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Strip steel surface defect detection network based on
enhanced deformable convolution

SUN Yange', XU Chenglong, GUO Huaping, ZHANG Li
(College of Computer and Information Technology, Xinyang Normal University, Xinyang 464000, China)

Abstract: A novel network architecture for strip steel surface defect detection was proposed , which designed an
enhanced deformable convolution module based on co-attention mechanism and integrated it into the backbone
network as a plugin. By leveraging the co-attention mechanism, the shape of the convolution kernel was adaptively
adjusted, which effectively captured irregular defects on the strip steel surface, and significantly improved the feature

extraction capability of the backbone network. Experimental results on the NEU-DET dataset demonstrated that the

proposed method achieved an average precision (mAP) of 81.6%.
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Fig. 1 Network structure
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Fig. 2 Structure of enhanced deformable convolution
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Fig. 3 Sample image of defect
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Tab. 1 Comparisons between the proposed model and

the mainstream models

AR mAP/% Fl-score/ %
SSD-300 73.7 63.1
Fasterr RCNN 79.4 57.9
RetinaNet 67.4 61.2
YOLOvV5 77.0 75.2
YOLOVS 77.4 74.5
DETR 71.2 64.8
RT-DETR 72.7 71.0
RTMDET 73.1 714
PP-YOLOE 74.8 72.3
ALY 81.5 77.1
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Tab. 2 Results of ablation experiments
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Tab. 3 Generalization experiment comparison results

i mAP/ % Fl-score/ %
SSD-300 95.0 90.1
Faster RCNN 95.4 83.8
Retinanet 87.8 84.3
YOLOvV5 94.6 94.7
YOLOv8 95.8 93.9
DETR 80.1 75.7
RT-DETR 91.8 87.2
RTMDET 93.1 90.5
PP-YOLOE 92.9 89.7
AR SO 98.0 97.3
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Fig. 4 Visualization of the improved model
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