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Research on damage detection of railway crossing based on improved YOLOv5S
YU Chenghai, TAN Yong, YE Zezhi, LU Zhilong

(School of Computer Science and Technology(School of Artificial Intelligence) , Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract; Surface defects on rail frogs such as cracks and spalling pose a serious threat to railway transportation safety. Although
existing deep learning models are effective in detecting rail surface damage, their performance on the more complex structure of frog
damage detection is poor. To address this problem, this paper constructs a rail frog damage dataset containing different weather
environments, and proposes a new YOLOv5—-CDC network model based on YOLOv5. The model introduces channel attention
mechanisms in the backbone network to improve the model ‘s localization ability for frog defects. An improved dense connection
structure is adopted in the Neck module to enhance the fusion of features from different abstraction levels. In addition, channel-
spatial attention modules are added between the Neck and detection head to reduce the adverse effects of complex lighting on
detection performance. The experimental results show that the improved model proposed in this paper achieves an average precision
improvement of 3. 4% over the original YOLOvVS model on rail frog damage detection. It is validated that the proposed method can
effectively improve the detection performance on rail frog defects and holds certain practical value.
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Fig. 1 Part of the data set
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Table 1 The experimental hyperparameters

ZH fH
Batch_size 16
ToU B 0.5

s SGD
initial learning rate 0.01

Epoch 200

RSN 640x640
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Table 2 Attention mechanism improvement experiment

%) £ P/ % R/ % mAP@0.5/% FI1
YOLOv5 73.1 59.1 65.6 65. 4
YOLOv5-CBAM 82.5 57.5 67.8 67.8
YOLOv5-ECA 81.1 59.5 67.4 68.6
YOLOV5S-NAM 78.0 57.2 65. 4 66.0
YOLOv5-Triplet 83.0 59.1 66. 1 69.0
YOLOv5-CA(ours)  81.6 59.9 68.3 69.1
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Table 3 Ablation experiment
GES CA Dense_A CBAM P/ % R/'%  mAP @50/% F1

YOLOvS - - - 73.1 59.1 65.6 65.4
YOLOV5-CA v - - 81.6 59.9 68.3 69. 1
YOLOv5-Dense - VvV - 79.1 59.1 67.5 67.6
YOLOv5-CBAM - - VvV 79.3 62. 1 66.5 69.7
YOLOv5-CDC vV % v 81.8 62.2 69.0 70.7
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Table 4 Comparison experiment %
o 2% P R mAP@ 50
SSD 300 69.4 54.3 55.4
Faster R—CNN 70.9 58.6 64.6
YOLOv8 74.9 60. 4 65.9
YOLOv5 73.1 59.1 65.6
YOLOv5-CDC (ours) 81.8 62.2 69.0
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