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Improved Mask Autoencoder for Multi-class Industrial Image Anomaly
Detection Method

HU Yang XIAO Ming KANG Jiawen
(Guangdong University of Technology, Guangzhou 510006, China)

Abstract: Aiming at the differences between different abnormal image data and the insufficient generalization ability of deep

models, an improved mask autoencoder based multi class industrial image anomaly detection method is proposed. Firstly, an improved

Mask Autoencoder (MAE) model is trained using normal image sample data to enable the model to reconstruct normal images; Then,

based on the difference between the reconstructed image of the improved MAE model and the original image, distinguish between

normal and abnormal image data; Finally, this method was used to simultaneously detect multiple categories of abnormal image data
on a publicly available industrial image dataset, with an average AUC of 0.895. Compared with MKD, U-Net, and DAGAN, the
detection accuracy was improved by 2.05%, 9.28%, and 2.52%, respectively, verifying the effectiveness of this method.

Keywords: encoder-decoder reconstruction; masked autoencoder; anomaly detection; industrial image
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