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Abstract: Currently, due to the problem of irregular size and shape of road damage and the exceptionally complex background
information in road pictures, it is difficult for existing detection algorithms to accurately recognize the damage. To solve the
above problems, we propose a new algorithm YOLOvV5s-DCA for road damage detection based on YOLOVSs, combining multi-
scale feature fusion and attention mechanism. Firstly, the decoupled detection head is introduced to enhance the classification and
localization ability of the model. Meanwhile, a new detection layer is added for large targets such as long cracks. Second, a new
multi-scale feature fusion structure is constructed using a skip connection, which enhances the feature fusion in the neck network.
Besides, the coordinate attention module is introduced to enhance the model’s key feature extraction ability and to inhibit the
interference of the background information. Finally, the C2f module is used to replace the C3 module in the backbone to
improve the detection accuracy. Combined with the practical application background, we verity the effectiveness of the proposed
algorithm based on two public datasets, RDD2022 and Baidu datasets, using three damage categories: crack, pothole, and patch.
The experimental results indicate that the enhanced algorithm YOLOv5s-DCA, in comparison to the YOLOvVSs algorithm, has

shown improvements of 2.3% and 1.9% in mAP@0.5 and mAP@0.5:0.95.

Key Words: road damage detection, YOLOVSs, decoupled detection head, skip connection, coordinate attention

1 Introduction

The road network is the foundation of the economy, sup-
porting traffic and transportation systems for people, com-
merce, and industry. Over time, roads can develop distresses,
like cracks and potholes, due to factors such as oxidation,
repeated stresses, rain erosion, and other environmental fac-
tors. Untreated pavement distress can escalate, causing col-
lapses and escalating repair costs, posing a threat to eco-
nomic and personal safety. Therefore, timely detection of
pavement distress is crucial for preventing road damage and
ensuring traffic safety. In the early days, road disease de-
tection relied primarily on manual patrols and inspections,
demanding significant manpower and material resources and
resulting in relatively low inspection efficiency. As shown in
Fig. 1, there are three common types of roadway diseases,
namely patch, pothole, and crack.

Recently, road disease detection technology has been cat-
egorized into traditional methods and target detection al-
gorithms based on deep learning. The majority of tradi-
tional road disease detection methods rely on image process-
ing technology and machine learning, involving manual de-
sign or feature extraction, followed by classification using
a designed classifier. For instance, Talab et al. proposed a
method to detect major cracks in concrete structures using
the Otsu method[1]. The process involves utilizing a So-
bel filter to detect cracks, obtaining the area of the cracked
region through threshold segmentation, and ultimately iden-
tifying major cracks using the Otsu method. Shi et al. pro-
posed a novel framework for detecting roadway cracks using
the random forest classifier ”CrackForest”[2]. This classi-
fier creates a high-performance crack detector by introduc-
ing a random structure forest capable of recognizing arbitrar-
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(a) pothole

(b) crack (c) patch

Fig. 1: Three common types of road damage(the rectangular
box is where the damage exists). It shows that road damages
are usually small area defects. (a)-(c) are figures of the three
damages, in order, pothole, crack, and path.

ily complex cracks. However, these methods rely on manual
feature extraction and are susceptible to environmental fac-
tors, leading to poor detection performance in complex envi-
ronments.

In recent years, the rapid development of deep learn-
ing technology has led to remarkable achievements in tar-
get detection. Target detection technology is primarily cat-
egorized into single-stage algorithms and two-stage algo-
rithms. Widely employed two-stage algorithms encompass
R-CNN][3], Fast R-CNNJ[4], Faster R-CNN[5], and oth-
ers. Similarly, prevalent single-stage algorithms comprise
YOLOI[6], SSD[7], and others.

Fang et al[8]. pointed out the challenge of applying target
detection algorithms directly to lesion detection due to the
characteristics of a low signal-to-noise ratio and non-fixed
shape of pavement lesions. They addressed this challenge
by combining a deep learning model and Bayesian analysis.
They trained the Faster RCNN with the Bayesian Integral
Algorithm to detect crack blocks with an appropriate signal-
to-noise ratio, achieving a high true detection rate and a low
false detection rate for cracks. Liu et al. proposed a two-step
pavement crack detection and segmentation method based
on a convolutional neural network[9]. In the first step, they
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Fig. 2: YOLOvVS5s-DCA network structure

used the improved YOLOV3 algorithm to detect pavement
cracks. The second step involved using the improved U-Net
algorithm to segment the pavement cracks detected in the
first step. Experimental results demonstrated that the accu-
racy of the two-step pavement detection method is higher
than that of the one-stage pavement crack detection and seg-
mentation algorithm. Liu et al. proposed a method that com-
bines YOLOVS with 3D ground-penetrating radar (GPR) im-
ages to identify internal defects in asphalt pavements[10].
They compared the effectiveness of traditional inspection
with GPR inspection by evaluating the maintenance benefits,
ultimately demonstrating the effectiveness of 3D ground-
penetrating radar in pavement inspection and maintenance.
Firstly, the single-stage target detection algorithm YOLO
has attracted considerable attention from scholars since its
introduction. Continuous optimization and updates have po-
sitioned it as one of the most popular target detection algo-
rithms. The YOLOVS algorithm, introduced by the Ultralyt-
ics team in 2020, has undergone continuous updates, with
the latest version being 7.0 in 2022. The YOLOvVS5 model
is classified into yolovSn, yolovSs, yolovSm, yolov5l, and
yolov5x based on the gradual increase in network width and
depth. YOLOvS5s has been identified as meeting real-time
performance requirements while also offering higher detec-
tion accuracy and a lighter network structure. This makes
it suitable for road damage detection. Moreover, there are
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challenges in using the target detection algorithm directly for
road damage detection: (1) The irregular size and shape of
cracks make accurate detection difficult. (2) Road images in-
clude complex background objects like various materials on
the road surface, vehicles, pedestrians, and buildings. These
elements may interfere with the model’s disease detection,
causing it to misjudge the background as road damage.

To solve the above problems, this paper proposes a new
improved algorithm, YOLOvS5s-DCA, based on YOLOVS,
which can effectively improve detection accuracy. The main
contributions of this paper can be summarized as follows.

o The task space is decoupled using the decoupled head
structure. Furthermore, a large target detection head
is added to enhance the prediction performance of the
classification and regression tasks, thereby improving
detection accuracy.

o Based on skip connection, the paper introduces a new
feature layer fusion structure. This involves adding fea-
ture layers from the backbone network to the neck net-
work for fusion, further optimizing the effectiveness of
model feature fusion.

o Lastly, the paper optimizes the backbone network
by replacing the C3 module with the C2f mod-
ule from yolov8[11]. Furthermore, the Coordinate-
Attention(CA)[12] module is added to enhance the
model’s ability to extract key feature information.
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2 Method

YOLOVS was introduced in 2020 and has undergone con-
tinuous updates and iterations. In this paper, we utilize the
latest updated version, YOLOvSs 7.0, in 2022. YOLOVSs is
mainly composed of three parts: backbone network (back-
bone), neck network (neck), and output detection head
(head). The backbone comprises the CBS module, C3 mod-
ule, and SPPF module. The neck network utilizes the FPN
and PAN structure to fuse feature maps of different scales,
and the output detection head incorporates the Detect mod-
ule, corresponding to three different sizes of detection fea-
ture layers. In this paper, we propose an enhanced network
based on the YOLOvS5s model structure. Firstly, we employ
the Decoupled head detection head to separate the task space
and introduce the P6 detection layer. Next, we introduce a
novel feature layer fusion structure to bolster feature fusion.
Subsequently, we incorporate the CA attention Module to
augment the model’s feature expression ability. Finally, the
C3 module in the backbone is replaced by the C2f module
with a more abundant gradient flow. By integrating these
four key improvements, the enhanced network is denoted as
YOLOvV5s-DCA, and the modified model structure is illus-
trated in Fig. 2.

2.1 Decoupled Detection Head

Through an examination of the road disease dataset char-
acteristics, we identified numerous long cracks, along with
densely distributed cracks and crack patches. These el-
ements occupy a substantial pixel area in the image and
are not effectively detected by yolov5s’ three feature lay-
ers alone. To address this, we suggest incorporating a ded-
icated large target detection layer to enhance the model’s
ability to detect these significant targets. Meanwhile, we
introduce a detection head specifically designed for large
target detection. This additional detection head, integrated
into the model, forms a four-detection head structure along-
side the existing three detection heads. While this inclusion
increases computational cost, it substantially enhances the
model’s performance in detecting large targets.

Furthermore, the yolov5s model employs a shared cou-
pled detector head for both classification and localization
tasks. This detector head is tasked with simultaneously
handling target classification and bounding box regression.
Song et al[13] observed that the regions of interest for clas-
sification and localization differ, with classification focusing
more on saliency region information and localization em-
phasizing edge region information. YOLOX][14] highlighted
the drawbacks of coupled detector heads on detection per-
formance and introduced decoupled detector heads into the
YOLO series. In this study, we integrate the decoupled head
from YOLOVS into the YOLOvSs model, employing two
parallel branches to independently manage the classification
and localization tasks. The specific structure of the decou-
pled detection head is depicted as the head in Fig. 2.

2.2 New Feature Layer Fusion Architecture

YOLOVS employs a PAN structure in the neck network
for fusing shallow graphical features from the backbone with
deep semantic features. As depicted in Fig. 2, the neck ini-
tially up-samples the deep feature map and expands the scale

through interpolation to enable the fusion of shallow feature
maps from the backbone. After completing the upward fu-
sion, the neck continues downsampling to acquire different
scales of feature maps for detecting various sizes of target
objects. Concurrently, it further fuses shallow graphical fea-
tures with deep semantic features. Upon analysis, we ob-
served that the neck only fuses the up-fused feature maps
in the second fusion and does not re-fuse the feature maps in
the backbone. The series of up-sampling and down-sampling
operations in the neck can result in some information loss,
while the feature maps in the backbone preserve the original
image information. Therefore, fusing the feature maps in the
backbone during the down-sampling stage of the neck proves
advantageous for transferring image information. Given the
addition of a large target detection layer, we use the skip con-
nection twice in the right path of the neck, as illustrated in
Fig. 2, to fuse the feature maps from the backbone and the
left path, respectively, thereby enhancing the feature fusion
effect.

2.3 Coordinate Attention Module

While we have successfully fused shallow graphical fea-
tures and deep semantic features through the neck, the shal-
low feature maps often include significant background inter-
ference information. Addressing this issue, we incorporate
the CA attention mechanism into the backbone to aid the
network in concentrating on the vital and sensitive regions
in the image, thereby minimizing the transmission of redun-
dant background information. Consequently, the enhanced
method proposed in this paper integrates the CA attention
mechanism alongside skip connection to augment the fea-
ture fusion effect of the neck network.
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Fig. 3: Coordinate Attention structure
The structure of the CA module, as illustrated in Fig. 3,

initiates with the decomposition of global average pooling.
The feature maps, with dimensions C' x H x W, undergo
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pooling in the width and height directions, resulting in fea-
ture maps with dimensions C' x H x 1 and C' x 1 x W.
Subsequently, the features in the width and height directions
are spliced and undergo dimensionality reduction, produc-
ing a feature map with dimensions C'/r x 1 x (H + W).
Finally, through a split into two parallel phases and dimen-
sionality enhancement processing, the attention situation in
the width and height dimensions is obtained. This result is
then multiplied by the original feature map to constitute the
CA attention mechanism. The CA attention mechanism can
effectively consider both channel and positional information
via feature decomposition in the width and height dimen-
sions, aiding the model in more accurately localizing and
identifying the target of interest.

2.4 Introduction of the C2f module

The structure of C3 and C2f is depicted in Fig. 4. C2f is
adapted from the latest target detection model, YOLOVS, in-
corporating more jump connections and additional Split op-
erations on the foundation of the C3 module. This modifica-
tion allows YOLOVS to acquire more comprehensive gradi-
ent flow information while maintaining a lightweight design.
Consequently, in this study, the C2f module replaces the
C3 module in the backbone, augmenting the feature extrac-
tion capability of the backbone while ensuring the model’s
lightweight nature.
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Fig. 4: C3 and C2f structure

3 Experiments and analysis of results

3.1 Introduction to the dataset

The RDD2022 dataset[15] comprises 47,420 road images
from six countries: Japan, India, Czech Republic, Nor-
way, USA, and China. The Baidu Flying Paddle dataset
comprises 6,000 images distributed across eight categories:
Crack, Manhole, Net, Pothole, Patch-Crack, Patch-Net,
Patch-Pothole, and others.

This paper consolidates three categories by merging data
from the RDD2022 dataset and the Baidu Flying Paddle
dataset: Crack, Pothole, and Patch (representing patched
cracks and potholes). The dataset is derived from the original
Baidu dataset. Using the open-source software Labelimg,
we labeled additional bounding boxes for the selected three
categories. Ultimately, we have compiled a dataset of 14,691
images for this paper, encompassing three categories: Crack,
Pothole, and Patch. The dataset is partitioned into training,
validation, and test sets following a 7:2:1 ratio. The train-

ing set comprises 10,313 images, the validation set includes
2,968 images, and the test set consists of 1,410 images. In
addition, we counted the number of instances of each dis-
ease species in the training set, validation set, and test set, as
shown in Table 1.

Table 1: Number of road damage instances

datasets | Patch | Crack | Pothole
train 3883 | 16898 4553
val 1198 5141 1306
test 629 2340 681

3.2 Experimental equipment and evaluation indicators

The experimental environment employs the Ubuntu 20.04
operating system, utilizing the open-source deep learning
framework PyTorch as the network framework and CUDA
11.4 for accelerated training. For hardware testing, the CPU
selected is Intel(R) Xeon(R) W-2255 CPU @ 3.70GHz, and
the GPU chosen is NVIDIA’s RTX 3090 with 24GB of video
memory. In training, the experiment employs the data en-
hancement algorithm from the original YOLOVS. The input
image size is set to 640, and SGD serves as the optimization
function for model training. The model undergoes training
for 300 epochs with a batch size of 32, and the initial learn-
ing rate is set to 0.01.

This paper employs various evaluation metrics, compris-
ing F1 score, mean average precision (mAP), number of
parameters (Params), and billion floating-point operations
per second (GFLOPs). The base metrics in this context
are checking accuracy and checking completeness. The fi-
nal comprehensive evaluation metrics of the model are de-
rived from the F1 score and mAP calculated based on check-
ing accuracy and completeness. Params and GFLOPs typ-
ically gauge the size and computational complexity of the
model. A smaller value for Params and GFLOPs indicates
lower computational power requirements and less demand
for hardware performance. A model with smaller Params
and GFLOPs demands less computational power and places
lower requirements on hardware performance.

As shown in Equation 1, the F1 score is the harmonized
average of Precision and Recall scores.

Fl—o. Pregls:,lon - Recall )
Precision + Recall

For the object detection task, mAP@0.5 and
mAP@0.5:0.95 are computed by assessing the area
under the Precision-Recall curve, with a focus on distinct
IoU threshold ranges.

N
1

APQ@0.5 = — AP;ou—o. 2

m N ; 0.5 ()

N
mAP@O5 :0.95 = % ; APiou=045:O.95 (3)

In Equation 2 and Equation 3, N represents the number of
categories, and AP;,,, = 0.5 signifies the average accuracy
per category at an IoU threshold of 0.5. AP;,, = 0.5 :0.95
represents the average precision for each category within the
IoU threshold range from 0.5 to 0.95.
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3.3 Ablation experiments

To validate the effectiveness of the algorithm improve-
ments proposed in this paper, we conducted ablation
experiments using the original YOLOvSs model as the
baseline.Evaluation metrics including F1, mAP@0.5, and
mAP@0.5:0.95 were employed.The experimental results are
summarized in Table 2. Where "DH” stands for decou-
pled detection head, “skip” stands for skip connection.
Firstly, after incorporating the decoupled detection head, F1,
mAP@0.5, and mAP@0.5:0.95 increased by 0.3%, 0.6%,
and 0.9%, respectively. Following the addition of the large-
object detection layer, F1, mAP@0.5, and mAP@0.5:0.95
increased by 0.7%, 0.2%, and 0.3%, respectively. Subse-
quently, with the adoption of the new feature fusion structure
in the neck network, mAP@0.5 improved by 0.8%, while F1
decreased by 0.2%. This demonstrates that the three-layer
feature fusion structure proposed in this paper effectively
enhances the model’s feature fusion capabilities. After in-
tegrating the coordinate attention (CA) mechanism into the
backbone, F1, mAP@0.5, and mAP@0.5:0.95 increased by
0.5%, 0.3%, and 0.5%, respectively, indicating that the CA
attention mechanism helps the model focus on crucial fea-
tures. Furthermore, replacing the C3 module with C2f in the
backbone allowed the model to capture richer gradient flow
information, further enhancing its feature extraction capabil-
ities. F1, mAP@0.5, and mAP@0.5:0.95 increased by 0.3%,
0.4%, and 0.3%, respectively.

The experimental results in Table 2 demonstrate that the
improved YOLOv5s-DCA model proposed in this paper out-
performs the original YOLOvSs model, with increases of
1.6%, 2.3%in terms of F1, mAP@0.5, respectively. This
confirms the effectiveness of the proposed algorithm im-
provements in this paper.

Table 2: Results of ablation experiments

DH P6 skip CA C2f F1 mAP@0.5
X X X X X 0.548 0.515
v X X X X 0.551 0.521
v v X X X 0.558 0.523
v v v X X 0.556 0.531
v v v v X 0.561 0.534
v v v v v 0.564 0.538

3.4 Comparison of different algorithms

To further validate the superiority of the proposed
YOLOv5s-DCA algorithm, we compared its performance
with eight other algorithms under the same conditions,
using mAP@0.5, mAP@0.5:0.95, Params, and GFLOPs
as evaluation metrics. The comparative experimental re-
sults are presented in Table 3. Firstly, YOLOvVSs out-
performed Faster-RCNN, RetinaNet[16], and YOLOvSs in
mAP@0Q.5, while having smaller Params and GFLOPs.
Although YOLOvV6s[17] exhibited higher mAP@0.5 and
mAP@0.5:0.95 than YOLOVSs, its Params and GFLOPs
were nearly three times that of YOLOVSs. Addi-
tionally, YOLOV7-tiny[18] had slightly smaller Params
and GFLOPs than YOLOvSs, but its mAP@0.5 and
mAP@0.5:0.95 were significantly lower than YOLOv5s.The
improved YOLOv5s-DCA algorithm, despite a slight in-
crease in Params and GFLOPs compared to the original

YOLOVvS5s, exhibited substantial improvements in mAP@0.5
and mAP@0.5:0.95, with increases of 2.3% and 1.9%,
respectively. Furthermore, YOLOv5s-DCA outperformed
both YOLOv5m and YOLOv8m in mAP@0.5, while having
smaller Params and GFLOPs. However, its mAP@0.5:0.95
was slightly lower than YOLOv8m. This discrepancy may
be attributed to the fact that the YOLOvS5s-DCA improve-
ment algorithm might not have been fine-tuned further, re-
sulting in a lower sensitivity to different IoU thresholds.

3.5 Comparison of detection results for two algorithms

To further verify the detection performance of the model
on different categories of road diseases, Table 4 presents the
detection accuracy of YOLOvSs and the improved model
YOLOVS5s-DCA for three types of road diseases. From Table
4, it is evident that YOLOv5s-DCA outperforms YOLOvVSs
in the detection accuracy for all three categories: Patch,
Crack, and Pothole. The improvement is particularly notable
for Patch, with an increase of 2.7% and 2.4% in mAP@0.5
and mAP@0.5:0.95, respectively. Additionally, among the
three road diseases, Pothole exhibits the lowest detection ac-
curacy. This is attributed to the small size of Pothole targets,
making them prone to being misclassified as background.
Moreover, the limited number of training samples for Pot-
hole makes it challenging for the model to learn effective
features.

We further visualize the detection results of YOLOvS5s and
the improved model YOLOvS5s-DCA on the test set for com-
parison, as shown in Fig. 5. This visual comparison provides
additional evidence of the effectiveness of the algorithm im-
provements proposed in this paper.

Fig. 5: Comparison of YOLOVS5s (top) and YOLOvS5s-DCA
(bottom) detection results

4 Conclusion

In this paper, based on two public datasets, the RDD2022
datasets and the Baidu datasets, three categories: crack, pot-
hole, and patch are used for our detection work. Subse-
quently, we propose an efficient and lightweight YOLOvVS5s-
DCA model for road damage detection. The improved
YOLOv5s-DCA model demonstrates a 2.3% and 1.9% en-
hancement in mAP@0.5 and mAP@0.5:0.95, respectively,
compared to the original YOLOvSs model. In the future, we
will explore the lightweight issues of the model, aiming to
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Table 3: Comparison results of different algorithms

Algorithms mAP@0.5 mAP@0.5:0.95 Params/M  GFLOPs
Faster R-CNN 0.421 0.184 41.36 134.5
RetinaNet 0.416 0.182 32.24 127.8
YOLOV6s 0.525 0.255 18.5 453
YOLOV7-tiny 0.501 0.224 6.01 13.0
YOLOv8s 0.509 0.248 11.13 28.4
YOLOvV8m 0.530 0.262 25.84 78.7
YOLOVSs 0.515 0.235 7.02 15.8
YOLOvSm 0.536 0.253 20.86 479
YOLOvV5s-DCA 0.538 0.254 16.38 24.7

Table 4: Comparison of detection results by disease type

Algorithms Type mAP@0.5 mAP@0.5:0.95
All 0515 0.235
Patch 0.551 0.270
YOLOv3s Crack 0.491 0.234
Pothole 0.503 0.201
All 0538 (+2.3%)  0.254 (+1.9%)
Patch  0.578 (+2.7%)  0.294 (+2.4%)
YOLOVSSDCA -k 0518 (+42.7%)  0.252 (+1.8%)
Pothole  0.518 (+1.5%)  0.216 (+1.5%)

achieve a balance between high detection accuracy and faster
detection speed, facilitating the deployment of the model on
mobile devices.
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