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Abstract

Noise reduction is essential before data processing in all disciplines of science and

engineering. We propose an informatic approach that includes the empirical mode de-

composition and an entropic analysis to remove high frequency noise from a time-series

data. This approach also can estimate signal to noise ratio of the signal. Performance

of the proposed approach is examined by studying a simple test signal. A demon-

stration is then given for removing noise from a contaminated male voice signal. The

results are compared to the Wu and Huang method, the mean filter, and the wavelet

de-noise method, and are promising.

1 Introduction

Noise reduction is essential before data processing in all disciplines of science and engineering.
However numerous sources of noises increase difficulty of removing noises from a time-series
data. It usually requires prior knowledge of characteristics of data to design specific noise
filters [1]. The situation becomes even worse when the data is generated from either non-
stationary, nonlinear, or both processes [2]. A noise reduction method based on wavelet
transform is proposed for non-stationary data [3, 4, 5]. Yet because the wavelet transform
has three shortcomings, (1) limited length of the basic wavelet function makes definition of
the energy-frequency-time distribution difficult; (2) the wavelet transform has non-adaptive
nature; and (3) it can only analyze non-stationary data [8]. Several de-noise approaches
based on the wavelet transform with some other methods such as a projection method for
nonlinear data are then proposed [2, 6, 7]. Alternatively, Huang and his colleagues proposed
a Hilbert-Huang transform (HHT) to analyze non-stationary and nonlinear data, which
includes preprocessing of the data through the empirical mode decomposition (EMD) method
and frequency analysis through the Hilbert transform [8]. The EMD method decomposes a
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time series data into several components, the intrinsic mode function (IMF), with different
instantaneous frequencies via a sifting process. These components are then served as a
basis of the data. Although there is no analytic interpretation of the EMD method, it was
demonstrated through vast numerical studies. Wu and Huang further propose a strategy
(denoted by the WH method hereafter) to identify whether an IMF to contain information
using white Gaussian noises as a reference [10, 11]. Noise parts, the IMFs identified to
contain no information, then can be removed. They found the EMD actually to be a dyadic
filter, as also shown by Flandrin et al. [9], that is capable of separating the white noise into
the IMFs that an IMF’s mean period to be twice value of the previous IMF. However, as they
mentioned in [11] there is a drawback in their approach, which results from inappropriate
estimate of the mean periods of low frequency IMFs. Nevertheless, data decomposition
provided by the EMD still suggests a possible strategy to remove noises. We will give more
detail discussions of the Wu and Huang’s approach in Sec. 2.

Our goal is to develop a method for noise reduction based on the EMD that is exempted
from the drawback of Wu and Huang’s strategy. An entropic EMD approach is proposed
and addressed in Sec. 3 that includes the EMD method and an entropic analysis. Based on
this informatic approach, one also can estimate signal to noise ratio (SNR) of a data set. We
first examine statistically this approach by studying a simple test signal in Sec. 4. Several
properties of the approach will be illustrated. At last, we apply the approach to filter out a
white Gaussian noise embedded in a male voice signal recorded at sampling rate 44.1 kHz.
Performance of the approach is analyzed and compare to the WH method [10, 11], the mean
filter, and the wavelet de-noise approach [3, 4, 5].

2 The EMD method

The EMD method is introduced to decompose a time-series data adaptively especially that
is generated by either non-stationary or non-linear processes, in which one can define a
meaningful instantaneous frequency to each component. It decomposes a time series data
through a sifting process into several components, IMFs, with different instantaneous fre-
quencies from the fastest one of the first IMF toward the slowest one of the last component,
residue [8]. An IMF satisfies two conditions: (1) the number of extrema and the number
of zero crossings must either equal or differ at most by one in the whole data set; (2) the
mean value of the envelop defined by the local maximum and the envelope defined by the
local minima at any point is zero. These IMFs then can be used as the basis representing
the data. Because the IMFs are adaptive and locally determined, they have physically rep-
resentation of the underlying processes. Yet exact representation of underlying process in
the raw data of each IMF is unclear because of lacking analytic interpretation of the EMD
method. Suppose a real time series signal Sreal (t) is contaminated by noise n (t) through,

Sraw (t) = Sreal (t) + n (t) =

Nc
∑

i=1

Ci (t) , (1)
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which gives raw data Sraw (t) measured from experiments. The Ci (t) is ith IMF obtained by
the EMD method and the CNc

(t) is a residue. A detail approach for decomposing time-series
data can be found in [8].

Because interpretations of each IMF is unclear, Wu and Huang propose a strategy to
identify whether an IMF contains information or not instead of interpreting its meaning.
Basically, they first find a characteristic of white noise that energy distribution of IMFs of
white Gaussian noises [10, 11] to be described by the Chi-squared distribution. The strategy
then applies binary hypothesis problem using the characteristic of white noise as a reference
for identification. As mentioned in Wu and Huang’s work [11], however, the WH method
becomes inadequacy for analyzing low frequency IMFs because of inappropriate estimate
of corresponding mean periods. Although they proposed a method based on the extrema-
counting and Hilbert transform to assess the mean period [10], the expectation line of the
mean period and the energy density is still likely to deviate from the theoretical line. This
drawback leads to incorrect identification, and raise difficulty of developing noise filter based
on the WH method.

3 Low pass entropic EMD filter

3.1 The approach

Filtering out noises from a data set based on the WH method is to remove the IMFs from the
data that are identified as the noise. Success of the method relies on proper decomposition of
data sets and noise identification approaches. We propose an informatic approach to resolve
the drawback in the WH method, and to filter out high frequency noises. The proposed
approach includes two stages, data decomposition and noise identification.
Separating signal into two parts using the EMD method. The EMD method de-
composes a time-series raw data Sraw (t) consecutively from the first IMF with the highest
instantaneous frequency toward a residue with the lowest frequency through a sifting pro-
cess [8]. To filter out high frequency noise, we propose to separate the raw data Sraw (t) into
two parts. The first part is superimposition of the first k IMFs Nk (t) =

∑k
i=1 Ci (t) that

mostly has high instantaneous frequency, where k ranges from 1 to Nc-1. The other part is
superimposition of rest of the IMFs, Sk (t) =

∑Nc

i=k+1 Ci (t). Besides, because the IMFs are
approximately orthogonal to each other, it is easy to show that energy density of the Nk (t)
is

ENk
=

1

N

N
∑

t=1

[Nk (t)]2 ∼=
1

N

N
∑

t=1

k̂
∑

i=1

[Ci (t)]
2 (2)

and energy density of the Sk (t) is

ESk
=

1

N

N
∑

t=1

[Sk (t)]2 ∼=
1

N

N
∑

t=1

Nc−1
∑

i=k+1

[Ci (t)]
2 (3)
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Identifying noise components using the entropic analysis. After separating the
raw data Sraw (t) into two parts Nk (t) and Sk (t), two questions have to be answered for
removing high frequency noises. Does the Nk (t) that includes first k IMFs likely to contain
high frequency noises? If it does, how many IMFs should be included at most? i.e. what
is preferred k value? We apply an entropic analysis to answer these questions. It has
been shown relative entropy or Kullback-Leiblier distance of two probability distributions
quantifies their difference [13]. Tseng further extends use of relative entropy for model [14]
and variable [15] selection problems. A preferred model or a set of preferred variables is
selected based on a ranking scheme, decreasing order of relative entropy values of models or
different sets of variables and a reference distribution that contains no information. Following
the same aspect, one can quantify the difference of the Nk (t) and a reference N noise

k (t),
superposition of first k IMFs decomposed from a pure noise that is generated from the same
noise source in the raw data Sraw (t), once one can codify information contained in the Nk (t)
and the N noise

k (t) into probability distributions respectively. Because amplitudes variation
of a time-series data characterizes the data, we propose to simply utilize histogram of the
Nk (t), a distribution of all possible amplitudes x in the Nk (t) as a crucial information needs
to be codified into the probability distributions. By normalizing the histogram of the Nk (t),
we have the probability distribution PNk

(x) of observing a specific amplitude x in the Nk (t).
Similarly, one can obtain a probability distribution PNnoise

k

(x) of the N noise
k (t). Thereafter,

one can calculate relative entropy,

S
[

PNk
, PNnoise

k

]

= −
∞

∑

x=−∞

PNk
(x) ln

PNk
(x)

PNnoise

k

(x)
≤ 0 . (4)

to measure differences between the PNk
(x) and the PNnoise

k

(x).

When the realtive entropy is maximum, S
[

PNk
, P noise

Nk

]

= 0, it indicates the PNk
(x) to be

identical to the PNnoise

k

(x), namely, the Nk (t) is equivalent to noise N noise
k (t). However, as we

shall show in our numerical examinations next, max
(

S
[

PNk=kmax
, PNnoise

k=kmax

])

= Smax, does

not always equal to zero practically. This is simply a consequence that one cannot guarantee
the EMD method to separate noise from the data set completely. On the contrary, min
(

S
[

PNk=kmin

, PNnoise

k=kmin

])

= Smin, suggests the PNkmin

(x) differs mostly from the PNnoise

kmin

(x),

i.e., noise is the least contained in the PNkmin
(x). Thus, we can define two quantities to

measure noise and signal explanatory power of the PNk
(x). The first one is relative noise

explanatory power,
pono (k) = Smax/S

[

PNk
, P noise

Nk

]

≤ 1 . (5)

It measures differences between the PNk
(x) and the PNnoise

k

(x) compared to the maximum

difference Smax. Large power indicates the PNk
(x) to close to the PNnoise

k

(x). Namely, the

explanatory power points out to what extent the Nk (t) contains noises. The second quantity
is relative signal explanatory power,

posi (k) = S
[

PNk
, PNnoise

k

]

/Smin ≤ 1 . (6)
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It measures the extent of noise contained in the PNk
(x) compared to the PNkmin

(x) that
contains the least noise. Larger the power is the less noise is contained in the PNk

(x).
Namely, this power indicates to what extent the Nk (t) contains information relevant to the
real signal. Because our goal is to remove noise components as more as possible, the relative

noise power pono

(

k = k̂ + 1
)

should be small enough while the relative signal explanatory

power posi

(

k = k̂ + 1
)

is large enough given the preferred k̂. In practical, selecting k̂ based

on relative explanatory power is done by the following approach. First is to determine
the kmax from relative noise explanatory power. Afterward, one consecutively increases k
value from kmax until kn that the pono (kn) is close to 90 % of full noise explanatory power
and the pono (kn + 1) is less than 0.9. Second, one determines the kmin from relative signal
explanatory power, which usually is larger than one. Then decreasing k value from the kmin

consecutively to ks that the posi (ks) approaches 90 % of full signal explanatory power and
posi (ks − 1) is less than 0.9. Based on definition of two explanatory powers, the kn should
be equal to the ks − 1. Yet the equality sometimes does not hold because poor separation of
noise and signal from a data set by the EMD. The Nk (t) given k to be within kn and ks−1

contains partial noise and partial signal, which makes it difficult to further select a preferred
k̂ to have the Nk̂ (t) containing mostly noise. Here, we simply select the preferred k̂ to be
(kn + ks − 1)/2.

Thus Nk̂=(kn+ks−1)/2 (t) is recognized as the component that is dominated by noises, and

the optimal smoothed signal is given by the Sk̂ (t).

3.2 Remarks

Estimate of signal to noise ratio. An additional function of this approach is to estimate
signal to noise ratio (SNR) of the data, which is very crucial in communication problem
[16, 17]. Given the selected k = k̂, we approximately separate the raw data Sraw (t) into real
signal, the Sk̂ (t), and noise, the Nk̂ (t). Thus ratio of energy density of ES

k̂
and EN

k̂
defined

by

Rk̂ = 10 log10

ES
k̂

EN
k̂

(7)

shall roughly give real SNR of the data.
Applicability of the entropic EMD. We have presented an entropic EMD approach
to remove noise from a contaminated data. Because the EMD is an adaptive method, no
analytical approaches can be applied to reveal limitations of the entropic EMD. Furthermore,
it is inefficient to examine whether the entropic EMD is applicable given a data set by massive
numerical studies. Here we demonstrate with a numerical study on the test signal to show
that using the Rk distribution spells out a resolution.

We will illustrate and examine this strategy through studying a simple test signal first
and compare it to results using the WH method, the 5-point mean filter and the wavelet de-
noise method. Afterward, we will demonstrate performance of the proposed filter in filtering
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out noise in a real voice signal.

4 Numerical examinations of the low pass entropic EMD

filter

Consider a one-second long time-series simple test signal given by Sreal (t) = sin(2πfsit) with
signal frequency fsi =2 Hz and is sampled with rate fs =1000 Hz, and t denotes time.
Afterward, we superimpose one-second long white Gaussian noises to the test signal with six
different SNRs, Rr =30, 10, 5, 0, -5, -10 dB respectively to generate test raw datum Sraw (t).
We also generate a one-second long white Gaussian noise data generated from the same
source and sampled with the same rate as the reference. Furthermore, a hundred samples of
the six test raw data are generated for statistical analysis of the proposed approach.

4.1 Illustration of the entropic EMD filter

We will illustrate use of the entropic analysis to remove noise in the data in this section.
The first step of the entropic EMD is to decompose the raw data Sraw (t) and a pure noise
into IMFs respectively. For example, Fig. 1 shows six IMFs and a residue for the test
signal with SNR=10 dB. Thereafter, we separate the IMFs of the raw data and noise into
two groups (Nk (t) , Sk (t)) and

(

N noise
k (t) , Snoise

k (t)
)

respectively. The probabilities PNk
(x)

and PNnoise

k

(x) of observing oscillation intensity x in the Nk (t) and the N noise
k (t) are assessed

from their histograms as shown in Fig. 2. In the figure, the dark lines denote the PNk
(x)

and grey lines represent the PNnoise

k

(x). The figure indicates when the k value is less than six,
both probability distributions share similarities, mean values and widths of the distributions
are close to each other. Differences between them arise when the k value is larger than six.
Thus, it suggests the Nk (t) for k ≤ 5 to be highly likely a noise component.

4.2 Performance investigations

We consider two quantities to examine performance of the entropic EMD. The first one
is root mean square difference (RMS) of smoothed signal Ssmoothed (t) and the real signal
Sreal (t). The second one is auto correlation function,

Cv =
〈

(Ssmoothed (t) − 〈Ssmoothed (t)〉)2〉 =
〈

Ssmoothed (t)2〉 − 〈Ssmoothed (t)〉2 , (8)

where 〈· · · 〉 averages over all data set and Ssmoothed (t) denotes smoothed data. This quantity
quantifies the extent that the data deviate due to noise from the mean value. It allows us
to evaluate noise effects in the data set after being smoothed by the filters. Both results are
shown in grey hollow square.
RMS analysis. The RMS values of data smoothed by the entropic EMD filter, the WH
method, the five-point mean filter (denoted by MFS5), and the wavelet de-noise method
and the real signal are calculated. We then plot ratio of the RMS and RMSRaw values of
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contaminated data and real signal in Fig. 3. It shows data smoothed by the entropic EMD
filter (hollow square) has the least mean RMS value and followed by the MFS5 (hollow
triangle), the wavelet (inverse hollow triangle), and the WH method (hollow circle). Notes
that although the figure shows standard deviation from entropic EMD calculation is larger
than the MFS5 and the wavelet’s calculation, maximum RMS from entropic EMD calculation
is still less than minimum RMS from the MFS5 and the wavelet method. One can conclude
that the entropic EMD outperforms the WH, the MFS5, and the wavelet method.
Variance analysis. We thereafter, plot ratio of variance of smoothed and the raw data in
Fig. 4. For the MFS5, SMFS5 (t) =

∑2
i=−2 1/5SRaw (t + iδt), where δt is time interval, as

calculated in [1], the variance of data smoothed by the MFS5,

Cv =
〈

(SMFS5 (t) − 〈SMFS5 (t)〉)2〉 = σ2
2

∑

i=−2

1/52 = 0.2σ2 , (9)

where σ is assumed as the noise variance. The ratio of variance of data smoothed by the
MFS5 and the raw data is 0.2, which agrees with the numerical calculation, is shown in
Fig. 4. This analysis illustrates the MFS5 reducing noise variance by introducing weightings
1/5. The entropic EMD, however, is to reduce noise variance by directly removing noise
components from data. The figure shows the later to outperform the MFS5. Furthermore,
it also has better performance than the WH and the wavelet method.
SNR estimation. As mentioned in previous section, the proposed method can estimate
SNR of the data, the Rk=k̂ value. We list the real SNR values used in our numerical studies
in the first column and the Rk̂ value in second column of Table 1. It shows that Rk̂ value
roughly agrees with the real SNRs that are larger than 0 dB. When the real SNR is less
than 0 dB, differences between Rk̂ and the real SNR is increased for decreasing real SNR.
Although the SNR estimation has large difference for real SNR being less than 0 dB, one shall
not disregard that the signal has been severely contaminated by the noise. An immediate
application of this estimation is that one can treat this as a priori information for the SNR
estimation algorithm [17], and one shall be able to obtain more accurate SNR estimation.

4.3 An additional characteristic of white noise revealed by Rk dis-

tribution

An additional characteristic of white noise is revealed by the Rk distribution statistically.
One hundred samples of three white Gaussian noises with different powers 1, 10, and 100
dBW and each has 1000 data points are generated through a Maltab in-house tool (wgn).
The EMD method is applied to decompose these 100 samples into the IMFs independently.
Thereafter, the energy ratio Rk of each sample is calculated for k =1...Nc-1. Mean values
and standard deviations of the energy ratio Rk are computed and shown in Fig. 5. This
figure shows that Rk distribution of a white Gaussian noise is almost independent of the
noise power. Furthermore, the mean values of these Rk is inversely proportional to k value
and can be fitted by a linear equation
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RNoise
k = 1.1 − 3.24k , (10)

where error for intersection 1.1 is 0.4 and for slope 3.24 is 0.06. The standard deviation of
Rk, however, is increased when k increases. One can attribute this characteristic to that
mean periods of the noise’s IMF almost exactly doubles that of the previous one, which lead
to an almost the same energy ratio Rk differences between different k’s. It also suggests this
linear distribution of RNoise

k to be independent of types of noises.
When one consider a noisy time-series data, for example, the test signal Sreal (t) =

sin(2πfsit), which is contaminated by white noises with different SNR values. The Rk calcu-
lations are shown in Fig. 6 (the hollow symbols represent the test signal and dark symbols
for noise). When the test signal is slightly distorted by noise (SNR = 30 dB), the Rk dis-
tributions completely differ from the Eq. (10), the black line. On the contrary, when noise
severely destroyed the test signal (SNR 5 -10 dB), the Rk distributions will then close to
the distributions of pure noise or the Eq. (10).

4.4 Limitations of the entropic EMD

Because the EMD is an adaptive method, no analytical approaches can be applied to reveal
limitations of the entropic EMD. Furthermore, it is inefficient to examine whether the en-
tropic EMD is applicable given a data set by massive numerical studies practically. Here we
demonstrate that can be resolved using the Rk distribution through a numerical study on
the test signal. Consider the test signal with fixed signal frequency fsi to be 2 Hz and SNR
= 0 dB, we gradually decrease ratio of sampling rate fs and signal frequency from 1000 to 7
by adjusting sampling rate. Following the proposed approach, the Rk distributions are then
plotted in panel (a) of Fig. 7. We found the Rk distribution approaches to the distribution
of a pure noise or the RNoise

k , the dark line, when the sampling rate fs is about 10 times less
than a real signal frequency. That will lead to high RMS value of smoothed signals obtained
from the entropic EMD (Panel (b)). Namely, the entropic EMD becomes inadequacy in these
cases. This is simply a consequence of insufficient data points obtained given these sampling
rates. The EMD method fails to decompose the data pertinently. Although the limitation,
the ratio, fs/fsi, has to be larger than 10 for the entropic EMD being applicable, is tested
for this specific test signal, this analysis spelled out a strategy for identifying limitation of
the entropic EMD or the EMD given an arbitrary data set.

5 Example: a sound wave signal

In this section, we demonstrate applicability of the entropic EMD filter for remove noise from
a contaminated sound wave signal and compare it to three other filters, the WH method,
the MFS5 and the wavelet de-noise approach (MatLab toolbox - wdencmp [3] [4] [5]). A
two-second long male voice signal with some background noise is recorded at sampling rate
44.1 kHz. The waveform of this voice signal is shown in the dark line in panel (a) of Fig. 8,
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which will be served as the real signal Sreal (t). Afterward, we superimpose a white Gaussian
noise with SNR = 0 dB onto the signal to be raw data Sraw (t) as shown in the same figure
with a grey line. Notice that the first second long data records only a white Gaussian noise.

We then apply four filters, the entropic EMD, the WH method, the MFS5, and the
wavelet de-noise method to smooth the white Gaussian noise in the raw data. For the
entropic EMD, we utilize the first second data as the reference. According to the relative
explanatory power plotted in Fig. 9, the preferred k value is k̂ = 4, i.e., the No4 (t) contains
mostly the noise. The smoothed results are shown in light grey line in panel (b) of Fig.
8. Left column records 1 to 1.5 seconds signal and right column records 1.5 to 2.0 seconds
signal.

For the WH method, according to energy distribution of IMFs analysis as shown in Fig.
10, it indicates the 4 to 7 IMFs to contain information given noise energy spread function with
99 % percentile. The smoothed signal is plotted in the panel (c) of Fig. 8. The smoothed
results of using the MFS5 and the wavelet de-noise method are shown in the panel (d) and
(e) respectively. Notes that a soft thresholding is used in the wavelet de-noise method and
threshold value is 0.9 generated by Matlab in-house tool (ddencmp). Although the figure
shows these filters almost have similar performance for a high frequency part in the raw data
(right column) except the WH method, one still can identify the wavelet de-noise method
has the poorest performance in this part and is followed by the MFS5 and the entropic
EMD. The same trend becomes even manifestly when one encounters the raw data with low
frequency part as shown in left column. Quantitatively, RMS values of the smoothed signal
by the four filters and real signal are 0.0064, 0.0091, 0.0107, and 0.0117 respectively.

6 Conclusions

An informatic approach based on the EMD method and the entropic analysis is devised in
this work for filtering out high frequency noise. The approach first applies the EMD method
to decompose a time-series data into several components, IMFs, with different instantaneous
frequencies. The entropic analysis then identifies how many IMFs that have high frequencies
are parts of noise. Thus a clean signal that is closest to the real signal is given by superimpose
of rest of the IMFs. In addition, one can estimate SNR value of a signal using the energy
ratio Rk̂, Eq. (7). We also show that the Rk distribution for different k values can be used
to determine limitation of the entropic EMD filter or the EMD method.

We first examine the entropic EMD filter by studying a simple test signal, which is con-
taminated by six white Gaussian noises with different intensities. The results are compared
to the WH method, the five-point mean filter, and the wavelet de-noise method. Our nu-
merical analysis using RMS and noise variance shows the entropic EMD filter to outperform
others in all cases. Besides, the Rk̂ calculation correctly estimates the real SNR value when
the real SNR value is larger than 0 dB. At last, a demonstration of removing noise in a real
time-series signal by the entropic EMD is presented. We consider a sound wave signal that
records a male voice with sampling rate 44.1kHz and some background noises, which is addi-
tionally contaminated by a white Gaussian noise with SNR=0 dB. We apply four filters, the
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entropic EMD, the WH method, the 5-point mean filter, and the wavelet de-noise method
to remove white Gaussian noise. The entropic EMD filter again is found to outperform the
three other filters especially in low signal frequency part.

Two remarks are addressed at last. Because the EMD method is an adaptive method that
can decompose either non-stationary, nonlinear, or both time-series data, one can expect
wide applicability in removing noise from such types of data from the entropic EMD. In
addition, one may expect the proposed approach to be apply for source separation if pertinent
references are introduced.

Acknowledgment

This work is partially supported by grants 95-2811-M-008-016 to CYT and 95-2112-M-008-
004 to HCL from the National Science Council, Taiwan, ROC.

References

[1] R. Hammings, Digital filters, 3rd Ed., London: Prentice-Hall International, Inc., 1989.

[2] J. Polygiannakis, P. Preka-Papadema, and X. Moussas, “On signal-noise decomposition
of time-series using the continuous wavelet transform: application to sunspot index”,
Mon. Not. R. Astron. Soc. 343, 725-734 (2003).

[3] Donoho, D.L.; I.M. Johnstone, ”Ideal spatial adaptation by wavelet shrinkage,”
Biometrika 81, 425-455 (1994).

[4] Donoho, D.L.; I.M. Johnstone, G. Kerkyacharian, D. Picard , ”Wavelet shrinkage:
asymptopia,” Jour. Roy. Stat. Soc., series B 57, 301-369 (1995).

[5] Donoho, D.L.; I.M. Johnstone, ”De-noising by soft-thresholding,” IEEE Trans. Inf.
Theory, 41, 613-627 (1995).

[6] M. Lang, H. Guo, J. E. Odegard, C. S. Burrus, and R. O. Wells Jr., “Noise reduction
using an undecimated discrete wavelet transform”, IEEE Signal Process. Lett. 3, 10-12
(1996).

[7] K. Sternickel, A. Effern, Klaus Lehnertz, T. Schreiber, and P. David, “Non-linear noise
reduction using reference data”, PR E63, 0362091-0362094 (2001).

[8] N. E. Huang, Z. Chen, S. R. Long, M. L. Wu, H. H. Shih, Q. Zheng, N. C. Yen, C.
C. Tung, and H. H. Liu, The empirical mode decomposition and Hilbert spectrum for
nonlinear and nonstationary time series analysis, Proc. R. Soc. London A454, 903-995
(1998)

10



[9] P. Flandrin, G. Rilling, and P. Goncalvés, Empirical Mode Decomposition as a Filter
Bank, IEEE Signal Proc. Lett. 11, 112-115 (2004).

[10] Z. Wu and N. E. Huang, “A study of the characteristics of white noise using the empirical
mode decomposition method”, Proc. R. Soc. Lond. A 460, 1597–1611 (2004).

[11] Z. Wu and N. E. Huang, “Statistical significance test of intrinsic mode functions”, Ch.
5

[12] B. Rosner, Chapter 7, Fundamentals of Biostatistics, 5th Ed., Pacific Grove, CA:
Duxbury, 2000.

[13] S. Kullback, Information theory and statistics, NY: Dover, 1997.

[14] C.-Y. Tseng, “Entropic criterion for model selection” Physica A 370 (2006).

[15] C.-C. Chen, C.-Y. Tseng, J.-J. Dong, “New entropy based method for variables selection
and its application to the debris-flow hazard assessment”, Engineering Geology (2007),
doi: 10.1016/j.enggeo.2007.06.004.

[16] D. R. Pauluzzi and N. C. Beaulieum, “A comparison of SNR estimation techniques for
he AWGN channel” IEEE trans. Comm. 48, 1681–1691 (2000).

[17] M. A. Dangl and J. Lindner, “How to use a prior information of data symbols for SNR
estimation” IEEE Signal. Proc. Lett. 13, 661-664 (2006).

11



Table 1: Comparisons of estimated and real SNR.

Real SNR (dB) Estimated SNR(dB)
30 33.41 ± 0.34
10 13.18 ± 0.21
5 8.17 ± 0.22
0 3.27 ± 0.32
-5 -1.27 ± 0.65
-10 -4.39 ± 1.92
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Figure 1: An example of the EMD method. Six IMFs and one residues are decomposed from
the test signal Sreal (t) = sin(2πfsit) with SNR=10 dB.
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Figure 2: An example of probability distributions of observing intensity in the Nk (t) and
the N noise

k (t) for the case of SNR=10 dB.
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Figure 3: Comparison of RMS ratio vs different SNRs, in which contaminated data is
smoothed through five methods.

Figure 4: Comparison of variance ratio vs different SNRs, in which contaminated data is
smoothed through five methods.
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Figure 5: The Rk distribution of white Gaussian noise with three different intensities. Black
line is a linear function fitting to the mean Rk.

Figure 6: The Rk distribution of data, which is contaminated by white Gaussian noises
with five different intensities denoted by hollow symbols. Dark symbols denoted the Rk

distribution of noises.
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Figure 7: Limitation of the entropic EMD. Panel (a) shows the Rk distribution of data with
different ratio of sampling rate and signal frequency; Panel (b) shows RMS of smoothed data
and real signal vs. the ratio.
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Figure 8: Demonstration of four filters. Panel (a) shows a male voice signal in dark line and
is contaminated by a white Gaussian noise with SNR=0dB shown in light grey line. Grey
line in Panel (b), (c), (d), and (e) represents smoothed signal by the entropic EMD, the WH
method, the MFS7, and the wavelet de-noise method respectively.
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Figure 9: The figure plots relative noise and signal explanatory power from the entropic
EMD.

Figure 10: The figure plots logarithm of energy density vs. mean period of each IMF (hollow
square) and energy spread function with 99% percentile of white Gaussian noises.
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