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Research on semantic segmentation
network based on surface defect detection for rivets
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[ Abstract] Based on the basic network structure of U-net++ and the characteristics of rivet surface defect detection, this paper
designs a semantic segmentation network model. First, fuzzy label processing is performed on the labeled data set, which enhances
the network’s ability to learn about defects, and effectively solves the problem of difficulty in determining the boundary of rivet
defects. Then, considering the characteristics of the rivet semantic level, the original network structure is pruned to reduce the
number of downsampling to meet the real —time requirements of the system. Finally, a composite loss function is designed to
facilitate the learning speed of few—shot defects, solving the problem of slow convergence in datasets with small defects using a
single cross—entropy loss function. In the comparative experiments, the methods proposed in this paper have achieved good results.
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