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cognition rate of image anomaly detection models for complex anomalies and
multi-scale anomalies, this paper proposes an anomaly detection model based on a
Multi-group Teacher-s etwork Hierarchical Feature Fusion Framework (MTHF). By constructing three distinct
teacher-student detection modules and introducing feature fusion modules after the distillation layers of each student
network, the model enhances multi-scale anomaly detection accuracy. A two-stage fusion strategy achieves
comprehensive coverage of anomalous regions while preserving sharp boundaries. Experiments on the MVTec AD
dataset demonstrate that the MTHF model improves the average detection accuracy by 7.62% compared to state-of-the-
art methods, validating its effectiveness in image anomaly detection tasks.

Key words: anomaly detection; knowledge distillation; feature fusion; attention mechanism
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Fig. 1 Schematic diagram of the structure of the

hybrid attention module
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Fig. 2 Detection results of different morphological

abnormalities in hazelnut samples
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Fig. 6 Network structure diagram of teacher-student group
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Fig. 7 Schema of the feature fusion module
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Tab. 1 Pixel-level AUCROC values of various models for anomaly
localization in the MVTec AD dataset
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Fig. 8 Accuracy for anomaly localization of various

models in the MVTec AD dataset
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Tab.2 Ablation study on teacher-student group detection
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Fig. 10 Results of ablation experiment on teacher-student groups
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Tab. 3 Ablation experiments of feature fusion module
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