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Median Complementary Ensemble Empirical Mode Decomposition

LIU Song-Hua' HE Bing-Bing® LANG Xun' CHEN Qi-Ming® ZHANG Yu-Feng' SU Hong-Ye’

Abstract In order to restrain the mode splitting (MS) problem of the empirical mode decomposition (EMD) series
methods, a median complementary ensemble EMD (MCEEMD) algorithm is proposed in this paper. We first
present novel probabilistic tools to quantify the MS phenomenon of complementary ensemble EMD (CEEMD),
which aims at demonstrating the effectiveness of using the median operator to replace the mean operator during the
ensemble process. To combine the advantages of suppressing MS and residual noise, the MCEEMD algorithm integ-
rates both median and mean operators within the ensemble process for the first time. Specifically, the MCEEMD al-
gorithm is enlightened and featured by following procedures: 1) Add N pairs of complementary white noise to the
original signal to obtain 2N groups of intrinsic mode functions (IMFs) by EMD decomposition; 2) By averaging each
pair of the complementary IMFs, the 2N groups of IMFs are computed into N IMF groups; 3) Assemble same-index
components across the N groups of IMFs using the median operator to obtain the final IMFs within MCEEMD.
Through typical simulations as well as two real-world cases, we show that the present work not only effectively alle-
viates the MS problem, but also avoids two shortcomings of using a single median operator, i.e., the poor decompos-
ition completeness and the presence of burr in IMFs.

Key words Mode splitting (MS), median operator, complementary white noise, complementary ensemble empirical
mode decomposition (CEEMD)
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Fig.2 The curves p;(f) and r;(f) corresponding to
the complementary IMFs (obtained from
the noise-assisted signal)
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Fig.6 = MSR(f)curves for different ensemble sizes within CEEMD, MEEMD and MCEEMD
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The PSD curves of the decomposition results from the four methods
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