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Early fault warning of wind turbines based on CNN-BiLSTM-Attention

Ni Bingyang He Qing

(School of Electrical and Information Engineering, Changsha University of Science and Technology,Changsha 410114, China)

Abstract: In the study of wind turbine fault early warning based on deep learning, aiming at the prediction accuracy of
the model and the accuracy of fault early warning, a combined model early warning method combining CNN, BiLSTM
and attention mechanism Attention is proposed. Firstly. aiming at the problem of low quality of SCADA raw data, the
parameter-optimized DBSCAN algorithm is combined with the control principle of wind turbine to complete data
cleaning, and the GRA analysis method is used to screen the original features to reduce the redundancy between
features. Aiming at the problem of model prediction accuracy, in order to improve the feature extraction ability of
BiLSTM network and the focusing ability of key features, CNN and attention mechanism are introduced respectively to
build a combined network model. Finally, the exponential weighting method is used to smooth the power residual, so
as to determine the early warning threshold and realize the fault early warning of wind turbines. The effectiveness of
the method is verified by the SCADA data of a wind farm. The experimental results show that compared with the
BiLSTM model, the error indexes RMSE and MAE of the proposed model are reduced by 29.8 % and 30.7 %
respectively, and the fitting degree R2 is increased by 4. 8 %. The warning time is 2~6 hours earlier than the SCADA
alarm log.
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Fig. 1 Wind speed-active power distribution diagram
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Fig. 2 Data processing effect
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Table 4 Comparison of multi-step prediction error evaluation indexes

. RMSE MAE R
U0 A6 7Y
1 2 34 14 2 4 34 14 2 4 34
LSTM 53.578 3 57.156 7 64.758 0 43.2389 45.6459 53.1281 0.8723  0.8638 0.8583
BiLSTM 45.982 3 49.304 8 56.384 9 36.7593 38.0557 43.4546 0.934 9 0.9251 0.917 8
CNN-LSTM 44.2256 48.691 2 53.6021 30.7234 33.2240 37.446 2 0.953 2 0.934 8 0.927 2
Transformer 50.472 1 54.528 3 60.437 8 40.3751 43.3762 48.5782 0.9073  0.8904 0.8865
Transformer-GRU 39.839 5 43.947 8 48.2903 32.4826 35.2240 40.5173 0.9535 0.9328 0.9233
AR SCAR T 32.2645 34.2135 39.6431 25.4681 28.0251 32.4462 0.9828  0.9663 0.9561
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