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Table 1 Improved algorithmic ablation experiments
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Table 2 Experiments with different weighted auxiliary heads

TR P R mAP@ 0. 5:0. 95
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Figure 5 Detection renderings
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Table 3 Comparative experiments

T/
R P R mAP@O0.5:0.95
GFLOPs
YOLOV5s 0.834 0.825 0. 490 16.5
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YOLOv7 0.836 0.763 0. 483 105. 2
YOLOvS8 0.773 0.675 0. 430 28.7
YOLOv5-AES  0.871 0.810 0. 494 22.0
SSD 0.849 0.689 1.5
Faster R-CNN  0.590 0. 890 369. 8
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Steel Surface Defect Detection Based on Improved YOLOvS Algorithm

YAN Yu', JING Yuchao', SHI Mengxiang', YANG Duo'

(School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract: In order to solve the problem of low efficiency of steel defect detection and economic loss caused by false
detection, an improved YOLOvS5 algorithm was proposed for steel defect detection. Under the condition of keeping
the original YOLOvS detection layer unchanged, the improved algorithm added three auxiliary branches with adap-
tive weights to extract the shallow information of the YOLOvS5 network, and the auxiliary branches could also en-
hance the gradient flow of the whole network, which made the training effect better. The EMA attention mechanism
was added to the main part of the network, and the weighted feature information of the EMA module could help the
model better focus on and understand the important target features. SloU was used instead of the CloU loss func-
tion, and the angle loss and shape loss introduced by SloU could make the anchor frame more fast and accurate in
the regression process to improve the stability and robustness of the detection. Through experiments on the NEU-
DET dataset, the proposed algorithm had an accuracy improvement of 3.7 percentage points compared with the o-
riginal YOLOv5s, and had better detection performance than other mainstream algorithms.

Keywords: YOLOvS; adaptive auxiliary branches; attention mechanism; loss function
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