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Unsupervised surface anomaly detection of industrial products based
on contrastive learning generative adversarial network
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Abstract ; In the anomaly detection of industrial surfaces, due to the unknown and irregular nature of the abnormalities, it is difficult and
costly to manually label abnormal samples, and the supervised deep learning algorithms have limitations in the task of anomaly detection
on the surface of industrial products. To address the above problems, an unsupervised surface anomaly detection algorithm based on
contrastive learning generative adversarial network (CLGAN) is proposed. Firstly, the CLGAN model based on unsupervised learning
algorithm is established. Secondly, contrastive learning is used to strengthen the positive and negative sample constraints of the potential
feature space, maximizing the mutual information between the corresponding patches of the input and output images, enhancing the
differentiation of positive and negative sample feature vectors, and further improving the ability of the model to reconstruct abnormal
sample images. Then, in the detection stage, the trained model is used to obtain the anomaly-free reconstruction image of the industrial
product to be tested, and the residual image between the sample to be measured and its corresponding reconstructed image is calculated.
Finally, combined with the double threshold segmentation method and mathematical morphology processing, the rapid detection and
accurate location of abnormal areas on the surface of industrial products are realized. Experimental results on the public dataset MVTec
AD demonstrate that the proposed algorithm has a better recognition effect and stronger generalization ability compared with other
unsupervised deep learning model algorithms.
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Fig.2 Process diagram of three channel adaptive threshold anomaly detection based on CLGAN model
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Table 3 Quantitative detection results of eight industrial products surface

anomalies using four models in the MVTec AD dataset (%)
bt A ¥ HhEE o 4 v iz IER) Eht AMF I {E
UDCAE 32.53 22.22 69. 52 39.90 29.22 0.35 7.74 43.29 30. 60
P DCGAN 17. 89 43.12 3.58 30.24 10. 71 3.30 25.28 2.64 17. 10
VAE-SSIM 42.00 0 0 49.91 28.39 1. 08 18.28 34.77 21. 80
CLGAN 61. 88 41.35 30. 56 40. 22 28.92 42.14 46. 95 37. 64 41.21
UDCAE 16. 26 8.34 30. 51 39.11 18. 28 1.23 0.99 23. 80 17.32
R DCGAN 11. 46 39. 87 5.48 57.93 19. 36 16. 81 23. 14 5.94 22.50
VAE-SSIM 28.71 0 0 57.32 14.55 0.76 1.44 19. 41 15.27
CLGAN 26. 82 18. 36 24. 11 37.40 52. 66 42.12 24.42 28. 32 31.78
UDCAE 90.71 98. 34 99. 16 98. 00 99. 00 97. 40 0.96 96. 67 85.03
ACC DCGAN 80. 80 98.71 96. 95 95. 67 97.78 91. 66 96.72 93.54 93.98
VAE-SSIM 90. 47 98. 30 98. 95 99. 00 98. 67 97.79 93.59 96. 67 96. 68
CLGAN 92. 67 98. 47 98.70 97. 68 99.74 97. 32 94. 12 96. 38 96. 89
UDCAE 17.35 11.25 39.11 35.59 20. 63 0.52 1.65 26.90 19.13
Fl DCGAN 13.26 40. 05 4. 06 38.02 10. 72 5.5 23.29 3.21 17.26
VAE-SSIM 28. 35 0 0 50.73 18.25 0.75 2.50 21.98 15.32
CLGAN 33.01 22.51 25.27 43.26 33.79 42.12 26.19 30.11 32.03
UDCAE 9.76 7.54 27.76 25.22 13. 84 0. 26 0.98 18. 50 12.98
ol DCGAN 7.31 30. 81 2.96 27.67 6. 81 2.84 13. 66 1.83 11.74
VAE-SSIM 17. 81 0 2.17 40.11 12.34 0.39 1. 44 15.44 11.21
CLGAN 21.21 16. 31 15.52 30. 28 23.53 30. 22 16. 53 20. 54 21.77
x4 AEDEEHERBIVER
Table 4 Experimental results of different segmentation threshold (%)
FEFR [LIES 2.0 2.1 2.2 2.3 2.4 2.5 2.6 2.7 2.8 2.9 3.0
¥ 33.83 35.80 36.29 37.44 37.94 38.67 39.50 40. 15 41.40 42.12 43. 40
F1 i 22.29 23.14 24.53 25.51 26.75 28.55 29.29 30. 12 31.42 32.35 33.15
[2SH S 33. 84 34.83 35.90 37.32 37.79 38.78 39. 15 39.79 39.99 40. 48 40. 63
ey 23.85  25.44 2588  26.92 27.35 27.99  28.63 29.15  30.17  30.21 31.74
loU H 15.59 16. 17 17.09 17.78 18.71 20. 04 20. 63 21.29 22.47 23.24 23.70
AL 22.78 23.71 24.76 26. 16 26.77 27. 81 28.24 29.05 29. 39 30. 01 30. 21
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