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FAULT DETECTION OF WIND TURBINE MAIN BEAR BASED ON
DEEP LEARNING NETWORK

Zhao Hongshan, Liu Huihai
(School of Electrical and Electronic Engineering , North China Electric Power University , Baoding 071003, China)

Abstract: According to the long-term dynamic stability relationship between supervisory control and data acquisition
(SCADA) state variables of wind turbine, a deep learning method of layer-wise encoder network based on the wind
turbine main bearing SCADA condition monitoring data is proposed in this paper. Firstly, a more abstract high-level
abstraction representation is formed by learning features of original sample to discover the underlying rules and
distribution characteristics of the data through layer- by- layer intelligent learning, and the rules and distribution
characteristics between the main bearing variables are extracted to construct a layer-wise encoder network model. Then,
the SCADA data of the main bearing is encoded and decoded to calculate the reconstruction error. According to the
internal rules of the main bearing data are destroyed in fault condition, the reconstruction error is chosen as the that
monitoring variable of main bearing. Exponentially Weighted Moving Average (EWMA ) is used to detect the trend of the
reconstruction error and serve as the decision criterion of the main bearing fault. The simulation results show that the
proposed method is effective for fault detection of main bearing by using the main bearing failure before and after record
data simulation analysis.

Keywords: wind turbine; main beaying; deep learning; fault detection



