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Abstract

A pulse convolutional neural network-based classification method for identifying surface defects
on hot-rolled strip steel is proposed to address the issues of small training sample size and low
recognition efficiency. To enhance the model’s generalization ability, a diffusion model is first uti-
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lized to augment and expand the imbalanced small sample dataset. Then, a pulse convolutional
neural network is constructed and supervised training is conducted using a proxy gradient me-
thod. Additionally, an attention module is introduced to improve feature extraction efficiency. Ex-
perimental results demonstrate that the proposed pulse convolutional neural network model not
only ensures high recognition accuracy but also possesses strong biological plausibility, which
provides valuable insights for the practical application of deep pulse convolutional neural net-
works in engineering.
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Figure 1. Partial hot-rolled strip steel defect images
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Figure 2. Forward diffusion process
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Figure 3. Reverse diffusion process
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Figure 4. Enhancement effect with different coefficients
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Figure 5. Pulse release sequence diagram
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Figure 6. Alternative gradient function plot
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Figure 7. Channel attention mechanism
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Figure 8. Spatial attention mechanism
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Figure 9. Improved NA-SVGG model
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Figure 10. Comparison of accuracy among different models
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Figure 11. Comparison of loss rates among different models
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