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Surface defect detection method on cold rolled sheet metal based on E-YOLO
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Abstract: In practical manufacturing systems, surface defects on the cold rolled sheet metal can lead to a decrease in material strength
and pose a safety risk, while the accuracy and stability of traditional detection methods are difficult to guarantee. Therefore, a lightweight
and efficient defect detection model E-YOLO ( Efficient-YOLO) was proposed, and in response to the shortcomings of the YOLOv8 model
in small target detection, feature extraction efficiency and model inference speed, the structural innovations and optimizations about
YOLOv8 model were conducted. The inefficient neck connection structure of the original model was modified, the perception ability of the
model for subtle defect features was enhanced by introducing a multi-branch feature fusion mechanism and innovatively adopting a feature
re-extraction structure. Finally, experiments show that compared with YOLOv8, E-YOLO improves the detection accuracy by 7. 3% and
increases the detection speed by approximately 18 times compared with the larger model Faster RCNN, providing a feasible way for effi-
cient and accurate detection of surface defects on cold rolled sheet metal.
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Table 1 Results of ablation experiment

Btk P/% R/% mAP/ %
YOLOv8 59.4 75.6 78.8
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TRMEBYERERRIR 64.0 (+1.7) 77.2 (+1.1) 79.8 (+0.8)
TRV LS 66.7 (+2.7) 78.5 (+1.3) 80.3 (+0.5)
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Table 2 Comparison results of small target detection

(8| P/ % R/ % mAP/ %
E-YOLO 65.2 70.6 69.3
YOLOv8n 55.3 67.3 66.3
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Table 3 Comparison results of different methods
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