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Ensemble empirical mode decomposition and fuzzy entropy in
fault feature analysis for high-speed train bogie
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Abstract: To monitor the working condition of key components in a high-speed train bogie, we make use of the char-
acteristics of the fault signal to propose a new approach for feature extraction based on ensemble empirical mode de-
composition and fuzzy entropy. Firstly, we decompose the fault vibration signal by using the ensemble empirical mode
decomposition to obtain a series of simple composition signal with different physical significance. Then, we employ the
correlation analysis to sift out intrinsic mode functions (IMF) that have largest correlation coefficients with the original
signal and use it as the data source. The fuzzy entropy of IMF and the fuzzy entropy of the initial signal are calculated to
form a multi-scale complexity measure feature vector. Finally, the feature vector is put into the least squares support vector
machine for classification and identification. Comparing with the fuzzy entropy, we find the proposed approach gives better
fault identification results. The efficacy of this method is validated.
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Fig. 1 Time-domain signal and amplitude spectrum of
four working conditions
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Table 1 Multiscale fuzzy entropy of four working
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Fig. 4 Scatter diagram of fuzzy entropy in 3-D feature space
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Table 2 Recognition rate of different feature in different positions
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Table 3 Result contrast of three classifiers
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fuzzy entropy feature of gradual failure)
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