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Self—Supervised Anomaly Detection in Industrial Images Based on
Feature Improvement

XU Changyuan, JIA Ke, JIN Zhicheng, LI Hanxin, WANG Wenrun, ZHOU Ji
(School of Computer Science, Chengdu University of Information Technology, Chengdu 610000, China)

Abstract: The anomaly detection of industrial images requires the recognition and localization of image defects. Some anomaly detection algo-
rithms use pre trained models obtained from the ImageNet dataset for defect recognition, without paying attention to the impact of domain bias
between ImageNet and industrial images on anomaly detection tasks. Therefore, a method is proposed to optimize the features of the memory
bank to improve anomaly detection performance. Firstly, alleviate domain bias issues through coarse—grained segmentation training; Second-
ly, guide the feature learning to learn the key information of the corresponding region block ; Finally, improving the loss function enhances the
clustering of similar sample features in the feature space, widens the class spacing between different sample features, and obtains better memo-
ry features. On the MVTec AD dataset, the proposed method achieved 99.2% and 97.6% in AUROC metrics at the image and pixel levels, re-
spectively. Compared to the benchmark model, it improved by 0.7% and 1.4%, indicating better detection performance.
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Fig.2 Comparison results of normal images, simulated abnormal im-
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Table 2 Detection results of different algorithms in the MVTec AD
dataset
F2 AEEEZEMVTec AD &P HRNLE R (%)

DRAEM  KDAD  CutPaste  PaDim  PatchCore Ours
Carpet  96.9/97.5 80.3/95.5 93.1/98.3 99.8/99.0 98.1/97.6 99.5/97.9
Grid 99.9/99.7 75.3/89.4 99.9/97.5 96.7/97.1 98.4/96.8 99.2/98.2
Leather  100/99.0 92.3/98.1 100/99.5 100/99.0 100/98.5 100/97.4
Tile 100/99.2 91.5/80.2 93.4/90.5 98.1/94.1 99.0/97.3 99.1/98.6
Wood 99.5/95.5 94.5/85.3 98.6/95.5 99.2/94.1 97.8/96.4 99.6/97.1
Bottle 98.0/99.1 99.2/95.7 98.3/97.6 99.9/98.2 100/97.4 100/97.8
Cable 90.9/95.2 90.3/80.2 80.6/90.0 92.7/96.7 99.0/98.9 99.5/97.4
91.3/88.1 81.4/95.2 96.2/97.4 91.3/98.6 98.3/96.3 97.9/98.5
Hazelnut ~ 100/99.7 98.8/95.0 97.3/97.3 92.0/98.1 100/94.5 100/97.8
Metal Nut  100/99.6 77.1/83.3 99.3/93.1 98.7/97.3 100/97.8 100/96.9
Pill 97.1/97.3 84.4/89.9 92.4/95.7 93.3/95.7 94.7/91.6 96.8/97.6
Screw  98.7/99.3 82.4/95.8 86.3/96.7 85.8/98.4 93.8/97.9 97.6/97.4
Toothbrush  100/97.3 97.1/95.5 98.3/98.1 96.1/98.8 99.7/93.8 99.4/97.1
Transistor  91.7/85.2 84.9/75.9 95.5/93.0 97.4/97.6 99.2/91.3 99.6/96.2
Zipper 100/99.1 93.7/95.3 99.4/99.3 90.3/98.4 99.5/96.7 99.3/98.3
97.6/96.7 88.2/90.0 95.2/96.0 95.5/97.4 98.5/96.2 99.2/97.6
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Table 3 Comparison results between the proposed model and the

benchmark model (Carpet class)
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Fig. 3 Defect location map
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Table 4 Detection results using features from different layers

R4 TEERFERHRNER (%)
BeilS LityR ICES
Layer 4 99.0/97.6 98.7/96.9 98.9/97.4
Layer 5 98.6/97.4 98.3/96.6 98.4/97.1
Layer 4+5 99.5/97.9 99.0/97.5 99.2/97.6
Layer 3+4+5 99.2/98.2 98.6/97.9 98.7/98.1
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Table 5 Ablation experiment results

RS HMEWLER (%)
IR I-AUROC/P-AUROC/%
baseline 98.5/96.2
baseline+ILT 97.4/95.4
baseline+CST 98.9/96.9
CGS-FT 99.2/97.6
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