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Strip defect recognition method based on deformable convolution and attention
WAN Yan, QI Haotian, YAO Li

(School of Computer Science and Technology, Donghua University, Shanghai 201620, China)

Abstract: The accuracy of defect detection in steel strip production is of great significance for ensuring its quality. This paper
proposes a steel strip surface defect classification and recognition method based on ResNet50 improved by combining multi—scale
deformable convolution and Enhanced Attention to address the problems of complex defect types, severe background interference,
and significant differences in area and shape of defect patterns. Firstly, the convolution blocks of the BottleNeck structure in
ResNet50 are refined into a group of multi—scale convolutions to expand the receptive field. Then, the deformable convolution is
introduced to replace the convolution kernel in the group, enabling the network to capture defect features of different shapes and
scales during training. Finally, enhanced attention module is introduced into the network to enable it to focus on the information
between channels and space, which are combined to focus on more important channels and spatial positions. Comparative
experiments show that the proposed method has better accuracy in steel strip surface defect classification and recognition than existing
methods, and can be applied to industrial production of steel strips in enterprises.
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Fig. 1 Common surface defects of hot rolled strip steel
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Fig. 2 Defect images with significant morphological variations

within the same class
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Fig. 3 Improved ResNet model architecture diagram combining multi—scale deformable convolutions and enhanced attention
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Fig. 4 Diagram of multiscale feature extraction module
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Fig. 5 Diagram of multiscale deformable feature extraction module
with DCNv2
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Fig. 6 Enhanced-attention module structure diagram
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Fig. 9 Class activation thermodynamic comparison diagram
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