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Steel surface defect detection based on multi-scale feature fusion
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Abstract: Due to the imperfection of the manufacturing process and the influence of external factors,there may be some defects on
the surface of the steel, which seriously affects the service life and usability of the steel. Therefore, surface defect detection is an
indispensable process in industrial production. However , traditional surface defect detection algorithms have the disadvantages of low
accuracy and slow speed. Therefore, the paper proposes a steel surface defect detection model GL - YOLO based on YOLOVS.
Firstly , the large separable convolution is used to improve the SPPF, expand the receptive field,and extract features at different scales.
Secondly, the global attention mechanism is introduced to enhance the neck to generate rich global dimension information,so that the
network can reuse low—level features. Finally,the experimental results show that mAP of GL-YOLO on NEU-DET reaches 79.7,
which is 5.2% higher than that of YOLOVS. It is proved that the model has good comprehensive performance in the detection of steel
surface defects.
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Table 1 Ablation experiments

GAM LSPPF mAP cr in pa ps TS sc

- - 745 413 852 944 786 57.5 90.1
vV 759 437 86.6 957 772 69.4 83.1

V747 443 869 928 76.1 609 87.8
V.V 797 512 885 955 831 723 88.0
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Table 2 Comparative experiments

Methods mAP ecr  in pa ps s sc FPS

EfficientDet!"'?  70.1 45.9 62.0 83.5 85.6 70.7 73.1 11.9
Faster—rRCNN ~ 72.3 42.9 67.9 84.9 79.1 68.8 89.9 18.1
YOLOv3 72.3 36.9 80.2 90.0 71.5 63.3 92.7 30.0
YOLOvS5n 74.8 419 83.0 95.6 78.6 62.3 87.2 52.1
YOLOX 12! 79.3 55.4 85.6 94.2 87.4 57.5 96.5 459
DCC-CenterNet' '3 79.4 457 90.6 85.5 82.5 76.8 95.8 71.4
GL-YOLO 79.7 51.2 88.5 95.5 83.1 72.3 88.0 86.2
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