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Surface Defect Segmentation of Electronic Commutator
Based on Improved U-Net

HUANG Zitong, LIU Yaomeng, LI Rui
(College of Artificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: The surface defects of the electronic commutator are diverse in shape, with small differences between defects and
backgrounds, and there are also such problems as surface impurities interfering with the detection results, which makes it
difficult to finely segment commutator defects. To solve these problems, an improved U-Net defect segmentation method
based on multi-scale fusion and residual separation convolution is proposed in this article. In the improved method, different
scales of images are input into the coding module, which makes it convenient for the network model to extract defect feature
information at multiple scales, and the residual separable convolution module is constructed to increase the receptive field
while retaining detailed features. The output images of multiple scales are enlarged to the same scale and fused, thus realizing
the complementary of feature information semantics and position, so as to improve the segmentation accuracy of the net-
work. Experimental results on the published KolektorSDD dataset showed that the similarity coefficient and precision of the
proposed method reached 97.3% and 97.8% , respectively, and the defect detection effect was better than that of classic seg-
mentation networks such as SegNet and FCN-8S, and could identify small defects more accurately.

Key words: electronic commutator; defect detection; multiscale fusion; residual separable convolution; U-Net
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