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Improved bearing surface defect detection method based on YOLOVS

YU Mingyuan, ZHOU Jingliang, ZENG Shaofeng, YI Simin
(School of Mechanical and Automotive Engineering, Fujian University of Technology, Fuzhou 350118, China)

Abstract: Aiming at the problems of high missing rate and high model complexity of deep learning model in
the process of bearing surface defect detection, an improved defect detection algorithm based on YOLOvS was
proposed. Firstly, the GSConv lightweight convolutional module is introduced into the backbone network, and
the GSConv module is used to replace the ordinary convolutional module, which reduces the calculation
amount of the model without affecting the accuracy of the model. Secondly, CBAM convolutional attention
module is introduced to improve the detection accuracy by improving the network feature extraction technology.
Experimental results show that the accuracy of the improved model on the self-built bearing surface defect de-
tection dataset is 92.6% , which is 3.8% higher than that of the original model (88.8% ). While the accuracy
is improved, the computational cost is also reduced from 8. 2GFLOPs to 8.0 GFLOPs, which proves the effec-
tiveness of the improved model for the detection of bearing defects.
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Fig.1 Improvement structure of YOLOVS8 network
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Fig.2 GSConv convolution module
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Fig.4 Channel attention module
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after improvement
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Tab.1 Ablation comparison experiments

e R A
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YOLOvS (J£4k) 88.8 8.2 300
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YOLOv8+CBAM 92.0 8.1 300
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Tab.2 Accuracy comparison of different models
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Fig.11 Recognition effect of original model
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