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Abstract To solve the problem of the low accuracy and slow speed of traditional methods for detecting surface defects in
steel plates, we propose an improved YOLOv5s algorithm. First, the steel datasets were re-clustered using K-means
algorithm based on the intersection-over-union (IoU) metric distance, to obtain multiple groups of anchor boxes; a genetic
algorithm was used to perform mutation operations and obtain multiple groups of anchor boxes that match the entire ground
truth box better. Second, MixUp was fused with the Mosaic data enhancement to avoid over-fitting and improve the
generalizability of the model. Then, the network structure was improved, and an attention module was incorporated to
improve feature extraction capability of the network further. Finally, Focal loss was incorporated into the loss function to
improve the convergence speed and detection accuracy of the network for hard-to-identify samples. Our experimental
results show that the mean average precision (mAP) of the improved YOLOV5s algorithm on a test set is 78. 4%, which is
3.0 percentage points higher than that of the original algorithm, and the speed is same as the original YOLOv5s. The
detection performance of the improved YOLOvVS5s algorithm is better than that of DDN, Faster R-CNN, and YOLOV3,
and it maintains a high detection speed.
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Table 1 Anchor box statistics table

Method Anchor box Fitness /%
Raw (10,13) (16,30) (33,23) (30,61) (62,45) (59,119) (116,90) (156,198) (373,326) 68. 46

Euclidean (31,42) (36,86) (80,63) (38,206) (64,136) (135,79) (199,60) (109,200) (201,207) 72.87
ToU (20,39) (25,82) (50,45) (62,82) (192,31) (34,190) (146,74) (78,166) (185,188) 75.56

Genetic  (20,42) (25,82) (51,46) (176,29) (64,85) (34,190) (146,74) (78,166) (185,188) 75.91
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Table 2 Ablation experiments of YOLOv5s

Method Anchor MixUp CBAM 1:12221 Precision /%  Recall /% I:;I;zzeifs mAP /%
YOLOvV5s 77.1 72.5 7035811 75.4
Improved 1 v 75.9 73.8 7035811 76.2
Improved 2 v v 77.0 72.6 7035811 76.9
Improved 3 v v v 77.9 72.3 7068677 78.2
Improved 4 v v v 78.0 73.2 7068677 78. 4
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Fig. 8 Comparison of detection results before and after improvement. (a) Original YOLOV5s; (b) improved YOLOv5s
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Table 3 Performance comparison of different models
AP /%
Network Speed /(frame-s ') mAP /% - - - - -
crazing inclusion patches pitted _surface rolled-in_scale scratches

YOLOV3 29 69.1 44.7 60. 8 84.4 74.5 61.1 87.2
DDN(ResNet34)"" <20 74.8 48 75.9 87.4 78.3 68. 4 90. 8
DDN(ResNet50)"" <10 82.3 62.4 84.7 90. 3 89.7 76.3 90.1
Faster R-CNN(ResNet34)"" <20 70.2 46.7  61.3  82.8 76.5 70.7 83.4
YOLOv5s 41 75.4 37.6 84.2 92.1 83.7 61.8 93.1
Improved YOLOv5s 40 78.4 48.8 83.8 91.6 80.5 72.7 92.8
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