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Abstract: To improve the classification accuracy of fault detection for wind—turbine blades, a machine-
learning—based fault detection and classification method is proposed. First, a Ridge-regression—enhanced
Brain Storm Optimization (R-BSO) feature—selection algorithm is developed to identify an optimal feature
subset. The best feature combination extracted by R-BSO is then fed into a Stacking—based classifier to
produce the final prediction, completing the RBVS blade—fault detection framework. Finally, a
convolutional neural network equipped with a Convolutional Block Attention Module (CBAM) , termed

CBCNN, is introduced for blade—fault classification. Experimental results demonstrate that the proposed
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algorithms achieve superior performance in both detection and classification of wind—turbine blade faults..
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Fig. 10 PRC curve comparison between R-BSO

algorithm and other algorithms
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Table 1 Performance comparison between R-BSO

algorithm and other algorithms

FREFYL Accuracy Precision Recall F,=score
R-BSO 0.8937 0.894 4 0.893 5 0.899 8
RFE 0.8437 0.826 4 0.872 6 0.848 9
LASSO 0.8515 0.847 0 0.860 2 0.853 6
Ridge 0.884 3 0.887 5 0.8819 0.884 7
BSO 0.887 5 0.876 5 0.893 2 0.889 9
ReliefF 0.867 1 0.8558 0.8850 0.870 2
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Fig. 11 Comparison of ROC curves between RBVS

and contrast algorithms
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Fig. 12 Comparison of PRC curves between RBVS

and contrast algorithms
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Table 2 Fault detection performance of RBVS algorithm

AN F8 b7 RBVS Fifi 1L A% B XGBoost JE Bl B ReliefF RF RFXGB LGBXGB
Accuracy 0.938 4 0.909 8 0.869 6 0.924 1 0.9152 0.908 0 0.9125
Precision 0.9329 0.923 1 0.879 1 0.9223 0.918 1 0.907 1 0.907 9
Recall 0.950 4 0.902 6 0.870 1 0.9333 0.9197 0.917 9 0.926 5
F,—score 0.941 6 0.9127 0.874 6 0.927 8 0.918 9 0.9125 0.917 1
AUROC 0.9814 0.967 9 0.9519 0.968 4 0.9715 0.970 4 0.9712
AUPRC 0.979 1 0.965 4 0.951 6 0.962 9 0.970 3 0.970 8 0.9719
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Fig. 13 Model loss and model accuracy change between CBCNN algorithm and other algorithms
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Table 3 Simulation results of accuracy

CBCNN S-CNN LSTM CNN
iRl S 0.990 0 0.880 6 0.689 6 0.596 5
HURE:S 0.901 3 0.816 5 0.668 7 0.536 5
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