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Abstract

Automated detection of pavement cracks is a task of wide interest. With the
improvement of industrialization, high-resolution (HR) images are increasingly
favored by researchers due to their ability to provide rich information about pave-
ments and diseases. However, the acquisition of effective training data is not easy,
which affects the accuracy and robustness of the detection model. Although the
recently emerged denoising diffusion probabilistic model (DDPM) overcomes
the inherent pattern collapse problem of generative adversarial networks and
is capable of generating more diverse and realistic pavement data, its high sam-
pling cost hinders the generation of HR images with rich texture information.
To overcome this limitation, this paper proposed a low-cost, two-step data aug-
mentation method that combines DDPM with super-resolution. The method first
generated small-sized pavement crack images using DDPM and then enhanced
resolution and texture details using an improved SwinIR model. The resulting
HR and diverse crack images were used to augment the dataset. The effective-
ness of the proposed method was evaluated using four state-of-the-art object
detection models. Experimental results showed that all models trained with the
augmented training dataset exhibited better performance. Furthermore, when
combined with geometric transformation techniques, the proposed method was
able to improve the crack detection accuracy by up to approximately 12%.
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1 | INTRODUCTION

Cracks are early indicators of pavement damage, and if
not repaired on time, they can lead to further pavement
structure deterioration, increased maintenance costs, and
potential traffic accidents (Ai et al., 2023). As a result,
the timely detection of pavement cracks is crucial. Tradi-
tionally, manual and visual inspection is labor-intensive,
time-consuming, and susceptible to environmental con-
ditions. In addition, with rapid urbanization, the tradi-
tional method struggles to meet the growing demand for
large-scale, high-efficiency inspections. Therefore, explor-
ing automated and intelligent pavement crack detection
technologies is essential for extending road service life,
ensuring driving safety, and optimizing resource alloca-
tion.

Traditional crack detection mainly uses image process-
ing algorithms, such as threshold segmentation (Oliveira
& Correia, 2009) and edge detection algorithms (Zhao
et al., 2010). Despite the simplicity of the process, these
methods are less robust. In recent years, the rise of
deep learning technology not only promotes the devel-
opment of medical treatment (Mammone et al., 2023;
Nogay & Adeli, 2023, 2024; Perez-Sanchez et al., 2024),
robot development (Nguyen & Cheahl, 2022), and agri-
cultural detection (Dhanya et al., 2022) but also plays an
important role in traffic engineering (Kashyap et al., 2022)
and civil engineering (Z. Li & Adeli, 2018; Perez-Ramirez
et al., 2019; Rafiei & Adeli, 2018). As a result, automatic
crack detection based on deep learning has increasingly
gained popularity. Deep learning methods tend to provide
more robust and accurate detection results and show great
advantages in representing complex pavement features.
Existing studies primarily consist of image-level classifi-
cation methods, pixel-level classification algorithms, and
object detection methods. The image-level classification
methods (L. Zhang et al., 2016) use deep learning mod-
els to categorize pavement images as either diseased or
disease-free. Although such methods have high accuracy,
they are unable to locate crack locations. In contrast, object
detection methods (Yi et al., 2023) can classify and roughly
locate pavement cracks with faster detection speeds. How-
ever, the inability of such methods to quantify pavement
cracks hinders practical applications. Pixel-level classifica-
tion algorithms (J. Chen & He, 2022; Huang et al., 2024;
Zhu et al., 2024) can identify every crack pixel, provid-
ing stronger support for crack quantification and practical
applications but at the expense of detection efficiency. To
address this issue, a two-step approach (J. Liu et al., 2020)
was proposed. It successfully achieves faster crack segmen-
tation by feeding the output detection boxes of the object
detection model into the pixel-level classification model.
Therefore, it is especially critical to improve the perfor-
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mance of object detection models that provide candidate
targets.

Sufficient data enable the model to better capture fea-
tures and uncover patterns, significantly enhancing the
accuracy of tasks like prediction and classification. How-
ever, obtaining pavement crack images can be challenging,
making the use of data augmentation methods essential.
Traditional data augmentation methods, such as rotation
and flipping, have been adopted in several pavement crack
detection studies (C. Wang et al., 2024; Yao et al., 2022,
2024) and led to better training results. However, the
samples generated by such methods tend to be relatively
homogeneous, which cannot provide more crack patterns
and have a limited effect in improving the model’s gener-
alization ability. In 2014, a generative adversarial network
(GAN) was pioneered (Goodfellow et al., 2014), and it can
generate more diverse and realistic samples through adver-
sarial training of generators and discriminators. Therefore,
various variants of GAN have been developed and applied
to the generation of pavement crack images. T. Zhang et al.
(2024) used Wasserstein’s GAN (WGAN) to generate realis-
tic pavement images and proposed the class-specific image
augmentation (CSIA) method to solve the category imbal-
ance problem. Zhong et al. (2023) combined an improved
wGAN with a Poisson image hybrid algorithm to alleviate
the problem of dataset scarcity in trench cement con-
crete pavement crack detection. Lu et al. (2023) proposed
a GAN-based framework for pavement texture regener-
ation, which effectively solves the problems of texture
information loss and non-convergence training through
improved data augmentation and M-sigmoid normaliza-
tion methods. Shim (2024) utilized a trained conditional
GAN to synthesize real crack images from labeled or pre-
dicted images and combined it with a self-training method
to improve crack segmentation performance. Despite the
excellent performance of GANs in image generation, the
issue of pattern collapse (W. Li et al., 2021) remains a chal-
lenge, limiting their practical application. Additionally,
GANSs require significant expertise and experience from
the trainers.

In 2020, Ho et al. (2020) proposed a denoising diffusion
probabilistic model (DDPM), which is capable of generat-
ing realistic data through a step-by-step denoising process.
Compared to GAN, DDPM has significant advantages in
training stability, sample diversity, and generation qual-
ity (Yu et al., 2024). Shen et al. (2024) showed that DDPM
was suitable for generating structural damage image data
of varying complexity and could significantly improve the
performance of detection models. However, this study also
pointed out that the disadvantage of DDPM is the low
sampling efficiency. To address the limited availability
of pavement crack image data, Cano-Ortiz et al. (2024)
first applied DDPM to the study of data augmentation for
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pavement damage detection and demonstrated that the
method was able to improve the mAP@0.5 of YOLOV5I]
from 0.604 to 0.622. In 2024, Hancheng Zhang et al.
(2024) proposed a crack diffusion model. By adjusting
the conditional inputs of cracks, the location and mor-
phology of cracks can be better controlled. The generated
images significantly improved the effectiveness of detec-
tion and segmentation. While DDPM demonstrates strong
performance in generating pavement images, its exces-
sive sampling cost—due to the gradual denoising sampling
process—limits its ability to generate high-resolution (HR)
images with rich texture information in practical appli-
cations. Although the latent diffusion model (Rombach
et al., 2022) performs diffusion operations in latent space to
address this problem, it has great difficulty in reconstruct-
ing the complex texture of the pavement using a variational
autoencoder, and the training cost is large.

Super-resolution (SR) method is an emerging technique
to improve image quality at a low computational cost.
Yuan et al. (2022) proposed an SR reconstruction method
based on an improved GAN and demonstrated that image
reconstruction is effective for detection and segmentation
tasks. Xiang et al. (2022) and Oh et al. (2025) used SR to
solve the problem of insufficient resolution in concrete
crack images, which improves the accuracy of semantic
segmentation methods. Therefore, combining DDPM with
SR presents a promising approach for low-cost HR image
generation, especially in the field of automatic pavement
crack detection. In this paper, a two-step data augmen-
tation method was proposed based on this concept. As
shown in Figure 1, a small-sized pavement crack image is
first generated using DDPM. Then, X2 SR is applied using
the improved SwinIR model, supplementing pavement tex-
ture details. Finally, the generated diverse HR crack images
are combined with real images to form an augmented
dataset. The effectiveness of the proposed approach is eval-
uated with several state-of-the-art object detection models.
The objective of this study is to propose a low-cost, HR
pavement crack image generation method that enhances
the precision and generalization ability of crack detection
models from a data perspective.

2 | METHODOLOGY

21 | DDPM

211 | Network architecture

DDPM is a generative model based on the diffusion pro-
cess, which starts with Gaussian noise during sampling
and generates new samples after several denoising itera-
tions. As in Figure 2, DDPM mainly includes the forward
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diffusion process and the reverse denoising process. The
diffusion process transforms the original image x, into a
purely noisy image x; by successively adding Gaussian
noise, and the image x; at any time step can be represented
by x;_1, as in Equation (1).

X = V1= fpxx_ g + \/E*et—l €y

where f3; is used to control the quantity of noise added at
each diffusion step. Specifically, §; determines how much
the image changes relative to the previous time step at
time step ¢, thus affecting the accumulation of noise; €;_;
is the Gaussian noise at time step t — 1; x; can be obtained
directly from x,, through the use of the reparameterization
trick as in Equation (2).

X, = \/E*xo +V1—axe 2

where & is a hyperparameter, which is calculated according
to Equations (3) and (4); € is a standard Gaussian noise.

t
az = chl- (3)
i=1

o =1-8 4)

The inverse process is the process of removing noise,
which generates new data samples by predicting and
removing noise. The inverse process can be expressed as
Equation (5).

X1 =

% (xt - \;1—__06;[% (x4, t)) +oiz (5
where €g(x;, t) represents the noise predicted by the neural
network at time step t; z denotes the noise from a standard
Gaussian distribution; and o, is the predefined variance at
time step t, which is calculated according to Equation (6).
1—a,_

of =15 P (6)

The neural network used for noise prediction is based
on U-Net (Ronneberger et al., 2015). This network con-
sists of a down-sampling path, an intermediate layer, an
up-sampling path, and skip connections, and the archi-
tecture is shown in Figure 3. The down-sampling path
is responsible for extracting image features and includes
three down-sampling layers and eight ResBlocks (He et al.,
2016), each containing two convolutional layers with 3 x
3 kernels. The intermediate layer integrates the extracted
features and consists of two ResBlocks. The up-sampling
path is used to increase the image size and includes three
up-sampling layers with twelve ResBlocks. To improve
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FIGURE 2 Diffusion and denoising process of denoising
diffusion probabilistic model (DDPM).

model performance, the first ResBlock of the intermedi-
ate layer, as well as the ResBlocks at the third scale of both
the down-sampling and up-sampling paths, is enhanced
with self-attention (Vaswani et al., 2017). Additionally, the
time embedding is introduced into each ResBlock by using
a predefined embedding layer to process the time step and
sum it with the output of the first convolutional layer of
the ResBlock and feeding it into its second convolutional
layer so as to realize the prediction of noise at different time
steps. The model’s loss function is defined as Equation (7).

Loss = [je — 69<\/d_t*x0 + /1 — &, e, t)
where e@(\/a_t % Xg+ /1 —a; *¢€,t) denotes the noise
predicted by the neural network at time step ¢; € denotes
the actual added noise. By reducing the error between
the prediction and the actual added noise, the DDPM can
reproduce the original image from the noise.

(7

2.1.2 | Training settings

In this paper, the total number of time steps T is 1000, and
B; conforms to a linear growth starting from a small initial
value of 0.0001 and gradually increasing to a final value of
0.02. In addition, AdamW (Loshchilov & Hutter, 2017) was
employed as the optimizer, and a weight decay of 0.0001
was set. The learning rate Ir decreases as the training pro-
ceeds as shown in Equation (8) during the training process.

Ir = i+ 1/2 (P — imin) (1 + cos (%n’)) ®)

where Ir;, represents the minimum learning rate, which
is 0 in this paper; Ir;,,x represents the maximum learning
rate, which is 0.0001; e denotes the current training epoch;
and E represents the total training epoch, which is 240.
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FIGURE 3 Architecture of U-Net for predicting noise.
2.2 | SR reconstruction
2.2.1 | Network architecture

The aim of SR is to increase the resolution of the low-
resolution (LR) image to make it clearer while ensuring no
degradation in image quality as much as possible. Since
image super-resolution using convolutional neural net-
work (SRCNN) (Dong et al., 2015) pioneered the use of
deep learning for SR tasks, methods such as residual block
(Lim et al., 2017), generative adversarial training (Ledig
et al., 2017), dense block (Y. Zhang et al., 2018), and other
methods have been successively introduced to enhance
performance. However, limited by the local processing
of convolutional kernels, these methods perform poorly
in capturing long-range dependencies. Therefore, Trans-
former models have attracted attention. In 2021, Image
restoration using swin transformer (SwinIR) (Liang et al.,
2021), based on Swin Transformer (Z. Liu et al., 2021), was
proposed, which not only refreshes the accuracy of image
SR tasks but also possesses a relatively smaller number of
parameters. In view of this, the improved SwinIR was used
in this paper to process pavement crack images.

Figure 4 shows the architecture of the proposed SR
model. First, the LR images are transformed into the
feature space by a convolutional layer. Next, the image
features are passed through four residual attention Trans-
former blocks (RATB) for deep feature processing. Finally,
the processed features are passed through an up-sampling
module to realize the final HR image transformation. As
shown in Figure 4a, RATB contains three Swin Trans-

former attention layers (STAL) and a 3 X 3 convolutional
layer. Compared to the original SwinIR, the squeeze and
excitation (SE; Hu et al., 2018) module is added to the
STAL for global information integration, which helps the
model to understand and reconstruct complex details in
HR images and better handle long-term patterns (X. Chen
et al., 2023). Specifically, as shown in Figure 4b, the
windows multi-head self-attention (W-MSA) module is
serially connected to the shifted windows MSA (SW-MSA)
module within STAL, with an SE block added after the
SW-MSA module. In addition, residual connections are
introduced to maintain stable training.
The model’s loss function is defined as Equation (9).

n
1
Loss = — E — 9
0SS n & |yer — Yarl| ©)

where ygr indicates the ground truth; yyr denotes the
model output; 7 is the total pixels in the image.

2.2.2 | Training settings

In this paper, the window size of W-MSA and SW-MSA is
set to 8, and six attention heads are used. Furthermore,
Adam is introduced as the optimizer, and the learning
rate decreases as training progresses. Specifically, the ini-
tial learning rate is set to 0.0002 and changes to half of the
previous learning rate at the 30,000th and 36,000th train-
ing epochs. In this paper, the total training epoch is 42,000.
In addition, during the training process, the LR images are
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FIGURE 4 Architecture of the proposed super-resolution (SR) model.

randomly cropped to a 64 X 64 size, paired with the corre-
sponding ground truth, and fed into the model, which is
very useful to reduce the computational load.

3 | RESULTS AND EVALUATION

The data processing, network training, and evaluation
were all performed on a single computer with NVIDIA
GeForce RTX 3090 graphics processing unit (GPU) and an
Intel Xeon Gold 6130 central processing unit (CPU).

3.1 | Datasets

The pavement crack images used were taken on a road
inspection vehicle, and a total of 1206 images of size 802
X 921 were obtained. Some of the collected images are
shown in Figure 5. All images were manually labeled and
divided into two classes: transverse cracks and longitudi-
nal cracks. To facilitate the subsequent object detection
experiments, the images were divided into 724 training
images, 241 validation images, and 241 test images.

3.1.1 | Datasets for DDPM

Only the training images were used for DDPM training.
Since most existing object detection models scale the input
image to 640 X 640 in equal proportion to their length and

FIGURE 5

Collected pavement crack images.

width, 640 X 640 (320 x 320 for DDPM) was chosen as the
generated image size. In addition, the training images were
first scaled to 640 X 734. Then the patches of size 640 X
640 were cropped from the top side and bottom side, and
such operation can maximize the consistency of the tex-
ture information between the generated images and the
scaled true images. Finally, the bicubic interpolation was
applied to all patches to obtain 1448 training images of size
320 x 320.

3.1.2 | Datasets for SR

For SR training, the same scaling and cropping operations
as described above were applied to all the dataset images.
As a result, 1448, 482, and 482 images were used for train-
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ing, validation, and testing, respectively. It is worth noting
that the 640 X 640 patches are paired as ground truth with
the 320 x 320 images.

3.2 | Evaluation metrics
3.21 | Evaluation metrics for image
generation

Fréchet inception distance (FID; Heusel et al., 2017) is
used to evaluate the quality of the images generated by
DDPM in this paper. It measures the similarity between
the generated images and the real images by calculating
the difference between their distributions in the feature
space. Specifically, the calculation of FID involves the aver-
age probabilistic distance between two image sets in the
Inception network.

3.2.2 | Evaluation metrics for SR

Peak signal-to-noise ratio (PSNR) is used to accurately
evaluate the SR performance and is calculated as Equa-
tion (10).

2
PSNR = 10 - log,, (%) (10)

where mean squared error (MSE) is calculated as Equa-
tion (11).

—

n-1

3

2
YIRG,j,D = TG j DI (1)

j=0 1=0

MSE = —

3mn 4
i

Il
(=)
.

where R and T denote two three-channel images of size m
X n.

3.3 | Results of pavement crack image
generation by DDPM

As the training proceeds, the images generated by DDPM
gradually converge to real images. Figure 6 shows some of
the images sampled by DDPM at different training stages,
and it can be seen that the images generated in the early
training stage are dark and unrealistic in color, with a
high FID. After 180 training epochs, the generated image
is almost identical in color to the real image, and the tex-
ture details have been improved. The generated image is
only slightly deficient in the crack pattern, with an FID
of 98.12. The final image generated by the DDPM nearly
rivals the real image in both texture information and color,
as well as the crack pattern, which further demonstrates
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TABLE 1 Performance of denoising diffusion probabilistic
model (DDPM) and current state-of-the-art generative models.

Fréchet Floating point

inception  Parameters operations
Models distance (params) (FLOPs)
PG-GAN 75.01 18.35M 571G
StyleGANv3  42.43 23.32M 105.00 G
DDPM 36.20 82.92 M 474.93 G

the effectiveness of using the DDPM to generate images of
pavement cracks.

Table 1 shows the performance comparison results of
the DDPM and current state-of-the-art generative models,
including progressive growing of GANs (PG-GAN) (Kar-
ras et al., 2018) and StyleGANv3 (Karras et al., 2021) on the
pavement crack image generation task. It should be noted
that the DDPM used for comparison at this point uses 256
X 256 as the generated image size, limited by the image
generation size of PG-GAN and StyleGANv3. The results
show that PG-GAN generates the worst image quality with
an FID of 75.01 but has the least number of parameters
and computations. The DDPM achieves the highest FID of
36.20 but also has the largest computational cost. Overall,
StyleGANvV3 is more balanced in terms of performance and
computational cost. However, as shown in Figure 7, there
is a large difference between the different models in gener-
ating light-toned images. As observed from the red-labeled
region in the figure, the generated images of PG-GAN and
StyleGANvV3 have ripple or grid-like artifacts, which lead to
their lack of reality. Comparatively, the image textures gen-
erated by DDPM are more similar to real textures and thus
more suitable for data augmentation for computer vision
tasks.

3.4 | Results of pavement crack image SR
In this study, a comparison experiment between the
proposed SR model and classical SR models includ-
ing SRCNN, image super-resolution using a generative
adversarial network (SRGAN), enhanced super-resolution
generative adversarial networks (ESRGAN) (X. Wang
et al., 2018), enhanced deep residual networks for single
image super-resolution (EDSR), residual dense network
for image super-resolution (RDN), and SwinIR was con-
ducted on the same pavement crack dataset. As shown
in Table 2, the PSNR of all methods except SRCNN is
above 29.87 with a small gap. In addition, the convolu-
tional neural network (CNN)-based model has a more
obvious characteristic of trading computational cost for
accuracy, and the improvement is limited. Comparatively,
the Transformer-based SwinIR has better accuracy and
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FIGURE 6 Imagessampled using DDPM at different training stages. FID, Fréchet inception distance.
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FIGURE 7 Comparison of the generation effect of DDPM with
other generative models.

TABLE 2
model and several classical SR models.

Performance of the proposed super-resolution (SR)

Peak signal-to-
Models SRrate noise ratio Params FLOPs
SRCNN X2 29.5555 0.02M 851G
ESRGAN x2 29.8769 16.70 M 459.06 G
SRGAN X2 29.9276 0.59 M 64.91 G
EDSR X2 29.9601 1.37M 140.56 G
RDN X2 29.9718 2212 M 2264.97 G
SwinIR X2 29.9939 0.88 M 92.24 G
Ours X2 29.9958 0.96 M 9232 G

FIGURE 8 SRreconstruction effect of the proposed SR model.
HR, high-resolution.

fewer parameters, and the SR model proposed in this
study also has this advantage and achieves the highest
PSNR of 29.9958 with almost no increase in computa-
tional cost. Although it is difficult for the human eye
to perceive the subtle changes caused by the PSNR dif-
ferences on an image, for computers, these differences
represent different data features, which are more helpful
for computers to capture the texture details in an image.
Therefore, the proposed approach is more suitable for the
pavement crack image SR task. As shown in Figure 8,
the proposed method is effective for texture information
supplementation compared to the bicubic method.

3.5 | Results of data augmentation for
pavement crack detection

Six hundred and fifty-six pavement crack images of size 320
X 320 with varying backgrounds were first generated using
the trained DDPM. These generated images were then
upscaled using the proposed SR model to obtain 656 pave-
ment crack images of size 640 X 640. By combining these
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generated images with the original training set, a new
training set containing 1380 images was created, referred
to as training set A. To further enhance the data, geometric
augmentation methods—including rotations by 90°, 180°,
and 270° as well as horizontal and vertical flips—were
applied to training set A. This resulted in a new train-
ing set B containing 8280 images. The specific category
distribution of these datasets is shown in Figure 9.

To validate the proposed data augmentation method,
four current state-of-the-art object detection models,
including CNN-based you only look once version 5
(YOLOV5) and you only look once version 8 (YOLOVS)
(Jocher et al., 2023) and Transformer-based detection
transformer (DETR) (Carion et al., 2020) and DETR with
improved denoising anchor boxes (DINO) (Hao Zhang
et al., 2022), were trained on the different training sets
mentioned above and tested on the same test set using their
best-performing weights on the validation set. During this
process, each model was trained to fit different datasets.
Meanwhile, each model was trained and tested three times,
and the average was taken as the test result. The classical
mAP@O0.5 and mAP@0.5:0.95 (Yao et al., 2022) were used,
and this study weighted these two metrics and used them
as a composite metric, weighted mAP (WmAP), to evaluate
the object detection algorithm. The WmAP is calculated as

Training set A

Training set B

Category distribution of the original training set, augmented training set A, and augmented training set B.

[ ] Origin
1A
07 L )
N o
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=
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YOLOvV5 YOLOVS DETR DINO

FIGURE 10 Performance of several object detection models
trained using different training sets.

in Equation (12).
WmAP = 0.1 * mAP@0.5 + 0.9 * mAP@0.5 : 0.95 (12)

As shown in Figure 10, all models trained using the
augmented training set outperform those trained with the
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TABLE 3 Performance of several detection models trained

using different training sets.

Models Training set mAP@0.5 mAP@0.5:0.95 WmAP

YOLOV5 Origin 0.827 0.518 0.549
YOLOvV5 A 0.863 0.569 0.598
YOLOv5 B 0.878 0.641 0.665
YOLOV8 Origin 0.855 0.539 0.570
YOLOV8 A 0.860 0.572 0.601
YOLOvV8 B 0.902 0.664 0.688
DETR  Origin 0.831 0.521 0.552
DETR A 0.832 0.524 0.555
DETR B 0.862 0.563 0.593
DINO  Origin 0.878 0.584 0.613
DINO A 0.875 0.591 0.619
DINO B 0.906 0.621 0.649

original training set, suggesting that the proposed method
helps to improve the performance of the pavement crack
detection model. Among the different augmented training
sets, training set B leads to significantly greater perfor-
mance improvements compared to training set A. This
suggests that combining the proposed data augmentation
method with traditional geometric transformations pro-
vides greater benefits. As shown in Table 3, when trained
with training set B, both YOLOv5 and YOLOvV8 show
performance improvements of approximately 12%, while
DETR and DINO only improve by 3% to 4%. This highlights
that the proposed data augmentation method is more effec-
tive for CNN-based models than for Transformer-based
models, which may be due to the different model archi-
tectures. In addition, on the one hand, YOLOVS achieved
the highest WmAP of 0.688, indicating that YOLOVS8 has a
performance advantage in pavement crack detection. On
the other hand, DINO achieved a WmAP of 0.613 when
trained on the original dataset, which may be due to its
subtle contrast denoising training method, demonstrating
its suitability for pavement crack detection in data-poor
scenarios.

Figure 11 shows some of the YOLOvVS detection results
with and without applying the data augmentation algo-
rithm. By combining the gradient-weighted class activa-
tion mapping (Grad-CAM) (Selvaraju et al., 2017) visu-
alization method, on the one hand, it can be observed
that the model trained with the augmented training set B
has an advantage in capturing tiny cracks (green circle)
on dark images, being able to put more attention to the
crack region, compared to the original model, thus avoid-
ing false negative results. On the other hand, the original
model incorrectly directs attention to interfering objects
(yellow circles) that are similar to the cracks, leading to
false positive results, while the improved model avoids this
problem.
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FIGURE 11

Detection results with and without applying the
data augmentation algorithm.

TABLE 4 Ablation study for SR.
Models Training set mAP@0.5 mAP@0.5:0.95 WmAP

YOLOV8 Origin 0.855 0.539 0.570
YOLOv8 A (NSR) 0.855 0.566 0.595
YOLOvS A 0.860 0.572 0.601
YOLOv8 B (NSR) 0.888 0.662 0.684
YOLOv8 B* 0.905 0.662 0.686
YOLOv8 B 0.902 0.664 0.688

Note: (NSR) represents not using SR.
2Represents using the SwinIR for SR.

TABLE 5 Computational cost of image generation with and
without SR.
Final generated Initial generated
image size image size SR rate FLOPs
640 X 640 640 X 640 - 2968.313 G
640 X 640 320 x 320 X2 834.401 G
4 | DISCUSSIONS
4.1 | Ablation study on SR

In this paper, the SR model serves to improve the image
resolution and complement the texture details to help
the detection model learn sufficient pavement disease
information. To further validate the necessity of SR, a
series of ablation experiments was conducted in this
study using YOLOVS8. As shown in Tables 4 and 5, when
SR is not applied, the performance of YOLOvS trained
using training set A and training set B decreases by 0.6%
and 0.4%, respectively, which indicates that applying
SR to small-sized generated images to enhance texture
information is beneficial to the crack detection. When a
640 X 640 pavement crack image is generated, the use of
the SR strategy can save 2133.912 G of computational cost,
compared to direct generation. In summary, the use of
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FIGURE 12

Texture of synthesized images with different
generation strategies.

SR is necessary to enhance the effectiveness of data aug-
mentation with limited computational cost. Furthermore,
compared to using SwinlR, the proposed SR model is more
conducive to improving the data augmentation effect,
which is consistent with the inference in Section 3.4.
However, the improvement is limited and further research
is needed in the future to enhance it.

4.2 | Discussion on different SR rates for
image generation

The above experimental results indicate that 320 x 320
image generation combined with X2 SR rate is a low-
cost and effective data augmentation method suitable
for pavement crack detection tasks. However, different
combinations of SR rates with corresponding initial gen-
erated image sizes have not yet been considered, and
the determination of such combinations can help to
further balance the computational cost and data aug-
mentation effectiveness, which is particularly important
for resource-constrained application scenes. Specifically,
with the decrease of the initial generated image size, the
computational cost and texture information also decrease
together. As shown in Figure 12, although an SR model
can complement a certain amount of texture information,
it is still not able to restore the texture information of
initially generated images of different sizes to the same
level. Thus, whether these lost details are important for the
object detection task becomes a critical issue.
Experiments were conducted using YOLOVS to deter-
mine the optimal combination of the initial generated
image size and the corresponding SR rate. Meanwhile, the
entropy of the gray-level co-occurrence matrix of the final
generated images with different strategies was calculated
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TABLE 6 Performance of data augmentation strategies using

different SR rates.
Models Training set Entropy WmAP
YOLOv8 Origin 49.240% 0.570
YOLOVS B (x8) (NSR) 34.415 0.674
YOLOVS B (x8) 37.903 0.678
YOLOVS B (x4) (NSR) 40.472 0.671
YOLOV8 B (x4) 43.230 0.680
YOLOVS B (x2) (NSR) 44.804 0.684
YOLOV8 B (x2) 47.665 0.688

Note: (NSR) represents not using SR.
2Represents the entropy of real images.

TABLE 7 Performance of YOLOVS using both B (x2) and B
(x8) strategies.
Models Training set WmAP
YOLOV8 B (x8) 0.678
YOLOV8 B (x2) 0.688
YOLOVS B (x2) and B (x8) 0.690

to characterize the richness of the texture information. As
shown in Table 6, the richer the texture information of the
generated image is, the higher the detection performance
gain brought by the data augmentation strategy, which also
verifies the necessity of the SR strategy. Second, by observ-
ing the performance of all models not using SR, it can be
found that the model performance gain brought by SR in
the B (x4) strategy is the largest, which is 0.9%, while the
gain brought by SR in the B (X2) and B (x8) strategies is the
same, which is 0.4%. This suggests that for the dataset used
in this paper, the texture information supplemented by the
SR step in the B (X4) strategy is more critical, and thus the
identification of this critical texture information is the key
to improving the detection performance, which needs to
be further explored in the future. Furthermore, it is coun-
terintuitive that the B (X8) strategy achieves comparable
performance to the B (x4) strategy, which implies that the
main factor for improving the detection performance is not
the texture information in this scale of image. One possi-
bility is that the images generated by the B (X8) strategy
are able to provide information about the crack skeleton at
another scale of the detection model, which enhances the
learning performance of the model from a different scale.
The results in Table 7 show that the combination of the B
(x2) strategy and the B (x8) strategy can further improve
the performance of the model, which further validates the
above point, but the generation cost is too large. Overall,
the B (x2) strategy has the best performance, while the B
(x8) strategy strikes a better balance between training cost
and performance, and is more suitable for scenarios with
limited computational cost.
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4.3 | Time cost issue of image generation
and additional annotation

Although combining DDPM with an SR model helps
reduce the high time cost of image generation, it remains
inadequate for scenarios with strict computational con-
straints. Therefore, future research should focus on devel-
oping a lightweight DDPM for pavement crack detection.
In addition, since DDPM cannot generate image annota-
tions simultaneously, the generated images still require
manual labeling, further increasing the time cost. Thus,
another key focus of future research is designing a DDPM
capable of generating both images and their corresponding
annotations.

5 | CONCLUSION

A two-step data augmentation approach combining
DDPM and SR for pavement crack detection was proposed
in this paper. First, DDPM was used to generate 320
X 320 pavement crack images. Then, an improved SR
model based on SwinIR upscaled the images by a factor
of two while enhancing texture details. The obtained 640
X 640 HR pavement crack images were composed with
real images to enhance the dataset, thus improving the
accuracy and robustness of crack detection at a lower cost.
The main conclusions are shown as follows:

1. The proposed two-step data augmentation method is
effective on YOLOv5, YOLOvVS, DETR, and DINO and
can improve the performance of YOLOv8 by approxi-
mately 12% when combined with geometric transforma-
tion methods.

2. The proposed SR model performs better in restoring the
texture information of pavement crack images, which
achieves a PSNR of 29.9958.

3. The richer the texture information of the generated
image is, the higher the detection performance gain
brought by the data augmentation strategy, which
verifies the necessity of the SR strategy.

4. For different combinations of initially generated image
sizes and SR rates, the B (x2) strategy has the best
performance, while the B (x8) strategy strikes a better
balance between training cost and performance, and is
more suitable for scenarios with limited computational
costs.

Although the proposed method can reduce the cost
of image generation by DDPM to some extent, it still
remains impractical for scenarios with strict computa-
tional constraints. Future work will focus on developing a
lightweight DDPM tailored for pavement crack detection.

@ YAO ET AL.
In addition, since the generated images still require man-
ual labeling, further research will explore generation mod-
els capable of producing both images and corresponding
labeled data simultaneously.
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