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Machine vision-based component defect detection
QI Jinlong, ZHANG Junfeng, DAI Xianping, ZHANG Jinsong, HU Zhi
( School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] In the actual production process of automobile parts, polishing, polishing and other uncertain factors will leave defects
on the surface of the parts, which will seriously affect the assembly and manufacturing of vehicles, and there are huge safety risks,
so the defect detection of vehicle parts is very important. Part defect detection has developed from traditional manual classification to
machine vision based method. In this paper, the VGG16 network model is improved based on convolutional neural network to
improve the detection accuracy of the model for automobile parts defects. Firstly, the full connection layer of the network model is
improved. Secondly, AMF-Softmax loss function is introduced into the model, which solves the problem of data imbalance while
achieving better clustering effect. Finally, the paper realizes the identification and location of parts defects. Compared with the
traditional model, the test accuracy of the improved VGG16 network structure model can reach 97.59%, which has advantages in
parts defect detection.
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Tab. 1 Comparison of accuracy rates under different models %
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