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Road Surface Pothole Detection Based on Improved YOLOVS

ZHU Chengjie, CAI Zizheng, ZHU Hongbo

School of Electrical and Information Engineering, Anhui University of Science and Technology, Huainan 232001, Anhui,
China

Abstract: Objective To address the issues of large model parameters, poor real-time detection performance, and low
detection accuracy due to complex road environments in existing road surface pothole detection models, an improved
YOLOvS8-based road surface pothole detection algorithm is proposed. Methods First, the neck network was replaced with
a bi-directional feature pyramid network (BiFPN) to achieve multi-scale feature fusion. Second, to enhance the inference
speed of the model, a diverse branch block (DBB) was used to replace the convolutional layers in the C2f module, and a
reparameterization module, C2f-DBB, was introduced to substitute part of the C2f modules. Then, a channel prior
convolutional attention (CPCA) mechanism was introduced at the end of the backbone network to retain channel priors
while effectively extracting spatial relationships, thereby strengthening feature extraction capabilities. Finally, the
boundary box regression loss function MPD intersection over union (MPDIoU) was used instead of the original model’ s
complete intersection over union (CloU), further improving the accuracy of the algorithm. Results Experimental results
showed that the improved algorithm increased the average precision by 3. 1% compared to the original network, with the
model parameters being only 5.9 M and the computation being 7.3 G, representing reductions of 6.3% and 9. 8%,

respectively. The frame rate reached 53.4 frames per second. Conclusion The experimental results indicate that the
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improved model significantly enhances accuracy compared to current mainstream models while meeting real-time

requirements, providing valuable reference for practical applications.

Keywords: pothole detection; YOLOv8; reparameterization; attention mechanism
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Table 1 Comparative experiments of attention mechanisms

Recall mAP@OQ.5 Params FLOPs
Models Precision
/% /% /M /G
YOLOv8 78.9 78.8 84.8 2.87 8.1

YOLOv8+CBAM  85.5 74.5 85.4 2.93 8.1
YOLOv8+GAM 83.3 79.3 86.5 4.43 9.4
YOLOv8+SimAM  86.1 76.6 85.3 2.87 8.1
YOLOv8+CPCA  93.8 73.4 86.5 2.9 8.3
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Table 2 Ablation experiments

mAP@0.5 Params FLOPs

Index Bifpn C2{-DBB CPCA MPDIoU
/% /M /G

Expl 8.8 287 8.1
Exp2 v 8.4 190 7.1
Exp3 v 8.7  2.87 8.1
Expd v 8.5 2.9 83
Exp5 v v 8.9 19 7.1
Exp6 v v v 8.0 202 7.3
Exp7 v v v v 8.9 202 7.3
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IR o
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Table 3 Comparison experiments of differents algorithms

Vodels Precision Recall mAP@0Q.5 Params FLOPs
/% /% /% /M /G

Faster R-CNN  54.7 78.6 75.8 28.31 108.2
YOLOv3 85.5 79.6 85.4 58.65 1545
YOLOv3-tiny  69.9 69.1 71.7 8.27 12.9
YOLOvS5 8.1 71.7 82.4 6.69 15.8
YOLOv5n 75.0 73.7 77.1 1. 68 4.1
YOLOv7 79.2 78.0 83.2 3479  103.2
YOLOv7-tiny  78.5 75.8 81.8 5.73 13
YOLOv8 78.9 78.8 84.8 2.87 8.1
BFDS-YOLO 8.1 72.6 85.4 4.80 6.9
Ours 8.1 73.9 87.9 2.02 7.3
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