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Fault warning of wind turbine gearbox based on two-stage multidimensional
data generation and real-time health index
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Abstract: Aiming at the problem that the accuracy rate and false alarm rate are difficult to balance during the maintenance of key
components of wind turbines, a wind turbine gearbox fault early warning method based on two-stage multi-dimensional data generation
and real-time health index is proposed. To account for the impact of wind speed on the unit’s operational state, a Gaussian Mixture
Hidden Markov Model leveraging historical wind speed data is proposed to forecast short-term wind speed. Next, to enhance early
warning accuracy, a real-time dynamic threshold-setting method utilizing a two-stage multi-dimensional data generation process is
introduced. Based on the predicted wind speed sequence and generator data, the threshold interval for the current oil temperature is
established. Finally, the actual gearbox oil temperature values and the output of the health status discriminator are integrated to assess
whether the wind turbine gearbox is in an abnormal state. Simulation results using real-world data demonstrate that the proposed method
significantly reduces the false alarm rate and provides a potential fault warning for the wind turbine gearbox up to 17 hours in advance.
Keywords : wind turbine ; supervisory control and data acquisition system; generating adversarial network; hidden Markov model; wind

speed prediction; fault warning
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framework diagram
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Fig. 15 The two-stage method generates a comparison
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( convolutional neural network , CNN) R #1 25 W 2% ( deep
neural network , DNN ) 24 K5 e Az W 4% (long short-

term memory , LSTM ) [2s] FITT 45 47 26 BA 0 ( gate recurrent
unit, GRU) >33 JUAH A0 000 i 15 450408 14 05 ek A a3k
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Table 4 Comparison of fault warning times across
different methods

T 5k T st ] PR /NS B0 h
SCADA R4t 2018-01-22T23: 19 -
CNN 2018-01-22T07: 12 16.12
DNN 2018-01-22T07 : 54 15. 42
LSTM 2018-01-22T09 : 04 14.25
GRU 2018-01-22T07 : 58 15.35
A3 2018-01-22T05 : 58 17.35

3.5 EBEERSW

FERELISCT , H 8 3 7 7 f 52 25408 i e A5 4
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FE V8 00 15 7 50 %) 7 1 A AR AR Ko [i] — XL L L 2 R
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= s fimn,

x5 AREFEBRRAGIENERITLL
Table 5 Comparison table of different methods of

health month prediction result

T 51k (R FREH 3 B E A B REER /%
E'e 1 0. 005
CNN 166 0. 83
DNN 184 0.92
LSTM 241 1.205
GRU 194 0.97
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