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HE ITLAFPHRAS IR RAERMNARYRETHOLER. FE—HAAZHE . S THHAGFTFTEMNA A RER 4
FHRXGEH, AT AP FEHERARABER L EZATAMNGEAER  RET A TEHMERS S RZOE
AR T AR, H R T AR TR E R b A R A RS, A TERRS R EOEFF A%, B,
AR X BGOSR RRE R SN ALIZE AL AT KR S H AR AL LA T e % JE L5 M AR L VB4R TR S 5 3T 6 o XA ) %
KRB EATRD, AR ATEMARXBERGEHREEMAOP A, EHF T E20LFFTHARET L. IR ERFHE
BEABmy L MERLS BEATRRFSALTFFMAES, FHREREIW, MEF EE MVTec B E ERFT 91.42% 80 F
HEGEAFE LEPA 12 XXBTHZNFFEEHE RERTERKEBRFF AT, TREL LT T S R A%,
TR FEVAGRFERSOIBFBRE LT R AR ELF RO ARXENER PRFT &,
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Generative Industrial Image Abnormal Location Model Based on Fuzzy Masking and Dynamic
Inference

WU Tianyue' ,ZHANG Hui* ,ZHANG Zouquan' and TANG Junkun'
1 School of Electrical & Information Engineering,Changsha University of Science and Technology,Changsha 410000, China
2 School of Robotics, Hunan University , Changsha 410000, China

Abstract The mechanization of industrial production puts forward new requirements for the inspection of industrial product
quality,and a high-precision, easy-to-transplant anomaly detection algorithm is required to adapt to the update of production
methods. Aiming at the inherent problem of low probability of abnormal samples in industrial production and incomplete predic-
tion.a generative industrial anomaly localization model based on fuzzy masking and dynamic reasoning is proposed. Firstly,a con-
trast sample generation module based on random fuzzy occlusion is designed to obtain high-quality simulated anomalous images.
At the same time,the shallow feature fusion path is used to retain more edge information, the loss-loss function weighting is used
to make the model pay more attention to structural similarity,and the contrast learning method is used to make the network ob-
tain better representation ability. Secondly.,in order to alleviate the problem of blurred output images of generative models, a
multi-branch anomaly dynamic inference method is designed,and the two branches of iterative generation and accurate repair co-
operate with each other to widen the distance between background noise and real anomalies. Experimental results show that the
proposed method achieves an average localization accuracy of 91.42% on the MV Tec dataset,and the top three anomalous locali-
zation accuracy are obtained in 12 classes. The location of anomalies can be obtained more completely. For images with complex
textures and large backgrounds, it still maintains high index sensitivity, and the average anomaly localization performance has
reached the best in published generative detection models published in recent years.

Keywords Industrial image detection, Anomaly location, Deep learning, Generative learning, Dynamic anomaly inference
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Fig. 6 AUROC curve of comparative experiments
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Table 3 Results of ablation experiment
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Table 4 Results of hyperparameter experiment
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