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Wind turbine gearbox fault diagnosis method based on dual-branch cross-attention fusion

SUN Kang, LI Tengfei, WANG Hao, YANG Ming, ZHAO Laijun

(School of Electrical Engineering and Automation, Henan Polytechnic University, Jiaozuo 454003, China)

Abstract: Aiming at the problems that fault diagnosis data of wind turbine gearboxes have time series and the
single-channel model is difficult to effectively extract the composite fault feature information, a fault diagnosis method
integrating an improved orthogonal convolutional capsule network (OCCN) and a bidirectional long short-term memory
neural network (BiLSTM) is proposed. First, the original signals are preprocessed. Then, the preprocessed signals are fed
into a constructed OCCN-BiLSTM dual-branch model to extract the spatial features and time domain features of
composite faults, respectively. Finally, the extracted spatiotemporal features are fused through a cross-attention
mechanism and input into a fully connected layer for signal classification, enabling intelligent fault diagnosis of wind
turbine gearboxes. Experimental results show that the proposed diagnosis method can effectively achieve intelligent fault
diagnosis for wind turbine gearboxes, with an accuracy of 99.53% on the test set.
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Fig. 9 Test set t-SNE dimensionality reduction diagram under different loads
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Table 4 Comparison of accuracy under different SNRs
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Fig. 11 Accuracy curves at different iterations
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Table 5 Diagnostic accuracy of different models
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Fig. 12 Comparison of diagnostic results of various models
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Table 6 Performance comparison of different networks

" IS 24 AT
R ) s FLOPs/M
T8/ HE/M i F/MB
1D-CNN 309 1.51 314.21 139.58
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OCCN-BiLSTM 667 0.95 583.74 300.35
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Table 7 Structural comparison table
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