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Fault Prediction and Identification of Wind Turbine Based on Offshore Megawatt Units

ZHANG Zhiwei', WANG Jing', HUANG Yuming?, ZHENG Junjie®

(1. Shanghai Haiguan New Energy Wind Power Generation Co. ,Ltd. ,Shanghai 200433, China;

2. Jiangsu Jinfeng Technology Co. ,Ltd. . Yancheng 224003, Jiangsu.China; 3. Beijing Goldwind
Science &. Creation Wind Power Equipment Co. ,Ltd. ,Beijing 100176, China)

Abstract: With the continuous promotion of the dual-carbon strategy. the importance of renewable energy generation is becoming more and
more important. Offshore wind turbines are located in remote areas, and maintenance after failure is more difficult. Therefore, the research on
wind turbine fault prediction and identification technology is crucial. A machine learning framework based on Python sklearn and a fault warning
method based on TensorFlow, multiple feature extraction methods is adopted and convolutional neural networks is used for feature fusion and
classification, which can achieve fault diagnosis and warning for offshore wind power systems. The design ideas, experimental steps, and exper-
imental results of the method was introduced in detail, and this method was evaluated and analyzed.

Keywords: machine learning; TensorFlow; convolutional neural network;wind turbine fault
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