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Surface defect detection method of strip steel based on lightweight
YOLOvV3
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Abstract : Defect detection is an indispensable process in the strip steel production process,and existing
inspection methods generally have problems such as low detection accuracy and poor real-time perform-
ance. To solve the above problems,a fast defect detection method based on lightweight YOLOv3 is pro-
posed in this paper. MobileNetv2 is used as the backbone network and output with two scales of feature
maps,so that the lightweight of the network model is guaranteed; the improved attention module is fused
into the feature pyramid network (FPN) and the network is combined with the spatial pyramid pooling
(SPP) to improve the learning ability of the algorithm for defects;the K-means mean clustering algo-
rithm is used to obtain a better anchor box,and the complete-intersection over union (CloU) is used to
optimize the loss function to further improve the network performance. The proposed method has a de-
tection speed of 70. 8 FPS on the strip steel defect dataset; the number of model parameters is 7. 1 MB,
which is only 3.02% of YOLOv3. Experiments show that the proposed method can achieve rapid detec-
tion of defects while ensuring accuracy,and has good production line deployment capabilities.
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Fig. 1

Lightweight YOLOvV3 model
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Fig. 9 Defect image on strip steel surface
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Fig. 11 PR curve of the proposed method
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Tab.3 Comparative experiments of different algorithms

Type Faster-RCNN YOLOv2 YOLOv3  YOLOv3(Res) YOLOv4 YOLOv4(Res)  Proposed
Pu/% 95. 46 95. 33 93. 44 79.83 88.29 92. 45 82. 47
W1/ % 88. 24 88.70 92.81 77.67 77.65 81.47 75.21
Ce/ % 75.65 83.09 77.11 76.18 75.71 82.73 86. 49
Ws/ % 51.45 52.32 57.80 70.96 56. 47 58.18 72.97
Os/% 69.78 58. 69 47.76 47.40 61.90 64.92 48. 80
Ss/ % 50.94 47,44 40. 27 47.71 43. 60 44, 25 48. 88
In/% 54.21 51.09 41.59 56.03 64.94 52.30 66. 32
Rp/ % 87.46 72.09 84. 25 82.90 90. 09 83.96 92.93
Cr/ % 74.95 67.94 78. 60 86. 08 83.88 76.50 70. 82
Wi/ % 94. 47 91. 38 87.71 81.92 73.55 90. 85 87. 89

mAP /% 74.26 70. 81 69.93 70.67 71.61 72.76 73.28

Speed/FPS 23.6 49.9 26.5 41.5 27.1 33.4 70.8
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Tab.4  Ablation experiment

Methods mAP UP

Original+ MobileNetv2( CloU ) 67.96% -
-+ Reasonable anchors 69.37% 1.41%
+SPP 71.21%  1.84%
+ Improved FPN 73.28% 2.07%

(©) (d)

B12 SREEVNERET:
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(b) FLITERFE; (c) L£BE .M FLANIE LEERBA ;
(d) IEEEERPE
Fig. 12 Display of defect detection results:
(a) Cg and WI; (b) Rp; (c¢) Ss, Pu and WI; (d) WI
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