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Research on Industrial Surface Defect Image Anomaly Detection Method Based on Dual-
Discriminator Generative Adversarial Networks
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Abstract: To address the challenges of scarce defective samples and severe class imbalance in industrial visual inspection,
this paper proposes an image anomaly detection method based on a Dual-Discriminator Generative Adversarial Network
(DD-GAN). The model is trained solely on normal samples, incorporating a global discriminator for holistic semantic
evaluation and a local discriminator for fine-grained texture assessment. Pixel-wise reconstruction loss, feature matching loss,
and adversarial loss are jointly optimized to enhance the model's sensitivity to subtle defective regions. During inference, a
composite anomaly score fusing pixel-level and deep-feature-level discrepancies is designed to enable robust detection of
unseen defect types. Experiments on the MVTec AD dataset show that the proposed method achieves an average AUC of 0.953
across nine industrial categories, outperforming the GANomaly baseline by 4.2 percentage points.
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