
Abstract—EEG-EMG coherence has been recently used to 
investigate the motor system in humans. Typically this is 
performed by calculating the coherence between a single 
EEG electrode and a rectified EMG channel. However, there 
are strong biological reasons to expect that the cortical to 
muscular communication is many-to-many as opposed to 
one-to-one. Here we describe the use of Independent 
Component Analysis (ICA) to find linear combinations of 
EEG channels and EMG channels separately. Empirical 
Mode Decomposition (EMD) is then used to determine 
Intrinsic Mode Functions (IMFs) that estimated the envelope 
of the EMG ICs. We demonstrate that at least 2 EEG ICs 
correspond with EMG IC IMFs with much greater 
significance that the pairwise EEG-EMG comparison. 
Moreover, the proposed method successfully untangles the 
~10Hz and ~30Hz effects of the corticomuscular coupling 
which are thought to underlie different neural processes. We 
suggest that the ICA/EMD approach is worthy of further 
exploration. 

 
Index terms—Electroencephalography, Electromyography, 

Independent Component Analysis, Empirical Data 
Decomposition 

A. INTRODUCTION – EEG/EMG COUPLING 
EEG/EMG coherence, whereby simultaneously-recorded 
EMG and EEG signals are compared in the frequency 
domain,  has been used to infer the coupling between the 
primary motor cortex and the musculature, the final 
pathway in the human motor system. This method has 
demonstrated alterations in estimated coupling as a 
function of motor task, and in diseases of the motor 
system, such as Parkinson’s disease. 

The standard approach of estimating the coherence 
between a single EEG channel and a single rectified EMG 
channel is fundamentally limited by: 

Assumed temporal stationarity of the EEG and EMG 
spectra. However, motor movements are naturally 
dynamic and non-stationary. 

The common formulation of coherence relies on pairwise 
comparisons. Nevertheless the biology suggests that the 
mapping between the brain and musculature is many-to-
many, as opposed to one-to-one [1]. 

Rectification (taking the absolute value) of the EMG to 
estimate the envelope. While rectification of the EMG 
when it clearly consists of individual motor units 
separated in time may result in the frequency spectrum 
approaching that of the envelope frequency [2], such a 
situation rarely occurs in practise with surface EMG 
during anything more than a minimal contraction – the 
typical scenario. 

While newer approaches, such as the wavelet coherence 
[3] [4] may address issue 1), here we examine the latter 
two issues. 

B. MANY-TO-MANY COMPARISONS ARE MORE 
BIOLOGICALLY APPROPRIATE 

Clinically, the pathological situation of cortical 
myoclonus, which can be considered the equivalent of a 
motor cortical command delta function, δ(t), results in 
several muscles being activated as opposed to individual 
muscles [5]. Georgopoulos has proposed a linear model 
where cortical movement commands may be distributed, 
by way of central pattern generators (CPGs) in the spinal 
cord, to several muscles [6]. 

The many-to-many mapping between cortex and the 
muscular suggests that looking at several EEG channels 
and several EMG channels may enhance the sensitivity of 
detecting coupling between these two sets of channels. 

First, consider the problem of meaningfully combining 
sEMG recordings in a biologically plausible manner that 
will result in the greatest coupling with ongoing EEG 
rhythms. If numerous simultaneous sEMG recordings are 
recorded from several electrodes distributed over many 
muscles during a movement, then following 
Georgopoulos we can model the sEMG recorded from 
each electrode to be the linear superposition of activity 
from different CPGs that are independently modulated by 
the cortex. Specifically, consider several central pattern 
generators, Ck, that are independently cortically activated, 
with each Ck resulting in distributed activity across 
several muscles recorded with many sEMG electrodes, 
Mj. Thus,    
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where Mj represents the muscle electrical activity 
recorded from the jth electrode, Ck represents the relative 
activation of the kth CPG by way of an independent 
cortical command, and the matrix Uj,k represents the 
relative amount the kth CPG activates the part of the 
muscle recorded from the  jth electrode, and c is the total 
number of active CPGs. Given the electrode recordings 
(Mj’s)  and not knowing any of the CPGs (Uj,k’s), it is 
desirable to estimate the different cortical influences 
(Ck’s). If the Ck’s are assumed to be independent, and c 
can be estimated, this is possible with the statistical 
technique of Independent Component Analysis (ICA) [7]. 
In prior work, we have demonstrated that the ICs of EMG 
correlated better with ongoing EEG rhythms than either 
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the Principal Components of the EMG or individual EMG 
channels alone [8]. 

A critical assumption in (1) is that the Ck's are 
independent, which we suggest is a plausible assumption 
based on a body of neuroscience results.   As movement is 
necessary for survival of any mammal, it can be assumed 
that there have been strong evolutionary pressures for the 
motor system to make decisions quickly, correctly, and 
efficiently.  Here we suggest that the Ck's represent a 
'factorial code', i.e. a code in which the probability of 
observation of a particular signal is a product of 
independent factors.  Barlow has suggested that the brain 
utilizes factorial codes as an efficient means for 
redundancy reduction and ultimate transfer of information 
between neural structures [9].  In fact, computational 
models have demonstrated that factorial codes maximize 
information transfer [10] and therefore would be the most 
efficient for transferring information from the motor 
cortex to the spinal cord, and then to the muscles.  

1) ICA applied to sEMG 
If the digitized sEMG recorded for t sampling periods can 
be represented as an n by t data matrix, M, the sEMG 
during the epoch can be linearly transformed into a new 
set of waveforms, C, by an n by n matrix W, giving: 

 C = W M  (2) 

where C is an n by t matrix of transformed waveforms, W 
is an n by n matrix containing combinations of channels, 
and M is the n by t data matrix. If W is an invertable 
matrix, we can define U as the inverse of W, i.e.,  U = W -
1, so that: 

 M = U C (3) 

Note the relationship of (3) to (1).  

If we assume that the relative activations of the CPGs 
(C's) are independent, and that the relationships defined 
by the CPGs are stationary over the epoch, then we 
should judiciously choose W in (2) so that the rows of C 
are as independent as possible. Calculation of the matrix 
W in this way is possible with the Independent 
Component Analysis (ICA) algorithm of Bell & 
Sejnowski [7]. Standard multivariate techniques, such as 
principal component analysis (PCA) also separate data 
into uncorrelated components.  However, PCA will only 
separate the data into statistically independent (as 
opposed to merely uncorrelated) components if the 
underlying components are Gaussian.  This is 
inappropriate as most biological signals (EMG, EEG, 
neuronal spike trains, etc.) are highly non-Gaussian, 
necessitating methods that take into account the higher 
order statistical moments of the underlying distributions. 

2) ICA applied to EEG 
The EEG is often contaminated with artefacts, such as 
eyeblinks, eye movements, temporalis muscle activation 
and EKG. In addition, ICA has been shown to be a 
powerful way to unmix different brain rhythms that may 
be temporally independent, but associated with highly 

spatially overlapping topographical distributions by the 
time they are recorded out on the scalp electrodes [11]. 

C. EMG ENVELOPE ESTIMATION BY EMPIRICAL 
MODE DECOMPOSITION (EMD) 

Like ICA,   EMD attempts to decompose a time series 
into individual components, so that the linear sum of the 
components approximates the original signal [12]. 
However, unlike ICA which examines linear 
combinations of simultaneous-recorded univariate time 
series, EMD works only on a univariate time series. In 
EMD, the components are referred to as Intrinsic Mode 
Functions (IMFs), subject to the following conditions: 

1. In the whole data set, the number of extrema and 
zero crossing must be equal (or differ at most by 
1) 

2. At any point the mean value of the envelope 
defined by the local maxima and the enveloped 
defined by the local minima must be zero. 

IMFs are extracted serially, by fitting cubic splines to the 
envelopes of the maxima and minima. Once an IMF has 
been determined it is subtracted from the original time 
series, and the processes is repeated until the residual is 
less than an arbitrarily chosen threshold. 

IMFs form a complete and ‘nearly’ orthogonal basis for 
the original signal. In some situations, different 
components may have sections with similar frequencies at 
different time durations, but locally, any two components 
will tend to be orthogonal. Because the IMFs are formed 
by explicitly fitting the envelope of a time series, we 
posited that IMFs derived from EMG recordings would 
more closely reflect underlying muscle firing activity, and 
therefore would better correspond with ongoing brain 
rhythms. 

D. METHODS 
After suitable consent was obtained, simultaneous EEG 
and EMG data were recorded from a single right-handed 
female subject. The subject was asked to squeeze with 
their right hand at 30% maximum voluntary contraction 
(MVC) for 45s. Twenty channels of EEG were recorded, 
with electrode positions in a standard 10-20 configuration. 
Data were digitized using a Synamps amplifier 
(Neuroscan, USA) digitized at 1kHz. A total of 11 
monopolar surface EMG electrodes were placed on the 
thenar eminence biceps, triceps, flexor carpi radialus, and 
flexor digitorum muscles. The EEG data were bandpass 
filtered at 0.5 to 70Hz. The EMG signals were high-pass 
filtered at 5Hz. Both EEG and EMG signals were later 
resampled to 200Hz to ease computational load. 



Infomax ICA [7] was applied to the EEG and EMG data 
sets separately. The EEG IC waveforms and scalp 
projections were inspected visually to determine which 
ones were likely coming from the motor cortex. 

Infomax ICA was also applied to the EMG data. EMD 
was applied to each EMG IC separately using software 
developed by Smith et al. [13]. Coherence was computed 
between the motor cortex and each IMF derived from 
each EMG IC. The largest coherence in the < 60Hz range 
from the different EEG IC / EMG IMF combinations was 
determined. 

To assess statistical significance, a null distribution of the 
coherence between the EEG IC and EMG IMF was 
calculated using permuted indices. This was repeated 
1000 times and the coherence of the unpermuted data was 
compared. 

To ensure that the coherence in the < 60Hz range was not 
entirely due to fact that the EMG IMF was bandpass 
limited we recalculated the coherence using a surrogate 
time series [2]: we calculated the Fourier transform of the 
EMG IMF, then randomly varied the phase at each 
frequency bin (ensuring that the inverse would be real). 
We then recalculated the coherence between the surrogate 
time series and the EEG IC. 

E. RESULTS 
One EEG ICA had a scalp distribution over the Left 
primary motor cortex and to a lesser extent, the 
homologous region on the right (Figure 1). 

 

Figure 1: EEG ICA 
component. Note 
predominant loading over 
lead F3 and C3 leads (left 
primary motor cortex) and 
also P4 (right primary motor 
cortex). 

. 

 

The greatest coherence was detected between this EEG IC 
and an IMF computed from one EMG IC. This coherence 
exceeded the coherence between the F3 lead and the 
rectified and unrectified EMG (Figure 2). This peak was 
deemed highly significant based on Monte Carlo 
simulations (Figure 3). 

Another IMF from the same EMG IC demonstrated 
significant coherence with another EEG IC component 
(Figures 4 and 5). In contrast to the first EEG IC /EMG 
IC IMF pair which demonstrated high coherence at 
~30Hz, this combination demonstrated the highest 
coherence at around 12Hz (Figures 4 and 5). 

 
 

 

Figure 3: Significance of EEG IC/ EMG IC IMF peak shown in Figure 
2. Random permutations of the waveforms prior to calculation of 
coherence were used to estimate a null distribution. Shown are the 
results from 1,000 such computations.  

 

 

Figure 4: Another EEG ICA 
component with a prominent 
coherence with the EMG. 
Compare with spatial 
distribution shown in Figure 
1. 
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Figure 2: Coherence between different EEG measures and different 
EMG measures. Note the prominent peak at around 30Hz for the 
coherence between the EEG IC shown in Figure 1, and the IMF 
computed from one of the EMG ICs. The F3 channel from the EEG 
had less coherence with the prominent EMG channel (either with or 
without rectification). Also note the much reduced coherence between 
the EEG IC and the surrogate, which had the identical frequency 
spectrum of the EEG ICIMF 



F. DISCUSSION 
Estimation of EEG/EMG coherence is difficult, due to the 
inherent non-stationarity and low signal-to-noise ratio for 
the desired signals, but has significant implications for the 
investigation of motor control both in normal subjects and 
subjects with disorders of the nervous system. Prior work 
has suggested that peaks in the EEG/EMG coherence in 
the beta range of 15-30Hz are influenced by medications 
that influence the GABAergic system and therefore likely 
represent cortical-cortical interactions [14]. Thus the 
~30Hz peak in the EEG/EMG spectrum (Figure 3) is 
probably a marker of the final pathway in the motor 
pathway. Other peaks at ~10Hz (Figure 5) which are not 
modulated by GABAergic manipulation [14] probably 
represent subcortical influences on the motor system. 
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Figure 5: Another EEG IC IMF demonstrated a significant 
coherence peak around 11-12 Hz when compared with the EEG IC 
shown in Figure 4. The null distribution (not shown) was similar to 
that shown in Figure 3.  

Consistent with prior work, we have demonstrated 
significant coherences at both ~10 and ~30Hz. However 
we note that the spatial distributions of the EEG ICs 
associated with these significant coherences overlap 
(Figures 1 and 4). Thus merely performing a pairwise 
coherence between a single channel (e.g. F3) and an EMG 
will result in a mixture of these two different neural 
processes. However, by using the EEG ICs (and different 
IMFs from the same EMG IC) we were able to dissociate 
these two peaks that appear to arise from different neural 
processes. 

In this paper we performed EMD on the EMG ICs. In 
previous work, we have demonstrated that EMG ICs 
correlate better with the EEG than individual EMG ICs 
[8]. We also note that EMG ICs have also been 
successfully used in animal models. Kargo et al. have 
demonstrated that cortical skill learning is represented not 
through manipulation of individual muscles, but more 
through the selective recruitment of EMG ICs [15]. 

We have used EMD to estimate the envelope of the EMG 
ICs. Prior use of rectification has been argued based on 
theoretical grounds [2]. However, as previously noted in 
almost all cases involving surface EMG recordings, one 
does not observe motor unit potentials in isolation, the 

situation where rectification appears most justified. We 
note that higher coherences were obtained when using the 
IMFs of the EMG ICs compared to the rectified (or 
unrectified) EMG (Figure 2). 

One advantage of using the EMD on the EMG ICs is that 
it allows the instantaneous estimate of frequency via the 
Hilbert transform (the Huang-Hilbert transformation 
[12]). Further work is required to explore the benefits of 
using the Huang-Hilbert transformation in the non-
stationary problem of EEG/EMG coupling. 

G. CONCLUSION 
This work only represents the results from a single 
subject. However, the results are promising and suggest 
that a combined ICA/EMD approach to the investigation 
of corticomuscular coupling may prove fruitful. 
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