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Research on tire image defect detection method based on
U-Net discriminator

Zhang Xingwei Liu Yunting Chen Hao Ding Haifeng

(School of Automation and Electrical Engineering, Shenyang University of Science and Technology,Shenyang 110159, China)

Abstract: Tire defect detection is of great significance for the identification of tire safety performance, and researching
high-performance tire anomaly detection methods is extremely important for the safety performance of automobiles.
This article proposes a network model, UDGANomaly, based on U-Net discriminators, which is based on generative
The encoder module

adversarial networks. Firstly, encoding and decoding are introduced into the discriminator.

performs image-by-image classification, and the decoder module outputs pixel-by-pixel classification decisions,
providing spatially coherent feedback to the generator. Secondly, a self-attention mechanism is introduced in the
encoder and decoder of the generator to further focus on the representative information contained in multi-scale
features. Finally, an improved generator loss function based on structural similarity was designed to address visual
inconsistency and enhance the robustness of irregular texture detection. After comparative research, it was found that
the network structure proposed in this paper has significantly better anomaly detection performance than other
traditional network models on the same tire dataset, and the average testing accuracy is as high as 95. 6 %.
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Fig. 1 UDGANomaly model structure diagram
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Fig. 4 Defect samples in tire X-ray image test set
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