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Abstract: [Objective] Aiming at the problem of poor real-time performance and low precision of traditional
pavement crack detection. [ Method ] This paper uses the advantages of deep learning network in target detection,
and proposes an improved YOLOVS algorithm, which is called YOLOvS5s-attention in this paper, to realize the
automatic detection and recognition of pavement cracks. Firstly, the collected crack images are manually labeled
with Labellmg annotation software, and then the network model parameters were obtained by improving the YO-
LOvS5 network training. Finally, the model is used to verify and predict the cracks. In addition, £ and mAP are used
to compare the performance of the original YOLOvVS5s and YOLOvS5s-attention models in detecting and identifying
pavement cracks. [Result] The comparison between YOLOvSs and YOLOvS5s-attention showed that the precision
of YOLOVSs attention increased by 1.0%, F, increased by 0.9%, and mAP increased by 1.8%. [ Conclusion] It can
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be seen that the network has certain practical significance in realizing the automatic recognition of road cracks.
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(a) YOLOVS5s network
prediction results
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(d) YOLOVS5s network prediction results
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(f) YOLOv5s-attention network prediction result

(b) YOLOvV5s-C3CBAM-
SimSPPF network prediction

(g) Original image of cracks

JHoneyCrack 0.53

(c) YOLOvS5s-attention network
prediction results
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(e) YOLOv5s-C3CBAM-SimSPPF
network prediction results
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Fig. 8 Crack prediction results
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