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Defect detection of FPC surface welding spot defects of miniature
flat motor based on Faster R-CNN

Yu Yan' Qi Jiyang®
(1. School of Mechanical Engineering, Jiangsu College of Safety Technology, Xuzhou 221011, China;
2. School of Mcchanical Engincering, Jiangsu University of Scicnee and Technology, Zhenjlang 212100, China)

Abstract: At present, micro flat motor manufacturers still use manual observation of motor FPC surface welding
quality for classification, its detection accuracy is low, slow speed. To solve this problem, a defect classification
detection method based on improved Faster R-CNN was proposed. Firstly, the last two layers of VGG16 are fused by
multi-scale feature fusion network to replace the input feature graph of the regional proposal network in the original
Faster R-CNN. Then, the accuracy, recall rate and scorc ol the network arc compared [rom three multi-scale [cature
[usion algorithms with dillercnt depths. The experimental results show that the average accuracy ol delect classification
dctection of the improved two-layer multi-scale [usion [caturc map is 91.89%, 7.72% higher than that ol the
traditional model. Comparcd with the other two modecls, the improved model has the highest classiflication detection
accuracy and precision.
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