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Fig.3 The principle figure of fault detection
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Simulation Research on a Fault Detection Method Using
Wavelet Neural Networks for Power Equipment

Yu Yong”  Wan Deun" Cheng Qiming®
1)Southeast University, Jiangsu Nanjing 210096, PRC
2)Department of Computers Engineering of Yancheng
Institute of Technalogy, Jiangsu Yancheng,224003,PRC

Abstract In this paper, a method of fault detection based on nonlinear observer using wavelet neural networks is presented. In the
method, wavelet is used as the basic of the basis neutral networks, which is called wavelet neural networks. By the denoising function of
wavelet and the learning itself function of neural network, the input and output nonlinear dynamic characteristic of syster is obtained.
The output prediction error, generated from the real output and wavelet neural networks estimated output, is used as a residual error to
execute logical judge. and this approach can improve the speed and accuracy rate of fault detection. Simulation for structural damage
faults of nonlinear synchronous motors show that the fault detection approach is effective.

Keywords wavelet neural networks; fault detection; nonlinear observe



