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Surface defect detection of wind turbine based on YOLOvVS5s
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Abstract: Aiming at the problem of insufficient precision and poor generalization in the traditional way of wind turbine surface defect
detection, an improved YOLOv5s wind turbine surface defect detection model is proposed. In terms of network structure, an improved
MobileNetv3 network is introduced into the backbone feature extraction network to coordinate and balance the lightweight and accuracy
relationship of the model. Secondly, the BiFPN fusion method is adopted to enhance the multi-scale adaptability of the neural network
and improve the fusion speed and efficiency. Finally, for the lightweight adaptive adjustment of feature weights, the ECAnet channel
attention mechanism is used to further improve the feature extraction ability of the neural network. In terms of loss function, the loss
function of bounding box regression is modified to aloU Loss, which further improves the accuracy of bbox regression. The experimental
results show that the improved algorithm based on YOLOvSs can quickly and accurately identify the defect targets on the surface of the
wind turbine in complex environments, and can meet the practical application requirements of real-time target detection.
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Table 1 Comparison of ablation results
LIS MobileNetv3 ECAnet BiFPN alou P/ % R/ % mAP/ % i34/ FPS
1 82.32 73.45 82.56 58.39
2 vV 83. 44 73.63 82.63 71.37
3 VvV 82.32 75. 43 84.76 62.36
4 VvV 83. 14 74.76 84.93 68. 34
5 vV 82.48 73.69 83.68 60. 37
6 vV VvV 82.29 75. 34 84. 66 70. 36
7 vV vV 81.81 74. 49 83. 83 73.12
8 vV Vv 81.49 74.32 83.32 71.24
9 Vv vV 84. 80 77.06 87.51 63.53
10 vV VvV 85. 11 76. 42 86.53 64.31
11 Y 2 84.22 76.33 86. 12 63.33
12 Vv Vv VvV 86. 59 76.78 87.54 72.43
13 vV VvV vV 84.98 76. 74 86. 60 63. 96
14 2 vV vV 85.13 77.17 86. 95 70. 61
15 Vv Vv Vv 89. 28 80. 45 88.13 64.23
16 VvV Vv vV VvV 89. 66 80. 68 88. 45 71.78
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Table 2 Performance comparison of five models

oAy mAP/ % Params/M i34/ FPS FIARi A%/ %
SSD 70. 56 100. 14 61.21 32.79
Faster-RCNN 77. 64 105. 87 4.96 20. 65
YOLOv4 80. 49 239. 65 35.57 15.63
YOLOvS5s 82.56 13. 68 58.39 12.58
YOLOv5s_MEB 88. 45 9.76 71.78 6.47
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Fig. 10 Model checking results comparison diagram
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