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Abstract: As defect detectio cial part of production, this paper proposes an improved YOLOvSs detection

network to solve the problem o} nt detection accuracy caused by unclear and difficult extraction of surface defect
features on steel plates. Fi etwork feature extraction module is improved based on the DO-Conv over-parameterized
module, and then the ne network is improved by using the ULSAM attention mechanism. Finally, an improved
YOLOVS5s defect detection network is proposed. The experimental results based on the NEU-DET dataset show that the
improved YOLOVSs defect detection network has mean average precision of 76.6%, which is 7.8% and 6.3% higher than

YOLOvSs and YOLOv4, respectively. The improved network effectively improves the accuracy of steel surface defect

detection.
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Fig. 1 YOLOV5s structure diagram
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Fig. 3 DO-Conv inference process
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Fig. 4 ULSAM calculation flowchart
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Tab.1 Comparison table of algorithm results

AR P/% R/%  MAP/% Params/M GFLOPs/G

YOLOv3 56. 6 62. 4 59.9 61. 55 155.2

YOLOv4 60. 4 72.4 70.3 63. 96 141. 52

YOLOv5s 67.5 65.8 68. 8 7.036 15.9
Mk YOLOvSs 76,2 70.3 76.6 7.041 15.9
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Tab.2 Ablation experiment results table

ik P/% R/% MAP/%
YOLOvSs 67.5 65.8 68. 8
YOLOv5s+DO-Conv 69. 6 68. 0 71.0
YOLOv5s+DO-Conv+ULSAM 76, 2 70. 3 16
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