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Abstract: Railway tracks are the basic infrastructure that ensures the operation of trains. As the operating mileage continues to increase, irre-
versible damage may occur on the surface of the tracks, which can increase the risk of train operation in severe cases. For this purpose, an im-
proved YOLOvI1n railway track surface damage detection algorithm was designed. Firstly, using the Imageio library to increase snow and fog
rendering data can improve the model’s generalization ability and training efficiency; Secondly, integrating lightweight dynamic convolution
into the backbone network significantly enhances the feature extraction capability of rail damage ; Once again, establish the SCSA mechanism
to achieve the fusion of backbone features, fully utilize the multi-level semantic information in the model, and optimize the performance of
model detection tasks; Finally, utilizing the fine—grained deep structure in the ADown downsampling module improves the capture efficiency
of spatial features and reduces additional computational burden. Experiments on the rail damage dataset show that the mAP50 of the DSA-YO-
LO algorithm reaches 98.1%, and the parameter count is reduced to 2.29 X 10 ®, which is superior to the comparative algorithms. The general-
ization experiment on the public steel dataset showed that the DSA-YOLO algorithm improved the mAP50 index by 5% compared to the com-
parison model, proving that the proposed model has strong generalization on different datasets.
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Shared Multi-Semantic Spatial Attention(SMSA)
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Table 3 Comparative experiment

®3 MEIE

Model Parameters/M Precision/% Recall/% mAP50/% FPS/Frames/s GFLOPs
Faster R—CNN!'¢/ 136.70 50.6 61.7 51.44 42.65 200.8
Sspt'7d 11.90 53.2 44.8 52.38 37.90 29.6
YOLOv5s 2.18 98.7 93.4 96.50 198.66 5.8
YOLOv8n 3.01 96.9 92.9 95.50 133.10 8.1
YOLOvO 61.10 97.9 93.5 96.40 115.68 9.6
YOLOv10n 2.70 93.0 89.1 95.00 145.78 8.2
YOLOvl1n 2.58 95.9 925 95.80 143.64 6.3
EfficientNet!'® 8.00 52.6 483 51.40 18.60 103
RT-DETR!™’ 19.80 98.2 94.6 97.10 77.20 56.9
CE-YOLO'® 2.18 98.7 93.4 96.50 143.35 5.8
DSA-YOLO 2.29 98.7 94.4 98.10 169.33 5.1
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Table 4 Comparison of detection results on the steel dataset
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Model Parameters/M  Precision/% Recall/% mAP50/%
95/%
YOLOvlln 2.58 71.3 98.5 81.6 61.9
DSA-YOLO 2.29 78.1 92.6 86.6 68.1
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Fig. 11 Comparison of generalization performance
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