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Intelligent Fault Diagnosis of Wind Turbine Bearings based on
Chaotic Information Enhancement

SU Huanhuan,LI Chun, WEN Qi, YUE Minnan
(School of Energy and Power Engineering, University of Shanghai for Science and Technology, Shanghai, China, Post Code: 200093 )

Abstract: Aiming at the problems that it is difficult to identify the vibration damage of wind turbine me-
chanical components under complex working conditions, and the fault signal characteristics depend on
human experience exiraction, the complete adaptive noise ensemble empirical mode decomposition
(CEEMDAN) method was used to process the original signal. The Pearson correlation coefficient was
used to screen the characteristic signal. Based on the chaos theory, the phase space reconstruction meth-
od was used to obtain a more pure signal. The reconstructed signal was input into the convolutional neural
network (CNN) to realize fault feature extraction. The experimental results show that the reconstructed
signal can effectively remove the interference signal, and under different signal-to-noise ratios, the diag-
nostic model has an accuracy rate of 99.74% in identifying different types of bearing faults, with fault
recognition rates as high as 99.31% and 98. 10% under two different datasets in Xi’an Jiaotong Universi-
ty and University of Ottawa, respectively, indicating that it has good generalization and robustness, which
can provide reference for health monitoring and management of wind turbine mechanical components.
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tion, fault diagnosis
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Fig. 1 Structure diagram of convolutional neural network
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Fig. 2 Flow chart of convolutional neural network
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Fig. 4 Bearing experimental platform device diagram
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Fig. 10 Accuracy rate and loss of datasets
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