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Improved track damage detection method for YOLOvV5S

LIU Jing', QI Wenzhe', LU Defang"*, LI Shanshan’

(1 School of Mechanical Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China;
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Abstract; Aiming at the problems of low detection efficiency and substandard positioning accuracy using traditional detection
methods in rail surface defect detection, a rail surface damage detection algorithm based on YOLOVS is proposed. In addition to
adding CA module to the backbone module to improve the detection accuracy, the CA module is also added to the Neck part to
allocate greater weight to the target information, which has a certain effect on the correction of the detection results. In the regression
part of the bounding box, the SloU loss function is used instead of the GloU loss function as the boundary regression function to
further improve the positioning accuracy of the bounding box. The results show that the average accuracy (mAP) of the algorithm for
identifying the five defects reaches 94.8% , and the FPS of the detection model is 33 frames/s. The model occupies 37.8 MB in the
memory, which is significantly improved in terms of detection accuracy, detection speed and memory occupation compared with
other detection methods, which provides a new detection idea for rail surface defect detection methods.
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Fig. 2 Schematic diagram of CA attention mechanism module

Fig. 1 YOLOvV5m network model
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Fig. 3 The overall structure of the YOLOv5Sm network model embedded in the CA module
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Fig. 8 Comparison of training results of different models
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Fig. 9 Comparison of test results
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