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Tab.2 Comparison of evaluation indexes before main
bearing model failure

_ A
EEL2N : .
LSTM CNN-LSTM CNN-LSTM-Attention
RMSE  2.882 1.873 0.816
MAE  2.723 1.796 0.709
MAPE  6.834 4.563 1.351
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Tab.3 Comparison of evaluation indicators after main
bearing model failure

. H5 A4
Ei=Ry -
LSTM CNN-LSTM CNN-LSTM-Attention
RMSE  6.757 8.738 10.746
MAE 6.628 8.691 10.686
MAPE  9.245 12.132 15.051
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Tab.4 Comparison of evaluation indexes before generator
stator model failure

. o A4
Ei=kn -
LSTM CNN-LSTM CNN-LSTM-Attention
RMSE  1.834 1.448 0.598
MAE 1.805 1.181 0.557
MAPE  3.896 2.472 1.129
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Tab.5 Comparison of evaluation indexes after generator
stator model failure

. F A
Ry -
LSTM CNN-LSTM CNN-LSTM-Attention
RMSE  15.072 18.527 21.153
MAE  15.138 18.493 21.116
MAPE  19.561 24.239 27.775
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Tab.6 Comparison of evaluation indexes before blade

pitch motor model failure

o 2
L N N N N .
LSTM CNN-LSTM CNN-LSTM-Attention
RMSE 3.255 2.714 1.611
MAE 3.478 2.872 1.547
MAPE 4.797 3.665 2.553
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Tab.7 Comparison of evaluation indexes after blade
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