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An Efficient Denoising Source Separation ( DSS) of Rotating Machine
Fault Signals Based on Empirical Mode Decomposition ( EMD)

1 . 1 1 2

Wang Yuansheng Ren Xingmin' Yang Yongfeng Deng Wangqun
1. Department of Engineering mechanics Northwestern Polytechnical University Xi‘an 710072 China

2. China Aviation Dynamical Machinery Research Institute Zhuzhou 412002 China )

Abstract: Combining the features of EMD principal component analysis ( PCA) and DSS we propose an under—
determined DSS method based on EMD and PCA  which we believe is efficient. This method is used to deal with
the blind source separation ( BSS) problem of rotating machinery in the case of the number of observed mixtures be—
ing less than that of contributing sources. The observed signals are decomposed into some intrinsic mode functions
(IMFs) with the EMD method. These IMFs and original observations were composed into new observations. Then
the PCA is used to estimate the number of the types of observed signals and the mixed sources are separated by
DSS algorithm. It is verified that the new method yields a correct estimate of source number in the simulation tests.

Applying EMD-PCA-DSS method to the rotor fault detection we have diagnosed the unbalance phenomenon through
the measured fault signals of the rotor. The simulation results experimental results and their analysis show prelim-
inarily that the EMD-PCA-DSS method is indeed efficient in analyzing the fault diagnosis and it has an important
engineering significance for condition monitoring and fault detection of rotating machines.

Key words: blind source separation diagnosis experiments fault detection modal analysis principal component
analysis rotating machinery signal processing; denoising source separation( DSS)  empirical mode

decomposition( EMD)



