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Surface Damage Detection Method for Retired Shaft Parts
Based on Improved YOLOVS
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(State Key Laboratory of High-Performance Precision Manufacturing, Dalian University of Technology, Dalian
116024, China. Corresponding author: LIU Wei-wei, E-mail: liuww@dlut.edu.cn)

Abstract: Aiming at the existing problems of low efficiency and poor consistency in the damage
detection of retired shaft parts by traditional detection methods, an improved YOLOvS5-based
surface damage detection method for retired shaft parts is proposed. Firstly, the attention
mechanism is embedded into the detection algorithm to enhance the feature representation of
damage in the image. Then the network structure of the detection model is improved by using the
repeated weighted bidirectional feature fusion method to effectively enhance the network feature
extraction capability. Finally, Ghostconv convolution module is used instead of normal
convolution, which drastically reduces the number of model parameters. The experimental
results show that the accuracy of the modified algorithm model has improved by 6. 9% compared
to the original YOLOVS, reaching 88. 4%, while the number of model parameters has reduced by
6. 1%, ensuring the detection speed is on par with YOLOvS. Compared with such mainstream
detection methods as YOLOv3, SSD and Faster—-RCNN, its detection accuracy has a significant
advantage while ensuring a higher detection speed.

Key words: YOLOVS; surface damage detection; attention mechanism; multiplex feature fusion;
Ghostconv
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(a)—FPN+PANet; (b)—BiFPN.
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Table 1 Ablation experiments of YOLOv5
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Improved 4 N N 0. 875 0.96 86.0 6665946 0.83 30
Improved 5 N N 0. 873 0.98  83.4 6679601 0.84 33
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Table 2 Comparison of the attention mechanism module performance

7S SE CBAM CA K BEE mAP/Y% SR F1 AG 0 /(T - s71)
Model 1 J 0. 884 0.97 85.9 6 671377 0. 84 32
Model 2 J 0.907 0.95 86. 8 6 671 475 0. 85 33
AR3L J 0.873 0.98 88. 4 6 679 601 0. 84 33
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Fig. 10 P-R curves of three detection methods
(a)—Model 1; (b)—Model 2; (¢)—4A .
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Table 3 Performance comparison of different models
AP/%
ik /(T s mAP/% -
s " g I e i
YOLOvV3 29 69.7 83.3 69.9 64.6 51.4
SSD 18 76.2 76.2 93.4 73.1 62. 4
Faster—-RCNN <10 64.6 77.6 67.3 59.3 54.5
Faster—RCNN(FPN) <10 80.3 87.4 85.5 83.9 64. 4
YOLOVS 32 80.0 90.5 97.0 81.3 51.1

Improved YOLOVS5 33 88.4 98.4 90.3 87.3 77.7
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