giloplaie luS b aad e &)



VEAS B AFEY domio VFF Jlo & oyl AV S yual lpes soign 4 s

Moo Jao gylomo ) Joaa

Table 1. Generative model architecture.
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Table 2. Discriminator model architecture.
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Table 3. Hyperparameters to fine-tune the WGAN-GP

model
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1. Adam

2. Mean Squared Error (MSE)

3. Structural Similarity Index Measure (SSIM)
4. Dice Coefficient (DC)

5. Peak Signal-to-Noise Ratio (PSNR)
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Fig. 2. Generating the image of distresses with WGAN-GP model in 1, 50, 100, 150, and 200 iterations.
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Table 4. U-Net model performance with different percentages of incremental data added to the
Crack500 dataset (test data)
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Fig. 5. Training and validation error plot for the U-Net model - original dataset.
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Fig. 11. Segmentation outcomes for the U-Net model with 1000 additional synthetic images.
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Table 5. Performance of the optimal segmentation model on different datasets.
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Fig. 12. Examples of longitudinal and transverse cracks alongside the results of SCI calculation.
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Alligator Crack
Area: 12516.69 cm?
Density: 0.3395
Severity: High
SCl: 23.44%

MnR: Partial or full-depth patch; Overlay; Reconstruct

Alligator Crack
Area: 18611.93 cm?
Density: 0.5049
Severity: High
SCl: 34.86%

MnR: Partial or full-depth patch; Overlay; Reconstruct

Skeleton Image with Polygon
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Fig. 13. Examples of alligator cracks alongside the results of SCI calculation.

G S A =0

Sy el 1> odly degezs 39008 adge 4y idgh (ol )
laodls 0gi 5l g as a3y Bres (6,u50b (slaJie 5l ool b cdlaw]
slac iy oiple 5 435 oy dya slaia b ohen (yins
9590l sloodls 3905 (e (552 e slode 0 Sader
VL S |y o iame sk 1155 (1) g 3t ol Btn
o (V) WGAN-GP Jso 1 edliiwl b oo 5651 b slas’ys
5 luyisn 2,Sles doo (gl (Eguan slrodly iuli8l digy Aoy
(Bly sy sleosly asgarme 55y 2 e (spdypres ) (Y)
Sl 23l S iy g WGAN-GP (o oo oS 5 b uizran
Ot ool 48)S 515 (L5l 3)90 5 Wl (Gilwgy (s Cundy
ol 0l dMS 35 b Ay gy (glaaidl
S 5 5l bl Sadly sguns polal cusls WGAN-GP Ju.

s ales jlcaliee ola oLyl 13 a8 job len S ag5 cdlaw]

YIS L:):l): d)bl.w g,JbL.w ua.>l.~u /¥ LJ ).gl)g ut:u)A u,\ialm

(Solomger oy S5 ln) colun b ope 5 (s oSy
S5 eg 0y S 3 45 SCLasls 095 00 (L)l (23 0 ©ad
Candy 2bj) lp (o8 )b e cond 4 (S15 5 S
ey lp sl lye @ padle ol amde @l (gilog) (S
g oo 03kt MR slacJled

)1y 00,28 g (aSis cuale oS (4lewgw Cuvgy 1S 5 (gl y
O JS) oad Sl pgad 3 (alosny idy 4Y I elinl
GBS a5 ol ] yol ) s el JIny65 0 oYL Slaslxe el
S5 ol 5 el ols S €55 ol o s (b oS5
4ol S @l byl oS g9l gely (utin e oy L
Gl 5 B 58D 039000 b A8 oo fias (s pSojluil LB 5 ax LSt
S Als B L b s Sl plsige 4] 0l 238 e
S plelid 1) Ghes (gilage Soil Sl (2l cady )l
bt dwrin p S50 (20 g Job) (b Syl (e
Job 3:83 2l &5 e glauagiantls b olyon Lol g 1t
sly im0 @)l g gl Sl maiitene g0 4 1y S5 (S0l 2)e 9
S (o0 ColiS Al ()RS5 iyl 9 63655 Sleslre

ylay



alold I oslatwl b i cpl 55 4l dawg WGAN-GP Jus
o3l il 8l s slagsbgy SUS (b3S Aoy b iyl
Glul Wsde @l Hls kil & 5likl (GAN 4
S ggiio (souas pglal g b g 03, (el |) ol
CE 4 ol WCoje pegd (Cul 03505 > 1y Wodly yiles pac
JsrSorme b &S gysb ] JuSy maw b sy Y
GV g ok alp |y 35> (sdinise olal U-Net g laxe
5 0205 sk Jold) S5 3885 siglediee sl sbapais
S 129 O ol 008 Sl (pundine Sliwlors (gl (Cobuwe
@l (ol ggite (Jaxe il yd 3 055 (6 plimresd Sl i
2 Olejl 3 bt g )k 3,Sles (oloiiy Juo o8 ol ot
b b guday SUlg g aily Golate ¢ S0 (sloodly dcgazs (59,
bl cdlinl dilize (slacdly Jobs Jaomo (slayuiio | g
o 5 Ol slacunsy (rizman 5 (13 Ll ayls) 0sSUsS )5
O Cpdmres Cabld onmd lis yol cpl 45 o3¢ 03l 1) cglize
@) GlaczgS Me b piagh nl 2509, oles > Mdbe
DS S 4 Lt (SIS o i 5 S Gl
1) e il 4 03l a5 01,3 (SCI) (o Cumidg (o5
9 5SS Gldas (caucudsl 3 logdiue g 00l ploul HI345 g0

3l e o3zl L Ol et

65‘.)).\5 9 ,S.w j-¢

o1 48,5 1 (INSF) o) ols o slty (o3l culos e 1 o)

ol 0ads plal (¥ YOAVY) o)losis )b 1

&be
[1] K.G. Murty, Letter to the Editor—An Algorithm for

Ranking all the Assignments in Order of Increasing Cost,

Https://Doi.0rg/10.1287/Opre.16.3.682 16 (1968) 682—

687. https://doi.org/10.1287/OPRE.16.3.682.

[2] M. Sedighian-Fard, N. Solatifar, H. SivileviCius,

Calibration of regression-based models for prediction
of temperature profile of asphalt layers using LTPP
data, Journal of Civil Engineering and Management
29 (2023) 329-341-329-341. https://doi.org/10.3846/
JCEM.2023.18611.

Ay

a4 S0 ey saiSuly LUl ols cpl il oad samline
Sl eyl odls (ili8l wlie g o lis |y (aBly slaodly
gl wal® 30l

2o les jlde L 0SS 0old degesme 3l oslaiwl b cig Jde
b ol elainl go) 5 STzl o +/AYR L ply gl gy eo/ oYY
s Voor bodly acgeme il sl oas o3l bjgal +/ASA
St D Ao a4 i (5o Fro ljE) (egian
9 /A8 ply Gl co sl pals ofe Ve 4 las lhe 5l &S
elmodls LS &S ol Laaldl +/AVD il glazsl gy 5 STl
am o s Jao 3Slac gl 3, oghn

¥ee bond ooy (hjael) dige SO Jdo Splimess Shales]
(3Bl loodly dsgeme g9y p (4Bl LLIEL glaodls
Pl 3ySlas Jae s plo] YAY LS 5 S Scad Xer g 5SS
903)S yuuis 031 degosne slo Shg (wlel p uls s STl L
Y LA s ol 5,Slas (el lns sl asily il
ol gg) p STizal palie 5 JAY B JAVA Gy ot
Ll 5 1y Jie glbeil ol 4 ol 035y /AVY b /AYA 1y
S e b il

oo Lol yon WGAN-GP Juo > g5 BB by (o052 2)90 @l
Ol i) Cundy (b))l 0 sladnwgs dpe sl |y S
Sy G JAe (6 pirass dgutp 03> 29008 @) b 30
sbadsoly lp 1y oy Bai cnl (iws g auian clagty) @
5 ilogy Camdg (i)l o slatel BB 5 2ol ¢l ulide 5555
WS oo 18 (gilg) Copde e Copde a3 ol
bS5 58 it el p SCI awle b (solgiiy e
e Sl g 038 s |y silugy S0 Cunsy (b))
5 lojlo pled Laas oy yol oyl a8 Wl o i YL Cs L )
(e Sy & s g okl S8 ()l At iyl
S o0 S92y S ©jge 4]y 2

e Silegy bl Sln LS sty oSt e S
il oS lagh ool ol (S5 b9y Lol eiloads
& wwasl U-Net gan i a8 9 WGAN-GP oo Jio
by &8 1B @l )8 ey &l e 1) 355 plad Cgzla



VEAS B AFEY domio VFF Jlo & oyl AV S yual lpes soign 4 s

5487.0000918.

[12] D. Arya, H. Maeda, S.K. Ghosh, D. Toshniwal, A.
Mraz, T. Kashiyama, Y. Sekimoto, Deep learning-based
road damage detection and classification for multiple
countries, Autom Constr 132 (2021) 103935. https://doi.
org/10.1016/J.AUTCON.2021.103935.

[13]1 Y. Shi, L. Cui, Z. Qi, F. Meng, Z. Chen, Automatic
road crack detection using random structured forests,
IEEE Transactions on

Systems 17 (2016) 3434-3445. https://doi.org/10.1109/

TITS.2016.2552248.

Intelligent  Transportation

[14] I. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu,
D. Warde-Farley, S. Ozair, A. Courville, Y. Bengio,
Generative adversarial networks, Commun ACM 63
(2020) 139-144. https://doi.org/10.1145/3422622.

[15]J. Zhong, J. Huyan, W. Zhang, H. Cheng, J. Zhang, Z.
Tong, X. Jiang, B. Huang, A deeper generative adversarial
network for grooved cement concrete pavement crack
detection, Eng Appl Artif Intell 119 (2023). https://doi.
org/10.1016/j.engappai.2022.105808.

[16]C.Han, T.Ma,J. Huyan, Z. Tong, H. Yang, Y. Yang, Multi-
stage generative adversarial networks for generating
pavement crack images, Eng Appl Artif Intell 131 (2024).
https://doi.org/10.1016/j.engappai.2023.107767.

[17] M. Arjovsky, S. Chintala, L. Bottou, Wasserstein GAN,
ArXiv (2017) 1-32. https://arxiv.org/pdf/1701.07875
(accessed July 12, 2025).

[18] L. Gulrajani, F. Ahmed, M. Arjovsky, V. Dumoulin, A.
Courville, Improved Training of Wasserstein GANs, Adv
Neural Inf Process Syst 2017-December (2017) 5768—
5778.  https://arxiv.org/abs/1704.00028v3
October 25, 2024).

(accessed

[19]

Adversarial

M. Mirza, S. Osindero, Conditional Generative
Nets, (2014).
abs/1411.1784v1 (accessed December 8§, 2024).

https://arxiv.org/

[20]1.Y. Zhu, T. Park, P. Isola, A.A. Efros, Unpaired Image-
to-Image Translation Using Cycle-Consistent Adversarial
Networks, Proceedings of the IEEE International

Conference on Computer Vision 2017-October (2017)

ARt

[3] S. Mathavan, K. Kamal, M. Rahman, A Review of
Three-Dimensional Imaging Technologies for Pavement
Distress Detection and Measurements, IEEE Transactions
on Intelligent Transportation Systems 16 (2015) 2353—
2362. https://doi.org/10.1109/TITS.2015.2428655.

[4] P. Marcelino, M. de Lurdes Antunes, E. Fortunato,

Comprehensive performance indicators for road

pavement condition assessment, Https://Doi.Org/10.1
080/15732479.2018.1446179 14 (2018) 1433-1445.

https://doi.org/10.1080/15732479.2018.1446179.
[5] V. V. Silyanov, J.I. Sodikov, R. Kiran, A.I. Sadikov,

An overview road data collection, visualization, and
analysis from the perspective of developing countries,
IOP Conf Ser Mater Sci Eng 832 (2020). https://doi.
org/10.1088/1757-899X/832/1/012056.

[6] M. Gouda, I. Chowdhury, J. Wei3, A. Epp, K. El-Basyouny,
Automated assessment of infrastructure preparedness for
autonomous vehicles, Autom Constr 129 (2021). https://
doi.org/10.1016/j.autcon.2021.103820.

[7] M. Fahmani, A. Golroo, M. Sedighian-Fard, Deep
learning-based predictive models for pavement patching
and manholes evaluation, International Journal of

Pavement Engineering 25 (2024). https://doi.org/10.108
0/10298436.2024.2349901.

[8] M. Sezgin, B. Sankur, Survey over image thresholding
techniques and quantitative performance evaluation,
Https://Doi.Org/10.1117/1.1631315 13 (2004) 146-165.
https://doi.org/10.1117/1.1631315.

[9] N.J. Sucgang, M. Ramos, N.A. Arriola, Road Surface
Obstacle Detection using Vision and LIDAR for
Autonomous Vehicle, Lecture Notes in Engineering and

Computer Science 2227 (2017) 260-264.
[10] S. Chambon, J.M. Moliard, Automatic Road Pavement

Assessment with Image Processing: Review and
Comparison, International Journal of Geophysics 2011
(2011) 989354. https://doi.org/10.1155/2011/989354.
[11] Y.-A. Hsieh, Y.J. Tsai, Machine Learning for Crack
Detection: Review and Model Performance Comparison,

Journal of Computing in Civil Engineering 34 (2020)
04020038. https://doi.org/10.1061/(asce)cp.1943-



[28] S. Yu, S. Jia, C. Xu, Convolutional neural networks
for hyperspectral image classification, Neurocomputing
219 (2017) 88-98. https://doi.org/10.1016/]J.
NEUCOM.2016.09.010.

[29] A. Karpathy, G. Toderici, S. Shetty, T. Leung, R.
Sukthankar, F.F. Li, Large-scale video classification
with convolutional neural networks, Proceedings of the
IEEE Computer Society Conference on Computer Vision
and Pattern Recognition (2014) 1725-1732. https://doi.
org/10.1109/CVPR.2014.223.

[30] J. Konig, M. Jenkins, M. Mannion, P. Barrie, G.
Morison, Optimized Deep Encoder-Decoder Methods
for Crack Segmentation, Digital Signal Processing: A
Review Journal 108 (2020). https://doi.org/10.1016/j.
dsp.2020.102907.

[31] Z. Fan, C. Li, Y. Chen, P. Di Mascio, X. Chen, G. Zhu,
G. Loprencipe, Ensemble of Deep Convolutional Neural
Networks for Automatic Pavement Crack Detection and
Measurement, Coatings 2020, Vol. 10, Page 152 10(2020)
152. https://doi.org/10.3390/COATINGS10020152.

[32] Z. Fan, C. Li, Y. Chen, J. Wei, G. Loprencipe, X.
Chen, P. Di Mascio, Automatic Crack Detection on
Road Pavements Using Encoder-Decoder Architecture,
Materials 2020, Vol. 13, Page 2960 13 (2020) 2960.
https://doi.org/10.3390/MA13132960.

[33] W. Song, Z. Zhang, B. Zhang, G. Jia, H. Zhu, J. Zhang,
ISTD-PDS7: A Benchmark Dataset for Multi-Type
Pavement Distress Segmentation from CCD Images in
Complex Scenarios, Remote Sens (Basel) 15 (2023).
https://doi.org/10.3390/rs15071750.

[34] CRACKS500-20220509T090436Z-001 |
(n.d.).  https://'www.kaggle.com/datasets/pauldavid22/

crack50020220509t090436z001 (accessed September 5,
2023).

Kaggle,

[35] L.J. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu,
D. Warde-Farley, S. Ozair, A. Courville, Y. Bengio,
Generative Adversarial Networks, Sci Robot 3 (2014)
2672-2680. https://arxiv.org/abs/1406.2661v1 (accessed
April 22, 2025).

Y140

2242-2251. https://doi.org/10.1109/ICCV.2017.244.
[21] H. Maeda, T. Kashiyama, Y. Sekimoto, T. Seto, H.

Omata, Generative adversarial network for road damage
detection, Computer-Aided Civil and Infrastructure
Engineering 36 (2021) 47-60. https://doi.org/10.1111/
MICE.12561.

[22] D. Ma, H. Fang, N. Wang, C. Zhang, J. Dong, H.
Hu, Automatic Detection and Counting System for
Pavement Cracks Based on PCGAN and YOLO-MF,
IEEE Transactions on Intelligent Transportation Systems
23 (2022) 22166-22178. https://doi.org/10.1109/
TITS.2022.3161960.

[23]B. Xu, C. Liu, Pavement crack detection algorithm based
on generative adversarial network and convolutional
neural network under small samples, Measurement
196  (2022) 111219. https://doi.org/10.1016/J.
MEASUREMENT.2022.111219.

[24]1K.Zhang,Y. Zhang, H. Da Cheng, Crack GAN: Pavement
Crack Detection Using Partially Accurate Ground
Truths Based on Generative Adversarial Learning,
IEEE Transactions on Intelligent Transportation
Systems 22 (2021) 1306-1319. https://doi.org/10.1109/
TITS.2020.2990703.

[25] Q. Mei, M. Giil, A cost effective solution for pavement
crack inspection using cameras and deep neural networks,
Constr Build Mater 256 (2020) 119397. https://doi.
org/10.1016/J.CONBUILDMAT.2020.119397.

[26] Y. Que, Y. Dai, X. Ji, A. Kwan Leung, Z. Chen, Y.
Tang, Z. Jiang, Automatic classification of asphalt
pavement cracks using a novel integrated generative
adversarial networks and improved VGG model, Eng
Struct 277 (2023) 115406. https://doi.org/10.1016/J.
ENGSTRUCT.2022.115406.

[27] T. Zhang, D. Wang, A. Mullins, Y. Lu, Integrated APC-
GAN and AttuNet Framework for Automated Pavement
Crack Pixel-Level Segmentation: A New Solution to
Small Training Datasets, IEEE Transactions on Intelligent
Transportation Systems 24 (2023) 4474-4481. https://
doi.org/10.1109/T1TS.2023.3236247.



VEAS B AFEY domio VFF Jlo & oyl AV S yual lpes soign 4 s

[39] M.Y. Shahin, Pavement management for airports, roads,
and parking lots: Second Edition, Pavement Management
for Airports, Roads, and Parking Lots: Second Edition
(2005) 1-572. https://doi.org/10.1007/B101538.

[40] ASTM, Practice for Roads and Parking Lots Pavement
Condition Index Surveys - ASTM D6433-20, (2020).
https://doi.org/10.1520/D6433-20.

[41] J. Ha, D. Kim, M. Kim, Assessing severity of road
cracks using deep learning-based segmentation and
detection, The Journal of Supercomputing 2022 78:16 78
(2022) 17721-17735. https://doi.org/10.1007/S11227-
022-04560-X.

[36] W. Weng, X. Zhu, U-Net: Convolutional Networks
for Biomedical Image Segmentation, IEEE Access
9 (2015) 16591-16603.  https://doi.org/10.1109/
ACCESS.2021.3053408.

[37] GitHub - milesial/Pytorch-UNet: PyTorch implementation
of the U-Net for image semantic segmentation with high
quality images, (n.d.). https://github.com/milesial/Pytorch-
UNet (accessed April 22, 2025).

[38] GitHub - GohVh/resnet34-unet: Segmentation model
using UNET architecture with ResNet34 as encoder
background, designed with PyTorch., (n.d.). https://

github.com/GohVh/resnet34-unet (accessed April 22,
2025).

tion, Amirkabir J. Civil Eng., 57(9) (2025) 1667-1696.

DOI: 10.22060/cee].2026.24715.8341

M. Sedighian-Fard, A. Golroo, Automatic Assessment of Road Pavement Condition Using a
Generative Adversarial Network Model with Gradient Penalty and U-Net-Based Segmenta-

b gl Wlis (4l 43 s

At


https://dx.doi.org/10.22060/ceej.2026.24715.8341

