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Abstract

Aiming at the problems of limited data samples, no public data set, the network model is large,
and low recognition accuracy in magnetic particle detection of crack defects of bullet train parts,
this paper establishes a data set and proposes an improved YOLOv5s target detection algorithm.
Firstly, for the problem of small data samples, in order to improve the generalization of the model
and the characteristics of fluorescent magnetic powder images, HSV (Hue, Saturation, Value) ran-
domly enhanced images were used to Augment the small sample data set. Then, the backbone net-
work CSPDarknet-53 of the backbone layer in YOLOv5s is replaced with lightweight ShuffleNet-v2 to
reduce model size. Secondly, the A2-Nets attention module is added on this basis and used in com-
bination with Focal Loss function. To ensure that the network pays more attention to small cracks
and improve the precision of crack detection tasks. With the help of fluorescent magnetic particle
technology, the crack display of bullet train parts is enhanced, which is helpful for the algorithm to
identify the crack better. The experimental results show that the improved YOLOv5s target detec-
tion algorithm proposed in this paper can improve the detection accuracy and has strong rationality.
The detection accuracy of mAP_0.5 is increased from 86.00% to 93.74% on the fluorescent magnetic
particle data set of the crack of the motor vehicle. This paper provides reference for the application
of YOLOvV5s target detection algorithm in fluorescent magnetic particle detection projects.
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Figure 1. Fluorescent magnetic powder crack data acquisition equipment
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Figure 2. Some parts of the bullet train magnetic particle detection picture
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Figure 3. HSV effect contrast picture
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Figure 4. Network model structure diagram
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Table 1. Performance comparison of augmented datasets
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Ours_YOLOV5s 94.58 92.49 93.74 13.16
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