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Abstract Supervised anomaly detection has been widely applied to fabric quality inspection due to its high precision in industrial
scenarios. However, existing unified-architecture methods often suffer from limited feature adaptation capabilities, making it diffi-
cult to distinguish diverse and highly similar fabric defects. This paper proposes a novel approach based on a Mixture of Region
Experts(SAM-MR) , which introduces a Mixture of Adapter Experts module to differentiate between various types of fabric de-
fects. Additionally,an Align and Differencing module is employed to align features between template and defect images, further
enhancing the localization of anomalous regions. The model is also extended to incorporate component detection,enabling semantic
recognition of defect-related components on top of defect localization. Experimental results demonstrate that SAM-MR outper-
forms existing methods on fabric defect datasets,and qualitative,quantitative,and ablation studies validate the effectiveness of the
proposed approach in multi-task prediction.
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A fabric image of with Seam Pucker
anomaly.The textile prints include white hearts and white polka dots.The
heart pattern presents a dense arrangement.
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Fig. 4 Results of various models on the FabricEyesdataset
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