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Research on Detection Technology of Wind Turbine Blade Anomaly

Based on Audio Data

HU Kaikai, CHEN Yanan, CHEN Gang, SHU Hui, LI Ziyuan
( CRRC Zhuzhou Institute Co., Ltd, Zhuzhou, Hunan 412001, China)

Abstract: In order to improve the perception ability of wind turbines, more and more digital and intelligent new technologies
have been used in wind turbines. Monitoring abnormal states of wind turbine based on audio data is one of the more cutting-edge and
practical technology exploration directions. Taking advantage of the characteristic that the aerodynamic audio signal of damaged blade is
different from the signal of normal one, this paper designs a set of wind turbine blade abnormal state monitoring system based on audio
data. By installing a pickup on the wind turbine, analyzing and mining the collected wind turbine audio data, and based on the multi
classification machine learning model, it explores a set of audio data feature analysis and pattern recognition methods. Simulation and
practical application results show that this method can identify whether the blade is damaged and whether the cooling fan works, so as
to eliminate the interference by the operation of cooling fan on the blade anomaly detection and realize the abnormal detection of blade
whistle, so as to form a feasible blade anomaly detection method based on the audio data of wind turbine.

Keywords: wind turbine blade; machine learning; abnormal state detection; audio data; feature analysis
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Fig. 3 Audio data waveforms when cooling fan is not working
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Fig. 5 Audio data waveforms when cooling fan is working
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Fig. 8 Audio data waveforms after filtering
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is not working
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