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Abstract: With the rapid advancement of Industry 4.0, Intelligent manufacturing has become increasingly impor-
tant. Traditional manual inspection still suffers from low efficiency, high cost, and limited stability, while super-
vised learning methods rely heavily on accurately labeled anomalous samples, which are scarce and diverse in real
industrial scenarios. In contrast, unsupervised industrial image anomaly detection learns the distribution and intrin-
sic patterns of normal samples only, and has therefore attracted growing attention from both academia and industry.
First, a systematic review of unsupervised industrial image anomaly detection under the one-class learning setting
was provided. Existing methods were categorized into two main paradigms according to the source of anomaly
scores: feature embedding and image reconstruction, and the development of representative approaches was sum-

marized.Second, based on this taxonomy, the evolution and research trends of these two paradigms were analyzed.
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The common characteristics and differences among existing methods in terms of feature representation, anomaly

scoring mechanisms, and localization strategies were summarized to provide a structured understanding of current

research. Then, commonly used benchmark datasets and evaluation metrics in this field were reviewed.Finally, the

main challenges in current research were discussed from the perspective of practical industrial applications, and po-

tential future research directions were outlined to facilitate further development and deployment of unsupervised in-

dustrial image anomaly detection methods.

Key words: industrial image anomaly detection, unsupervised learning, one-class learning, feature embedding, im-

age reconstruction
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