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Weak Defect Segmentation Algorithm Based on MSAF-DeSTSeg
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Abstract: The quality of wafer surfaces directly affects product lifespan, which requires timely anomaly detection to re-
duce costs. However, it is difficult to collect abnormal samples with diverse morphologies, limiting the effectiveness of su-
pervised learning algorithms. To address this, an MSAF-DeSTSeg-based algorithm for detecting wafer surface anomalies is
proposed. This approach utilizes the knowledge distillation network DeSTSeg to segment anomaly regions on wafers, incor-
porating multi-scale technology during the feature output stage to prevent feature loss. A deformable convolutional spatial
pyramid pooling module is designed at the segmentation head of the network to enhance the perception of complex anomalies
and suppress background interference. The technical innovations include the application of the multi-scale feature fusion
technology and the deformable convolutional fast spatial pyramid pooling module. Experimental results indicate that on a
grain dataset, the improved model achieves the accuracy rates of 97.79%, 73.06%, and 71.77% in terms of image AUC,
mean pixel accuracy, and instance pixel accuracy, respectively. Through practical application, the algorithm meets the de-

mand for detecting wafer anomalies in the absence of defect-free samples, outperforming the original model.
Keywords: wafer; unsupervised anomaly detection; knowledge distillation; multi-scale fusion; deformable convolu-

tional attention
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