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Abstract: There are many kinds of pavement diseases, and the detection background in the actual scene is complex, so the
accuracy of the detection model is not high. Based on YOLOvVSs, a pavement diseases detection model YOLOv5s-CBP is
proposed, and the CBAM (Convolutional Block Attention Module) attention module was introduced into the backbone network
to enhance the model's attention to the characteristics of pavement diseases. The BiFPN network was constructed in the neck,
which realizes the cross-layer exchange and integration of information and retains more high-level semantic information. A small
target detection layer P2 was added to the detection head to improve the detection ability of the model for small road diseases.
The experimental results on data sets show that the precision and recall of the model are improved by 6.1% and 4.4% respectively,
and the mAP is improved by 5.7%, which effectively improves the performance of the detection model.
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1. Introduction

Pavement diseases are the result of many factors. Long-
term road load, sun exposure and snow immersion have led to
frequent road diseases. The increasingly number of pavement
diseases has greatly reduced the service life of asphalt
pavement, increased the pressure of road maintenance, and
had a negative impact on road traffic. Thus, timely and
effective detection and identification of road diseases can
eliminate these potential safety hazards as soon as possible
and prolong the service life of pavement, which is very
important for road maintenance and management.

At the early stage, pavement diseases detection was mainly
based on manual detection, which was time-consuming and
laborious, and the detection efficiency was low, so it could not
meet the large-scale road detection task. With the rapid
development of computer software and hardware, the
automatic detection methods of pavement diseases have been
enriched. The methods of disease detection based on digital
images can be summarized as: threshold segmentation
method[2-3], edge detection method[4-5] and region growth
method[6-7], but these methods have low accuracy and recall
rate and complicated steps. The detection method based on
neural network has two-stage algorithm [8] and one-stage
algorithm[9]. In reference [10], the faster RCNN model was
used to detect pavement diseases, and the regional expert
network was introduced to improve the network performance.
The two-stage algorithm has high accuracy, but the detection
speed is slow. Reference [11] used YOLOv3 model to identify
pavement cracks. This model can meet the real-time
requirements with high accuracy, but there has a problem of
missing detection. Yu Lu[12] introduced SENet attention and
ASPP module on the basis of YOLOvS5 model, which
effectively improved the accuracy of pavement diseases
detection model. YOLOvVS model can balance precision and
speed well, and it is a mature detection model with good
performance at present. However, the ability to extract the
characteristics of small road diseases under complex
background needs to be improved, and it is necessary to
further analyze the characteristics of pavement diseases and
put forward targeted improvement measures.
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Therefore, based of YOLOvV5s model, this paper introduced
CBAM attention mechanism to enhance the feature extraction
ability of the model, used BiFPN structure to realize cross-
layer fusion of characteristic information, and added a small
target detection layer to detect small target road diseases,
enhancing the application ability of the model in complex
background.

2. YOLOVSs Model

Unlike other target detection objects, pavement diseases
have their own characteristics. Firstly, the background of
pavement diseases images in the actual scene is complex and
noisy, which usually contains interference information such
as pedestrians, vehicles, lane lines, road garbage, etc.
Moreover, due to factors such as light intensity and weather,
road images often appear problems such as exposure and
blurring, which greatly affects the quality of acquired images.
Second, the types of pavement diseases are complex and
diverse, the area gap of pavement diseases is large, and the
proportion of road diseases in the image is uneven, which
makes the width-height ratio of the anchor frame different
from other data sets, so it is necessary to retrain the anchor
frame according to the road datasets; In the end, the existing
open source datasets of pavement diseases contains limited
types of pavement diseases, and the labeling of pavement
diseases is not ideal, and there are some problems such as
labeling errors, omissions and the position deviation of
labeling boxes. As a result, although YOLOvSs model has
been widely used in pavement diseases detection, there are
still some problems, such as false detection, missed detection
and low accuracy of small target detection. Therefore, the
road disease detection model in actual scenes needs further
adjustment and improvement.

2.1. YOLOVSs Model

YOLOVS is a representative model of one-stage detection
algorithm, which is widely used in various fields and has good
detection performance. YOLOVS has four different versions,
namely YOLOvS5s, YOLOv5m, YOLOVS5I and Yolov5x. The
difference between these four versions is that the depth and
width of the network increase in turn. As shown in Figure 1,



YOLOvS5s model is the lightest network in YOLOvV5 model,
which includes four parts: input, backbone, neck and
prediction head. At the input, the image data was adaptively
scaled to a uniform size: 608*608, and the mosaic data
enhancement was used to expand the datasets. Backbone
network was responsible for feature extraction of image data
to obtain high-level semantic and shallow features of image
data; The neck network realizes the exchange and fusion of
different levels of characteristic information through up-
sampling; The prediction head includes three prediction
layers for feature map prediction.
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Fig 1. YOLOVS5s Network Structure

2.2. Small Target Detection Layer

In the original YOLOVSs model, the detector includes three
detection layers: P3, P4 and P5, which detect small, medium
and large targets by 8, 16 and 32 times down sampling
respectively, and the detection effect of large targets is better
than that of small targets. In the datasets of this paper, there
are not only large cracks and net cracks, but also small pits
and cracks that are difficult to detect. There is a big difference
in the proportion of road diseases, and the original three
detection layers can not meet the detection requirements,
which leads to the problem of missed detection of small target
diseases in the detection process. In this paper, on the basis of
the original three detection layers, the P2 detection layer with
the scale of 152*152 is added, which mainly detects small
pavement diseases. Detection layer P2 has a smaller receptive
field, which can retain more position information and contour
features of small targets. It can significantly improve the
network's ability to detect small target diseases and
effectively solve the negative impact of target scale
differences on the model.

In addition, the anchor frame mechanism of the original
YOLOvV5s model was trained based on COCO data set, which
has different detection target area with the pavement diseases
detection in this study, which is not suitable for the actual
needs of pavement diseases detection in this study. Therefore,
it is necessary to design the target anchor frame size by re-
clustering. On the data set constructed in this paper, the K-
means++ method was used to recombine the classes, and the
anchor frame size that can better match the pavement diseases
target is obtained.

2.3. CBAM Attention Mechanism

The attention mechanism is an imitation of human visual
system, which can focus on pavement diseases information in
the process of feature extraction and improve the feature
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extraction ability of the model. On the road disease datasets,
the background is complex and the colors are diverse, and the
image data containing a lot of unimportant semantic
information accounts for a large proportion, which increases
the difficulty of feature extraction of the detection model. The
attention mechanism can help the model pay more attention
to useful information in the training process and ignore the
influence of redundant background information to some
extent.

CBAM (Convolutional Block Attention Module)[14] is a
widely used convolution attention module, which is plug and
play, simple and efficient, different from channel attention
mechanism or spatial attention mechanism. CBAM module
realizes the fusion of cross-channel features and spatial
information by convolution operation. As shown in Fig.2, the
input feature map F(H*W*C) is subjected to global maximum
pooling and global average pooling operations, respectively,
to obtain one-dimensional channel features (1*1*C), and the
feature maps of these two branches are respectively connected
to the two-layer shared neural network (MLP) for training,
and then the obtained output results are added by elements.
Finally, the channel attention diagram Mc can be obtained
through Sigmoid activation function:

Mc(F) = a(MLP(AvgPool(F)) + MLP(MaxPool(F)))

(1

The spatial attention module (SAM) compresses the input
features into one dimension by maximum pooling and
average pooling, and obtains two feature maps (H*W*1), then
obtains the single-channel features by concat and convolution
operations, and finally obtains the spatial attention map Ms
by Sigmoid activation function:

Ms(F) = a(f7*7 ([AvgPool(F); MaxPool(F)])) 2)

Multiply and weight the channel attention diagram Mc and
the spatial attention diagram Ms to get the final feature map.
By adding CBAM module, the flow of feature information is
promoted, the ability of model feature extraction is enhanced,
and the detection performance and accuracy of the network
are improved.

Channel Attention Module (CAM) Spatial Attention Module (SAM)
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Fig 2. CBAM Attention Mechanism Module

2.4. BiFPN Cross-scale Feature Fusion

YOLOVSs model uses FPN-PAN structure to fuse features.
FPN uses up-sampling to construct a one-way path, which
fuses high-level semantics and low-level features. However,
shallow features are seriously lost after many up-sampling
operations, which directly affects the prediction effect of the
detection head. As shown in Fig.3, PAN module adds a
bottom-up path to FPN, constructs a bidirectional fusion path,
and realizes the fusion of different levels of features, but
frequent up-sampling and down-sampling operations also
increase the parameters and calculation of the model.
Therefore, this paper uses the BiFPN structure as the neck
network, and BiFPN[15] keeps the bidirectional feature
fusion path in PANet, and makes the following improvements:
deleting a single input node, and the node with only one input



edge contains the same information as the previous node,
which is a structural redundancy, and the calculation amount
is simplified through this improvement; Jumping connection
is added between the input and output nodes at the same level,
and the input node is directly connected to the output node
without up-sampling, thus retaining more original
information; Weighted fusion of different levels of
information is carried out, and the two paths are integrated
into a whole, which enhances information fusion.

In summary, BiFPN structure simplifies the neck network,
improves the cross-layer information exchange and fusion
between different levels of feature maps, improves the
information loss caused by up-sampling, and improves the
detection performance of the model. By improving the neck
network, the cross-layer integration of information is
strengthened, and the attention of the network to small targets
is enhanced.
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Fig 4. Improved YOLOvVSs Model

As shown in Fig.4, the network structure improved by the
above measures. To solve the problems of complex road
image detection background, great difference in the
proportion of road diseases, and difficulty in detecting small
target pavement diseases in actual scenes, YOLOv5s-CBP
proposed targeted improvement measures: adding CBAM
attention mechanism to the backbone network, which
enhanced the model's attention to the data image channel and
spatial dimension characteristics, and then ignored the
background semantic information; The cross-layer fusion of
feature information in the neck network adopts BiFPN
structure, which solves the problem of high-level semantic
feature loss caused by up-sampling. A small target detection
layer with smaller receptive field was added to the prediction
head, which is responsible for detecting tiny cracks and pits
in road images, thus improving the detection ability of the
model for small target road diseases. Besides, the K-means++
clustering method was used to redesign the anchor frames,
and 12 anchor frames which are more suitable for this data set
are obtained. Meanwhile, in order to offset the overhead
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caused by increasing the small target detection layer, the deep
separable convolution product is used in the backbone
network instead of the ordinary convolution, which reduces
the calculation amount and parameters of the model.

3. Experimental Results and Analysis

3.1. Introduction of Datasets

In this study, the datasets consist of three parts, including
two public datasets and local datasets. There are two public
datasets, namely, the global open innovation application
competition data set and the RDD2022- China data set. The
training set of innovative application competition data set
contains 6000 road images, and 8 kinds of road diseases are
marked. RDD2022- China data set contains 4,378 training
pictures, and four kinds of road diseases are marked. The local
data set includes 2000 pictures. Comparing the two public
data sets, it is found that the image of the innovation
application contest data set contains more complex
background information such as pedestrians and vehicles, and
it is noisy, with poor labeling quality, and there are problems
of wrong labeling and missing labeling. The shooting angles
of RDD2022- China data set are quite different, and there are
few kinds of pavement diseases marked.

Therefore, in order to further improve the quality of
datasets, the public datasets are marked twice. Firstly, the
initial road disease datasets containing 12,378 pictures was
obtained by integrating the data of three data sets, and the
disease was marked with Labelimg software, which mainly
marked five common road diseases, namely Crack, Net crack,
Pothole, Patch-crack and Patch-net. Then, the data set is
expanded by data enhancement method, and the road disease
images under different lighting conditions are simulated by
randomly adjusting the brightness of the images. By
simulating rainy and foggy days, the weather data that may be
encountered in real scenes are supplemented. The effects of
different data enhancement techniques are shown in Figure 5.
The expanded data set includes 49,512 road data. Finally,
according to the ratio of 8: 2, the training set includes 39,610
image data and the verification set includes 9,902 image data.

a) original picture

¢) simulated foggy days d) simulated rainy day
Fig 5. Data Enhancement Method
3.2. Experimental Environment

In this paper, Python3.7 version 3.7 is selected as the
development language, and PyTorch, a deep learning



framework, is used to build a neural network. The experiment
is conducted on Windows10 operating system, with Intel(R)
Core (TM)i7-13700H as the CPU version and NVIDIA
GeForce RTX3050 as the GPU version. The initial parameters
of the experiment are shown in Table 1.

Table 1. Parameter Configuration

hy];:g) e;:g:::rl Parameter setting
Input picture 608*608*3
Number of categories five
Batch size eight
Training times 100
Learning rate 0.01
optimizer Adam

3.3. Evaluation Indicators

In order to verify the performance of the improved
detection model, accuracy (Pr), recall (Re) and average
accuracy (mAP) are used as evaluation indexes. Accuracy is
the ratio of the number of correctly detected diseases to the
number of positive samples judged by the model, recall is the
ratio of correctly identified samples to the number of positive
samples, and mAP is a comprehensive index to evaluate the

overall performance of the detection model, which can
measure the average accuracy of detection of all disease
categories in the model.
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Among them, TP represents the number of positive samples
correctly identified by the model, FN represents the number
of negative samples wrongly detected by the model, and FP is
the number of positive samples wrongly detected by the
model.

3.4. Ablation Experiment

The influence of the improved method on the model
detection performance is verified by ablation experiments.
Based on YOLOVS5s network, model YOLOVS5s-p is obtained
by adding small target detection layer, model YOLOvSs-c is
obtained by adding CBAM attention mechanism, and model
YOLOv5s-b is obtained by adding BiFPN module. The
experimental results are shown in Table 2.

Table 2. Results of ablation experiment

P2
model detection CBAM BiFPN Pr Re mAP@0.5
layer
YOLOVS5s x x x 82.1% 76.3% 79.8%
YOLOVS5s-p \ x x 82.1%(+2.1%) 76.3%(+5.2%) 79.8%(+1.5%)
YOLOV5s-¢ x \ x 82.1%(+3.5%) 76.3%(+2.8%) 79.8%(+2.2%)
YOLOV5s-b x x 82.1%(+2.9%) 76.3%(+1.6%) 79.8%(+1.7%)
Yo(%g; > \ \ \ 82.1%(+6.1%) 76.3%(+4.4%) 79.8%(+5.7%)

The results of ablation experiments show that the accuracy
and recall of the original model are improved by 3.5% and
2.8% respectively by adding CBAM attention mechanism to
the model detector, which shows that the introduction of
CBAM attention mechanism pays more attention to pavement
diseases information, effectively improves the feature
extraction ability of the model and further improves the
performance of the model.

Using BiFPN instead of PANet in the neck network
improves the accuracy and recall of the original model to 85%
and 77.9%, which shows that BiFPN, as a feature fusion
network, can better realize cross-layer communication and
weighted fusion of feature information and effectively solve
the problem of losing high-level semantic information.

After adding P2 detection layer to the network prediction
head, the accuracy and recall of the model increased by 2.1
and 5.2 percentage points respectively, which is a targeted
improvement measure. The newly added small target
detection layer has a smaller receptive field and is responsible
for detecting small target pavement diseases, which improves
the detection efficiency and recall of small targets such as
small cracks and pits. It can be seen that the three model
improvement approaches proposed according to the
characteristics of pavement diseases are effective.
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3.5. Comparative Experiment

In order to verify the detection performance of the
improved model, the YOLOv5s-CBP model is compared with
the mainstream target detection algorithms Faster R-CNN,
YOLOV3, YOLOvV4 and YOLOVSs, and the comparison test
results are shown in Table 3.

Table 3. Performance comparison with other detection models

model Pr Re mAP@0.5
Faster RCNN 79.3% 73.1% 75.4%
YOLOvV3 76.1% 72.3% 74.7%
YOLOv4 79.5% 74.0% 76.5%
YOLOv5s 82.1% 76.3% 79.8%
YOLOv5s-CBP 88.2% 80.7% 85.5%

As can be seen from Table 3, the improved YOLOv5s-CBP
model has the highest detection accuracy (88.2%) and recall
rate (80.7%). Compared with the original YOLOvVSs, the
accuracy has increased by 6.1 percentage points, and the
recall rate has increased by 4.4%. The overall performance is
superior to other models, which shows that the improved
model method used in this paper is a practical and effective
measure to improve the model performance. The detection



results of each model are shown in Figure 6. After careful
observation, it can be found that there is little difference in the
recall rate among the models except YOLOv3 model, and
they all have high recall rate, but the confidence of the
improved v5 model is as high as 94%, which can realize the
accurate detection of the disease. For minor diseases
(potholes), both v3 and v4 versions can't identify them, but
the improved YOLOVSs model can accurately identify them,

Faster
RCNN

YOLOv3

YOLOv4

YOLOv3s

YOLOvSs-
CBP

which shows that the improved measures can strengthen the
model's attention to minor road diseases and optimize the
model's ability to detect small targets. Judging from the
detection effect, YOLOvS5s-CBP model not only can
accurately identify road diseases, but also has high confidence
and better small target detection ability, which can better cope
with complex background problems in actual scenes.

Fig 6. Comparison of test results

4. Conclusion

In order to improve the detection ability of the road disease
detection model in the actual scene, this paper obtains a neural
network model with higher detection accuracy from two
aspects: data set construction and model improvement.
Through the analysis of the characteristics of road diseases,
the open source road disease data set is sorted out and marked
twice, and the local road image data is obtained by field
shooting. At the same time, the data set is expanded by data
enhancement method to obtain high-quality road disease data
set. Based on YOLOVSs model, small target detection layer
P2 is added to detect smaller road diseases, which effectively
improves the small target detection performance of the model.
Add CBAM attention to the backbone network, optimize
feature extraction, focus on important feature information,
suppress unimportant features, and promote information flow
in both channel and space dimensions; The BiFPN
bidirectional connection feature fusion network is constructed
in the neck network, which simplifies the bidirectional fusion
path, adds jumping connection, retains the semantic features
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of higher layers, and effectively prevents information loss
caused by up-sampling. Compared with other algorithms,
YOLO-PCB model can better detect small target road
diseases in complex background and has stronger practical
application ability. At the same time, the actual detection
results also show that for some uncommon diseases, such as
potholes, the detection effect of the model needs to be further
improved. The next step will mainly focus on optimizing the
data set construction, increasing the number of uncommon
road diseases through measures such as GAN, ensuring that
the number of various road diseases in the data set is basically
the same, reducing the difference of road disease categories,
and further improving the detection performance of the model
in practical application.
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