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Adaptive Multiscale Entropy Analysis of
Multivariate Neural Data
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Abstract—Multiscale entropy (MSE) has been widely used to
quantify a system’s complexity by taking into account the multiple
time scales inherent in physiologic time series. The method, how-
ever, is biased toward the coarse scale, i.e., low-frequency compo-
nents due to the progressive smoothing operations. In addition, the
algorithm for extracting the different scales is not well adapted to
nonlinear/nonstationary signals. In this letter, we introduce adap-
tive multiscale entropy (AME) measures in which the scales are
adaptively derived directly from the data by virtue of recently de-
veloped multivariate empirical mode decomposition. Depending
on the consecutive removal of low-frequency or high-frequency
components, our AME can be estimated at either coarse-to-fine or
fine-to-coarse scales over which the sample entropy is performed.
Computer simulations are performed to verify the effectiveness of
AME for analysis of the highly nonstationary data. Local field po-
tentials collected from the visual cortex of macaque monkey while
performing a generalized flash suppression task are used as an
example to demonstrate the usefulness of our AME approach to
reveal the underlying dynamics in complex neural data.

Index Terms—Entropy, local field potential (LFP), multiple scale
analysis, multivariate empirical mode decomposition (MEMD).

I. INTRODUCTION

THE CONCEPT of entropy has been widely used to mea-
sure complexity [1]. Among many measures, multiscale

entropy (MSE) has been one of most effective methods that ex-
plicitly accounts for the multiple time scales inherent in complex
physiologic data [2]. In MSE, the scales of data are determined
by the so-called coarse-grained procedure, whereby, e.g., at the
scale n, the raw time series first is divided into the nonoverlaping
windows with the length of n, and each window is then replaced
by its average [3]. MSE is finally computed by applying sample
entropy (SampEn) [4], a robust single-scale entropy estimate,
over these scales. The coarse-grained procedure essentially rep-
resents a linear smoothing and decimation of the original time
series. As a consequence, only coarse-scale or low-frequency
components are captured; the high-frequency components at
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fine scales are lost. Moreover, due to the linear operations, the
algorithm for extracting the different scales is not well adapted
to nonlinear/nonstationary signals [3].

In this Letter, adaptive multiscale entropy (AME) is proposed
to estimate the entropy of the data over multiple adaptive scales
that are intrinsically determined by multivariate empirical mode
decomposition (MEMD) [5]. The EMD is a fully data-driven
time-frequency technique that adaptively decomposes a signal
into a finite set of amplitude-frequency modulated components,
namely intrinsic mode functions (IMFs) [6]. The IMFs are de-
fined so as to exhibit locality in time and to represent a single
oscillatory mode (scale). Despite the EMD becoming a de facto
standard for the analysis of nonlinear and nonstationary sig-
nals, the mode-misalignment1 and the mode-mixing2 problems
present a major barrier for the analysis of multivariate time se-
ries. The MEMD has been recently developed to remove the
barrier by extending the EMD to multivariate time series, which
has become increasingly common in neuroscience.

Depending on the consecutive removal of low-frequency or
high-frequency IMFs extracted by the MEMD, our AME can be
estimated at either coarse-to-fine or fine-to-coarse scales upon
which the SampEn is performed. The fine-to-coarse AME is
similar to the MSE with emphasis on the low-frequency com-
ponents in the data, but its scale is adaptive to the data. The
coarse-to-fine AME is essentially the same as the intrinsic mode
entropy [7], but the scales in our approach are derived from the
MEMD to overcome the above-mentioned EMD problems. The
coarse-to-fine and fine-to-coarse can be used individually or
used in tandem to reveal the underlying dynamics of complex
systems.

The paper is organized as follows. In Section II, we first briefly
recall the MSE and the recently developed MEMD methods,
then introduce our proposed AME method; in Section III, we
first conduct the computer simulation to validate our method,
then use cortical local field potential (LFP) data collected from
the macaque monkey while performing the generalized flash
suppression (GFS) task [8] as an example to demonstrate the
effectiveness of our AME, at both the coarse-to-fine and the
fine-to-coarse scales, for revealing the underlying neural dy-
namics relevant to visual perception. Section IV includes the
conclusion.

1The mode-misalignment corresponds to a problem where the same-index
IMFs across multivariate data contain the different frequency modes so that the
IMFs are not matched either in scale or in the number.

2The mode-mixing occurs when a single IMF contains multiple oscillatory
modes and/or a single mode resides in multiple IMFs, which in many cases may
obscure the physical meaning of IMFs.
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II. METHODS

A. Multiscale Entropy (MSE)

The MSE was developed to measure the complexity over the
different scales of time series. The scales are determined by
the “coarse-grained” procedure, where the length of the coarse-
grained time series is equal to the length of original time series
divided by the scale factor n [3]. In fact, the procedure repre-
sents a linear smoothing and decimation of the original time
series, eliminating high-frequency components. MSE is finally
obtained by computing sample entropy (SampEn) over these
scales.

The SampEn is a robust measure of entropy at a single scale
due to its insensitivity to the data length and immunity to the
noise in the data [4]. The SampEn first embeds a time series
into an m-dimensional space. The probability Bm (r) that two
vectors in the m-dimensional space match is then computed by
counting the average number of the vector pairs. The match of
two vectors in the embedded space is defined as their distance
lower than the tolerance r. Similarly, Am (r) is defined for the
embedded dimension of m + 1. The SampEn is then calculated
as SampEn(I,m, r) = − ln (Am (r)/Bm (r)). The selection of
parameters for m and r is critical in the calculation of SampEn.
In this study, m and r were chosen as 2 and 0.2 in accord with [9],
for minimizing the standard error of entropy estimation.

B. MEMD

The MEMD is the multivariate extension of EMD. The
EMD [6] acts as a fully adaptive data-driven method that de-
composes a time series into a finite set of scale-dependent IMFs,
which represent its inherent oscillatory modes. Specifically, for
a time series x(t), all the local extrema are first identified,
and then two envelops emin(t) and emax(t) are obtained by
interpolating between local maxima (respectively, minima) to
compute the local mean m(t) = (emin(t) + emax(t)) /2. The
detail c(t) = x(t) − m(t) is finally iterated until it becomes
an IMF (the symmetric envelops and the same numbers of
zero-crossing and local extrema, differing at most by one).
The residue by removing IMFs from raw signal is subject to
the previous procedure for the next IMF until the monotonic
residue is left. Hence, a time series x(t) can be expressed as:
x (t) =

∑N
j=1 Cj (t) + r(t), where Cj (t), j = 1,. . ., N are the

IMFs, and r(t) is the residue.
Although the EMD has become an established tool for the

analysis of the univariate time series, the mode-misalignment
and the mode-mixing problems limit its further application on
the multivariate time series. Recently, MEMD has been pro-
posed to extend the application of EMD to multivariate time
series [5]. An important step in the MEMD method is the cal-
culation of local mean, as the concept of local extrema is not
well defined for multivariate signals. To deal with this problem,
MEMD projects the multivariate signal along different direc-
tions to generate the multiple multidimensional envelops; these
envelops are then averaged to obtain the local mean. For an
n-variable signal, the MEMD algorithm is briefly summarized
as follows.

1) Construct the suitable point set (e.g., the Hammersley se-
quence) for sampling on an (n−1)-sphere.

2) Compute a projection pθk (t)}T
t=1 of the multivariate input

data {v(t)}T
t=1along a direction vector xθk for all k giving

pθk (t)}K
k=1 .

3) Locate the time points tθk
i according to maxima of the set

of projected signal pθk (t)}K
k=1 .

4) Interpolate [tθk
i ,v(tθk

i )] to acquire multivariate envelope
curves eθk (t)}K

k=1 .
5) Calculate the mean m(t) of the envelop curves for a set of

K-direction vectors, m (t) = (1/K)
∑K

k=1 eθk (t).
6) Iterate on the detail c(t) = x(t) − m(t) until it becomes

an IMF. The previous procedure is applied to the residue
r(t) = x(t) − c(t).

We note that the MEMD, while effectively dealing with the
mode-misalignment issue in multivariate data, does not always
resolve the mode-mixing problem. A recently proposed noise-
assisted MEMD [10] has shown to be a promising approach to
alleviate the mode-mixing problem, and is expected to be most
useful for data in which the dyadic filter bank decomposition is
relevant.

C. AME

Our proposed AME measure mainly consists of two steps:
1) perform the MEMD to decompose data into the aligned IMFs
at different scales, and 2) compute the SampEn over the selec-
tive scales. The scales are selected by consecutively remov-
ing either the high-frequency or low-frequency IMFs from the
original data. The way to select the scales results in two algo-
rithms, namely the fine-to-coarse AME and the coarse-to-fine
AME, which are outlined later. Note that both the fine-to-coarse
and the coarse-to-fine scales essentially represent the multi-
scale low-pass and high-pass filtering of the original signal,
respectively.

Algorithm 1: The fine-to-coarse AME
1) Perform the MEMD to obtain N-aligned IMFs across all

data (the residual is deemed as the last IMF).
2) Select the adaptive scales of data by consecutively remov-

ing the high-frequency IMFs, starting from the first IMF
Sk

f 2c =
∑N

i=k IMFi , k <= N .
3) The AME is calculated by applying the SampEn

over each scale to achieve a scale-dependent entropy,
AMEf 2c(k,m, r) = SampEn(Sk

f 2c ,m, r).
Algorithm 2: The coarse-to-fine AME
1) Perform the MEMD to obtain N-aligned IMFs across all

data (the residual is deemed as the last IMF).
2) Select the adaptive scales of data by consecutively remov-

ing the low-frequency IMFs, starting from the last IMF,
Sk

c2f =
∑N +1−k

i=1 IMFi , k <= N .
3) The AME is calculated by applying the SampEn

over each scale to achieve a scale-dependent entropy,
AMEc2f (k,m, r) = SampEn(Sk

c2f ,m, r).
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Fig. 1. Decomposition of a synthetic trivariate nonstationary signal [X, Y, Z]
via MEMD. The decomposed IMFs C1 and C2 perfectly restore the designed
components in the data and the common-mode IMFs are aligned.

III. RESULTS

A. Simulations

In this example, we generate a nonstationary trivariate signal
[X, Y, Z] (see Fig. 1) using two sinusoid waves with differ-
ent frequencies, one is of high frequency representing the fine
scale, another the low frequency representing the coarse scale.
In the simulated signal, each variable represents the different
combinations of the two sine waves: X is a concatenation of
two sine waves, Y is designed as a partially superposition, and
Z represents the concatenation of a time series of zeros and a
superposition of two sine waves. We use this synthetic signal to
verify the effectiveness of our AME in revealing the multiscale
information in the nonstationary data.

The MEMD is first performed to decompose the synthetic
nonstationary data. Fig. 1 shows that the raw data are decom-
posed into two IMFs that perfectly restore the designed com-
ponents in data, and the common modes inside the data are
aligned in the same-index IMFs. This data when processed by
the standard EMD separately for each variable would have seri-
ous mode-misalignment and mode-mixing problems, e.g., vari-
able X itself, in fact, is a mode-mixing IMF that the standard
EMD can not deal with. Given, the aligned IMFs, the scales
can be easily selected along fine-to-coarse and coarse-to-fine
directions. In both cases, the IMF C2 represents the coarse scale
of data whereas the IMF C1 is the fine scale. The AME are ob-
tained by applying the SampEn over both the fine-to-coarse and
coarse-to-fine scales. It turns out that our AME results faithfully
reflect the theoretical entropy values of the designed signals and
scales, as shown in Fig. 2(a). As a comparison, the MSE is also
applied to the synthetic data. As shown in Fig. 2(b), the results
of MSE fail to reveal the scale-dependent entropy information
in the data. For example, the MSE of X and Y on some scale
factors even reach 2, which is close to the theoretical value of
white noise, whereas the MSE of Z does not exhibit clear pattern
to describe the entropy information of the signal. Based on this
simulation, our AME shows two advantages over the standard
MSE: 1) it adaptively extracts the scales inherent in the nonsta-
tionary signal; and 2) it takes into account both coarse scales
and fine scales in the data.

Fig. 2. (a) Results of our AME and (b) original MSE on the synthetic signal
[X, Y, Z]. Our AME results faithfully reflect the theoretical entropy values of the
designed signal and components. However, the results of MSE fail to describe
the scale-dependent information in the synthetic signal.

Fig. 3. Representative LFP data (top row) are represented along the coarse-
to-fine (left column) and fine-to-coarse (right column) directions. The LFP is
decomposed into 11 IMFs, thus yielding 11 scales in each direction. Note that
data only at the first, sixth and the last scale are shown as illustration.

B. Application to Cortical Field Potential Data

In this section, we use the LFPs collected from visual cor-
tex of macaque monkey while performing a visual illusion task
as an example to demonstrate the effectiveness of our proposed
approach in capturing the underlying complex dynamics of neu-
ronal data.

The visual illusion task used here is called GFS, where a
salient visual stimulus could be rendered invisible despite con-
tinuous retinal input, providing a rare opportunity to study neu-
ral mechanisms directly related to perception [8]. In the GFS
task, after the monkey gained fixation, the target stimulus was
presented for 1400 ms, and immediately followed by the sur-
roundings stimuli. With the presence of the surroundings, the
target could be rendered subjective invisible. The monkey was
trained to respond to the visibility conditions such that the trial
was classified as either “visible” or “invisible.” Note that the
stimuli in these two conditions were physically identical. Mul-
tielectrode LFP recordings were simultaneously collected from
multiple cortical areas V1, V2, and V4 while monkeys per-
formed the GFS task. The data were obtained by band-pass
filtering the full bandwidth signal between 1 and 500 Hz, and
then resampled at 1 kHz [11]. In this study, the LFP after sur-
rounding onset on a typical channel of V4 area over 87 tri-
als were used as the example. Fig. 3 presents a representative
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Fig. 4. Coarse-to-fine AME results for two visibility conditions, invisible (red
diamonds) versus visible (blue squares). Error bars refer to the standard error
of mean. The leftmost red-diamond and blue-square are the entropy of the raw
data. The significant differences occur at the fourth–sixth scales. The sign “∗”
refers to p < 0.05.

Fig. 5. Fine-to-coarse AME results for two visibility conditions, invisible (red
diamonds) versus Visible (blue square). The significant differences occur at the
second scales indicated by “∗.” Conventions are the same as in Fig. 4.

Fig. 6. MSE is applied to the LFP data for two visibility conditions. The
MSE in two conditions does not show significant difference at all the scales.
Conventions are the same as in Fig. 4.

LFP data together with its coarse-to-fine and fine-to-coarse
decompositions.

The MEMD is first performed on multitrial LFP data to pro-
duce the aligned scales across all trials, over which the AME are
obtained by computing the SampEn over obtained scales. Fig. 4
shows the coarse-to-fine AMEs between two perceptual con-
ditions, invisible (red diamonds) versus visible (blue squares).
From the figure, the entropy in both conditions exhibits the in-
creased trend as the coarse-scale IMFs are gradually discarded
and the significant differences occur at the fourth–sixth scales
(p < 0.05). For the fine-to-coarse AMEs (see Fig. 5), the entropy
in two conditions exhibits the decreased trend as the fine-scale
IMFs are consecutively removed, and the significant difference
occurs at the second scale (p < 0.05). As a comparison, the stan-

dard MSE is also performed to analyze the LFP data. The result
of MSE, as plotted in Fig. 6, shows that there is no significant
difference between two conditions. These results suggest that
our AME method can be used to reveal the underlying entropy
information retained in the intrinsic scales.

IV. CONCLUSION

In this Letter, AME based on MEMD is introduced to es-
timate entropy over the adaptive scales of signal. Our AME
is obtained by first performing the MEMD to decompose data
into the scale-dependent IMFs. The fine-to-coarse or coarse-to-
fine scales of data are then selected by consecutively remov-
ing the high-frequency or low-frequency IMFs, over which the
SampEn is applied. The simulation confirms that our AME is
effective for the analysis of nonstationary signal. The cortical
LFP data further demonstrate that our AME method indeed is
able to reveal the underlying complex dynamics in the nonlin-
ear/nonstationary neural data.
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