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A multivariate auto-regressive method
to estimate cortico-muscular coherence
for the detection of movement intent

G. Severini∗, S. Conforto, M. Schmid and T. D’Alessio
Department of Applied Electronics, Roma TRE University, Rome, Italy

Abstract. In this work a time-frequency approach to estimate the Cortico-Muscular Coherence for the detection of the movement
intent is presented, assessed on simulated data, and evaluated experimentally during different motor tasks performed by healthy
subjects and patients suffering from different types of tremor. Cortico-Muscular Coherence is an index of the coupling of EEG
signal in the cortical area with sEMG activity in the frequency domain, and its contributions in the beta band (15–30 Hz) have
been associated to the movement intent. Cortico-Muscular Coherence estimation is here achieved by considering a closed-loop
representation of the signals under analysis obtained through Multivariate Auto Regressive modeling. Significance levels for
Cortico-Muscular Coherence are assessed by means of a surrogate data analysis approach. The detection technique is able to
reveal significant Cortico-Muscular Coherence changes in 79% of the experimental trials, with a mean anticipation of 1.35
s with respect to movement onset. Time-frequency estimation of Cortico-Muscular Coherence can provide an insight for the
development of a multimodal BCI able to integrate information from the brain activity in the functioning of assistive devices.
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1. Introduction

In the last years, many efforts have been dedicated to
the study of how the motor cortex controls and synchro-
nizes muscle activity during voluntary movements in
humans. Some of these studies are based on the cross-
analysis of cortical and muscular signals acquired
simultaneously during various movement tasks.

Spectral coherence is an index of the coupling of
two signals in the frequency domain and can be used
to assess the common drives present in contemporary
recordings of the two signals under analysis. If those
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signals are coming from cortical areas and muscular
fibers, the term used is Cortico-Muscular Coherence
(CMC) [1]. From a physiological point of view, CMC
reflects the synchronization of motor units discharge
at different frequencies by several descending drives.

Magnetoencephalographic recordings (MEG) in
man show CMC between the controlateral cortical sig-
nal from the primary motor cortex and EMG activity
in the beta band (15–30 Hz) during weak contractions
of forearm and hand muscles [2, 3]. These results have
been obtained also using EEG signals [4]. The oscil-
latory drives in the beta band have been associated to
voluntary muscular activity during submaximal con-
tractions [1, 4]. As presented in [5], results obtained in
this sense suggest that the rhythmic drive to human
muscles in the beta band may originate in the pri-
mary motor cortex and contributes to the overall �
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rhythm (8–12 Hz) recorded from the motor cortex.
This rhythm disappears during voluntary movements,
although some rhythmic activity re-appears during iso-
metric contractions [6]. Coherence contribution in the
band between 5 and 12 Hz seems instead to be related
to the central elements of physiological tremor [2] and
pulsatile organization of movement [7], although no
convincing evidence of motor cortex drive has been
proven, and only occasionally sub-peaks at these fre-
quencies have been seen in coherence spectra of the
MEG signal from the motor cortex and EMG activity
[3].

In order to estimate CMC, many methods have been
developed in the past years: the standard approach
to coherence estimation is represented by Welch’s
Fourier-based periodogram [1, 4], while also time-
frequency approaches based on wavelet analysis have
been used to investigate coherence evolution during
arm or finger movements [6, 8]. Autoregressive mod-
eling of the signals [9, 10] for CMC estimation has also
been studied.

Since these CMC contributions can be caused either
by cortical commands to the muscles or by the afferent
feedback from the contracting muscles [11], auto-
regressive multivariate methods for signal analysis
have been applied in order to study the directional
coherence contributions.

If the assessment of the time evolution of the CMC is
used to timely drive an assistive technology appliance,
a real-time CMC estimation is needed. In this case,
the standard Fourier-based method shows limitations
due to the use of an analysis window whose length
represents a critical issue.

In order to overcome the limitations of the standard
Welch’s approach, in this work we would like to apply
a method based on bivariate auto-regressive (BAR)
modeling [12] for the estimation of time-frequency
CMC. In this formulation, CMC can be calculated
from the parameters of the BAR model through a
closed-loop representation of their generation. Besides
being an alternative and efficient way to investigate
time-frequency CMC contributions, the BAR approach
can be tested as a component of a multimodal Brain
Computer Interface (BCI) able to gain information on
voluntary activity from CMC occurrences in the beta
band. BCI is intended as a specialized interface that,
using particular features extracted from the electrical
activity of the brain, allows a subject to communicate
directly to a computer or a computer-controlled device
[13]. In order to make the BCI systems sufficiently

accurate, the patient needs to be trained on how to con-
trol the assistive device, by voluntarily modulating the
brain activity related to particular tasks. A different
approach consists of extracting the control signals for
the assistive device directly from the spontaneous brain
activity, thus avoiding the training effort of the patient
[14, 15].

The proposed work has been developed in the
framework of the TREMOR project (FP7 action
ICT-2007.7.2 “Accessible and Inclusive ICT”, grant
number ICT-2007-224051). The goal of this Euro-
pean Project is to develop a Functional Electrical
Stimulation (FES)-based device able to counteract
tremor without affecting the normal execution of
voluntary movements. The final system outlined in
TREMOR, that can be classified as an assistive tech-
nology instance, is intended to incorporate a movement
intent section based on data coming from EEG and
EMG signals.

In this manuscript, CMC is proposed as a solution
for the detection of movement intent in tremor-affected
patients and healthy subjects.

2. Materials and methods

2.1. Coherence estimation

Spectral coherence represents the correlation
between two signals in the frequency domain. Coher-
ence can be expressed by using its squared form, that
is defined as in (1):

|R12(ω)|2 = |P12(ω)|2/P11(ω)P22(ω) (1)

where P12(ω) is the cross spectral density of the two
processes x1(n) and x2(n) and P11(ω) and P22(ω) are
the corresponding auto-spectral densities.

The estimation of R12(ω) for time-limited real sig-
nals can be obtained by either non-parametric [16] or
parametric approaches. In the following, the focus will
be on parametric techniques for CMC estimation, thus
labeling EEG signal samples as x1(n), and EMG signal
samples as x2(n).

2.2. Signal modeling

CMC can be estimated by using a BAR model of
EEG and EMG signals. It has been chosen in order
to overcome the time-frequency resolution problems
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of the Fourier-based methods, and to benefit from
a modeling approach in terms of understanding the
interconnections between two signals during their gen-
eration process. In BAR models, the current sample
of each signal depends on past inputs of the signal
itself and past inputs of the other signal, plus a White
Gaussian Noise (WGN) realization sample of a given
variance, thus making the generation of the two pro-
cesses strongly interconnected, as described in (2).

x1(n) = −
p∑

k = 1

a11(k)x1(n − k)−
p∑

k = 1

a12(k)x2(n − k) + u1(n)

x2(n) = −
p∑

k = 1

a21(k)x1(n − k)−
p∑

k = 1

a22(k)x2(n − k) + u2(n) (2)

where aij represent the coefficients of the BAR model,
u1,2(n) represent the WGN realizations used as inputs,
and p is the order of the BAR model, that for the sake
of simplicity has been chosen as the same for all the
AR blocks.

Each set of coefficients (aij) can be represented in
the z-domain by (3):

Aii(z) = −
p∑

k = 1

aii(k)z−k,

Aij(z) = −
p∑

k = 1

aij(k)z−k (3)

These functions are then used to calculate the
squared coherence between the two processes by
means of a closed-loop representation of the whole
process as explained in [12].

2.3. Closed-loop representation and coherence
estimation

The transfer functions of the closed loop are rep-
resented in Fig. 1, and can be characterized from
the coefficients of the autoregressive model (as in
equation 3). The closed-loop blocks can be obtained
from:

Hi(Z) = 1/(1 − Aii(Z)) (4)

Gij(Z) = Aij(Z)/(1 − Aii(Z)) (5)

Fig. 1. Closed-loop representation of EEG and EMG signals gener-
ation.

From (5), the sensitivity function S is defined as:

S(Z) = (1 − G12(Z)G21(Z))−1 (6)

The auto-spectra and the cross-spectrum, and con-
sequently the squared coherence in the frequency
domain, can be obtained from the parameters just cal-
culated as in equations 7, 8 and 9:

P11(ω) = |S(ejω)H11(ejω)|2γ1 + |G12(ejω)

S(ejω)H22(ejω)|2γ2 (7)

P22(ω) = |S(ejω)H22(ejω)|2γ2 + |G21(ejω)

S(ejω)H11(ejω)|2γ1 (8)

P12(ω) = G21(e−jω)|S(ejω)H11(ejω)|2γ1 +
|G12(ejω)S(ejω)H22(ejω)|2γ2 (9)

where γ1 and γ2 are the covariance values of the two
WGN realizations u1(n) and u2(n) feeding the closed-
loop. Following the definition of coherence, it is then
possible to estimate the squared coherence as in (1).

This closed-loop representation of the EEG-EMG
generation offers the possibility to estimate also the
directional coherences, by alternatively zeroing the
transfer functions of the blocks representing the cross-
dependencies of the signals (namely G12 and G21), thus
splitting the contributions of spectral coherence into
the two cause-effect directions.

2.4. Time-frequency analysis

In order to assess the time evolution of CMC, the
analysis has been implemented by segmenting the sig-
nals through an observation window sliding at fixed
time steps. The window length and time shift are
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respectively 2.5 s and 0.06 s. For each segment, the
coefficients of a BAR model are estimated, and the
coherence is correspondingly calculated, thus build-
ing a CMC time-frequency map. For the calculation
of the AR parameters of the signals under exami-
nation, the package ARFIT [17, 18] has been used.
The order of the bivariate AR process has been set at
p = 13.

2.5. Significance level estimation

Significance level estimation needs to be assessed in
coherence estimation. In the Welch’s approach, signifi-
cance level is obtained according to [4], that depends on
both the number of non-overlapping windows used to
estimate the spectrum and the expected level of signifi-
cance for the null hypothesis. In the case of AR spectral
estimation, an alternative way of calculating the sig-
nificance level is needed. An elegant solution in these
regards is based on surrogate data analysis as presented
in [19]: for each original signal pair, 40 surrogate pairs
are calculated, randomly permuting the phase infor-
mation of the Fourier transform of the series, thus
destroying the original coherence coupling. Coherence
is then obtained for each pair of the surrogate series,
and, for each frequency value, the probability density
function of the surrogate data values is estimated. The
threshold is then set at the 100(1-�) percentile, with �
being the significance level chosen (in this case 0.05).
The values of CMC that are below the threshold are
considered as not significant and are thus zeroed in the
final coherence map.

2.6. Detection algorithm

After assessing the significance level for the coher-
ence map, a detection algorithm is performed in order
to extract a digital signal where the level “high” indi-
cates the presence of coherence contributions in the
beta band. A threshold value equal to the mean value
plus two times the standard deviation of the whole
contribution of the coherence in the beta band in a
given time step is calculated. For every time step, if
the average of all the coherence values in the beta band
exceeds the threshold, the control signal is set at the
“high” level. If state transitions (both high and low) are
shorter than 50 ms, the algorithm does not take them
into account.

3. Performance on simulated data

The first analysis performed on this method com-
pares the time-frequency maps obtained by the BAR
approach with those obtained by the Welch’s peri-
odogram on a set of simulated data. EEG signal has
been simulated as a colored noise with frequency con-
tent between 0.5 and 100 Hz, while EMG signal has
been generated by modeling white noise through the
Stulen-De Luca filter [22]. A common drive of narrow-
band (4 Hz) noise series has been added to both signals
in the beta band in order to simulate CMC contribu-
tions for a fixed amount of time (11 s). Simulated time
series have been processed in a time-frequency frame-
work by using Welch’s approach and the proposed
BAR method. The length of the observation window
and the time-step was the same for both analyses (2.5 s
and 0.06 s, respectively). Both CMC maps underwent
significance level estimation according to the method
explained in section 2.5.

It can be noticed from Figs. 2a and 2b that the BAR
approach offers a better frequency resolution as com-
pared to the Welch’s approach. In the BAR analysis
the noise series common to both signals are recogniz-
able, while in Welch’s coherence analysis they cannot
be distinguished.

4. Performance on experimental data

The method previously explained has then been used
to analyze movements performed by two healthy sub-
jects and four patients affected by rest tremor (4–6 Hz)
and postural tremor (5–8 Hz), with different causing
pathologies and different impairment levels.

4.1. Experimental protocol

Data have been recorded during three different
motor tasks: a wrist task (WT), in which the subject
is still in sitting position and performs a single wrist
flexion-extension movement; an arms outstretched task
(AOT), in which the subject is required to raise her/his
arms and then maintain both the arms outstretched; a
finger to nose task (FNT), in which the subject, starting
from a rest position, has to move her/his finger to the
nose 10 times. AOT and FNT tasks are preceded by a
single wrist extension movement that has been used as
a common reference between patients and tasks for the
detection of actual movement intent. An acoustic cue
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Fig. 2. Time-frequency coherence analysis performed using the proposed method (a) and the standard Welch’s algorithm (b). Analysis has been
performed on simulated EEG and EMG signals with two common narrowband (4 Hz) noise series, centered respectively around 17 and 23 Hz,
between 4 and 15 seconds.

was used to warn the subjects about the beginning of
every task. All the recording sessions last between 30
and 50 s.

EEG signals have been acquired at a sampling
frequency of 1000 samples per second using tin elec-
trodes; then they have been notch filtered at 50 Hz and
low-pass filtered at 60 Hz. The EMG signals have been
recorded using two matrices of 6 electrodes [20] with
an inter-electrode distance of 8 mm. The best electrode
(in terms of SNR) has been chosen and processed for
each array. The muscles analyzed in this work, depend-
ing on the tasks previously indicated, are the Extensor
Carpi Ulnaris (ECU), the Flexor Carpi Ulnaris (FCU)
and the Biceps Brachii (BIC). The EMG signal has
been notch filtered at 50 Hz, rectified and then low-
pass filtered at 60 Hz in order to maintain relevant CMC
contributions in this band. Finally all the signals have
been sub-sampled at a frequency of 150 samples per
second. CMC has then been estimated by using EEG

signals from C3 or C4 electrodes, (in a controlateral
configuration with respect to the EMG) depending on
the arm (right arm – C3; left arm – C4) and using
EMG signals from the best electrode of the most rele-
vant muscle involved in each task. A total of 33 trials
have been analyzed.

In order to compare the timing of the coherence con-
tributions in the beta band with the actual occurrence
of the voluntary movement, an algorithm for the detec-
tion of muscular activation from the EMG signal has
been used [21].

4.2. Analysis on experimental data

Figures 3 to 5 present three different examples
of time-frequency CMC maps for the tasks taken
into account, together with a rectified EMG plot for
every map used as a timing reference for the actual
movement.



140 G. Severini et al. / A multivariate auto-regressive method to estimate cortico-muscular coherence

Fig. 3. Top panel represents coherence analysis between C3 electrode and EMG at the right ECU on a rest task for patient 01. Middle panel
represents the digital output of the algorithm highlighting CMC contributions in the beta band. Bottom panel shows the corresponding EMG
activity estimated using Bonato’s algorithm.

Fig. 4. Top panel represents coherence analysis between C3 electrode and EMG at the right ECU on a rest task for patient 02. Middle panel
represents the digital output of the algorithm highlighting CMC contributions in the beta band. Bottom panel shows the corresponding EMG
activity estimated using Bonato’s algorithm.

As previously shown, CMC contributions in the beta
band have been associated to the planning and execu-
tion of the voluntary movement. So the aim of this

analysis is to detect coherence intervals in this band
before and during the actual movement, and to iden-
tify possible recurring patterns in patients and healthy
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Fig. 5. Top panel represents coherence analysis between C3 electrode and EMG at the right BIC on a FN task for patient 04 during two
consecutive movements. Middle panel represents the digital output of the algorithm highlighting CMC contributions in the beta band. Bottom
panel shows the corresponding EMG activity estimated using Bonato’s algorithm.

Table 1
Mean value, standard deviation and observed percentage on trials
values for CMC contributions anticipating the execution of the first

movement

Mean Standard Observed
anticipation deviation percentage

Patients 1.41 s 0.47 s 77%
Controls 1.06 s 0.28 s 83%
Overall 1.35 s 0.45 s 79%

subjects. It can be noticed from the figures that distinc-
tive significant coherence values can be detected in the
beta band right before (0.5 s to 2.5 s) the beginning
of the first (wrist) movement in the tasks taken into
account.

This behaviour has been observed in 79% of the
analyzed trials (83% in controls, 77% in patients) with
a mean value of anticipation of 1.35 s with respect to
the actual movement, and a standard deviation of 0.45 s
(see Table 1).

Also in 50% of the analyzed trials no signifi-
cant CMC contributions in the beta band have been
observed during the execution of the first (wrist) move-
ment (as in Fig. 3). As observed in the literature [1, 6],
sustained movements present high beta-band coher-
ence contributions during the execution (as shown in
Fig. 4). Nevertheless, in tasks where several abrupt
movements are present (Fig. 5), it is not possible to
distinguish among CMC changes associated with each
single movement.

5. Discussion and conclusions

In this work a method based on bivariate auto-
regressive (BAR) modelling for the estimation of
time-frequency CMC has been applied and tested
on simulated signals and on data recorded on two
healthy subjects and four patients affected by tremor
impairment. Results on simulated signals show that
this method is able to provide better results in the
time-frequency domain with respect to the Welch’s
approach. Analysis on data from experimental trials
shows how coherence contributions in the beta-band,
which have been linked in literature to the execution of
voluntary movements, show significant values before
and during the actual execution of the tasks. It can
be speculated that CMC contributions preceding the
beginning of the current movement could be caused
by the descending drives modulating tonic muscular
activity, triggered by the acoustic cue indicating the
beginning of the task [23].

Nevertheless, it is not possible to gain stable infor-
mation in abrupt movements. No particular differences
have been noticed between healthy subjects and tremu-
lous patients in the tasks taken into account, although
it has to be pointed out that no major tremor episodes
were present during these trials.

The algorithm proposed in this work is imple-
mentable in real-time, with the limitation of a buffer
given by the presence of the analysis window. By prop-
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erly selecting the length of the observation window and
the time step of the analysis, it is possible to overcome
the computational complexity of the approach that is
now limited by the procedure for significance level esti-
mation. The BAR model is also able to provide, with
respect to the Welch’s approach, a better frequency
resolution.

This work proves the validity of the use of a BAR
approach in the estimation of CMC. The information
obtained using this method can be integrated with
information regarding muscular activations (related
both to tremor and voluntary movement) and with that
coming from kinematic and kinetic sensors. In partic-
ular, CMC contributions in the beta band prior to the
execution of a given movement can be used as an index
of the beginning of voluntary activity, thus putting the
basis for the possible integration of this method in a
multimodal BCI-driven control system, which takes
into account joint contributions gained from both EEG
and EMG signals.
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