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blades based on improved EfficientNet
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Abstract: Aiming at the problem of low accuracy and poor classification effect of small size defect detection of offshore
wind turbine blades, an improved early defect detection model of offshore wind turbine blade surface based on
EfficientNet is proposed. Firstly, the asymmetric convolution is introduced into the EfficientNet feature extraction
network to replace the ordinary 3 X 3 convolution, which enhances the convolution kernel skeleton information and
improves the ability of the network to extract defect information. Secondly, a hybrid spatial channel attention module is
proposed to focus on space and channel information, and the BiFPN feature fusion module is used to fuse the semantic
information of different depths to improve the multi-scale feature fusion ability of the algorithm. Finally, Focal-EIOU
and Focal Loss functions are introduced to calculate the position loss and classification loss, so as to improve the
positioning accuracy and solve the problem of imbalance between positive and negative image samples in the model
training process. The experimental results show that the average accuracy of the proposed algorithm model is 97. 6% ,
and the detection performance of early defects on the surface of wind turbine blades is significantly improved.
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1 Conv3 X3 224 32 1
2 MBConv1,3X3 112 16 1
3 MBConv6,3 X3 112 24 2
4 MBConv6,5 X5 56 40 2
5 MBConv6,3 X3 28 80 3
6 MBConv6,5X5 14 112 3
7 MBConv6,5X5 14 192 4
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Fig. 2 The principle of asymmetric convolution
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Table 4 Results of comparative experiments
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Fig. 10 Comparison of test results
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