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Part defect segmentation and annotation based on improved U-Net

JIN Wenqian, ZHU Yuanyuan , WANG Xiaomei
(College of Information, Mechanical and Electrical Engineering, Shanghai Normal University, Shanghai 201418, China)

Abstract: A model based on U-Net network and a series of improvements to it according to the characteristics of part defects
were proposed to improve the segmentation accuracy of part defects. Firstly, the improved residual network Res2Net was used in
the coding stage of U-Net network structure to improve the feature extraction ability during this stage. Secondly, the hole
convolution was added in the middle of the network encoder and decoder, and the receptive field was increased without changing
the size of the characteristic image, so as to reduce the false detection rate and omission detection rate. Finally, in the output
stage of U-Net, Mini U-Net was combined with to patch the original output results, so as to improve the detection accuracy of
small defects. The experimental results showed that the F1-Score of MVtec dataset segmentation reached 87.21% and the time

was 0.017 s, with which outstanding detection effect could be achieved.
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