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Abstract–In this paper a new method for muscle artifact removal in EEG is presented, based on Canonical Correlation Analysis (CCA) as a Blind Source
Separation technique (BSS). This method is demonstrated on a synthetic data set. The method outperformed a low pass ﬁlter with diﬀerent cutoﬀ frequencies and an Independent Component Analysis
(ICA) based technique for muscle artifact removal.
The ﬁrst preliminary results of a clinical study on
26 ictal EEGs of patients with refractory epilepsy illustrated that the removal of muscle artifact results
in a better interpretation of the ictal EEG, leading
to an earlier detection of the seizure onset and a
better localization of the seizures onset zone. These
ﬁndings make the current method indispensable for
every Epilepsy Monitoring Unit.
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I

INTRODUCTION

The EEG is frequently contaminated by electrophysiological potentials associated with muscle contraction due to biting, chewing and frowning. These
muscle artifacts obscure the EEG and complicate
the interpretation of the EEG or even make the interpretation unfeasible [1].
Low-pass ﬁlters are commonly used to remove muscle artifact. However, as the frequency spectrum of
the muscle artifacts overlaps with that of interesting brain signals [2], frequency ﬁlters not only suppress muscle artifacts but also valuable information,
such as ictal beta activity [3]. A more recently explored approach is Independent Component Analysis (ICA) which separates the EEG into statistical independent components. However, cross-talk
can be observed when the separation of brain and
muscle activity is considered [4,5]. Moreover, when
applying ICA, the identiﬁcation of the components
containing artifacts in general, and muscle activity
in particular, is not obvious, and requires additional
user attention.
In [6] a new method for muscle artifact correction in
EEG is presented, based on the statistical Canonical Correlation Analysis (CCA) applied as a Blind
Source Separation (BSS) technique, further referred
to as BSS-CCA. In this paper the performance of
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the method is tested on synthetic data and compared with a low pass ﬁlter with diﬀerent cutoﬀ
frequencies and an ICA based technique for muscle
artifact removal. Furthermore, we present the ﬁrst
results of an evaluation of the method on a group
of 26 patients with refractory partial epilepsy. The
aim of this clinical study was to evaluate the impact of our new muscle artifact removal algorithm
on the readability of ictal EEG.
II

METHODS

A.

Blind source separation by CCA for artifact removal
In the blind source separation problem, the observed time course x(t) = [x1 (t), x2 (t), ..., xK (t)]T ,
with t = 1, ..., N , with N the number of samples
and K the number of sensors, is the result of an
unknown linear mixture of a set of unknown source
signals s(t) = [s1 (t), s2 (t), ..., sK (t)]T :
x(t) = As(t),

(1)

where A is the unknown mixing matrix. The goal
is to estimate the mixing matrix and recover the
original source signals s(t). This is carried out by
introducing the de-mixing matrix W such that
z(t) = Wx(t),

(2)

approximates the unknown source signals in s(t),
by a scaling factor. Unless there are extra constraints imposed, it is in general impossible to solve
this problem. Canonical correlation analysis solves
the problem by forcing the sources to be mutually
uncorrelated and maximally correlated with a predeﬁned function [7].
Let x(t) be the observed data matrix with K mixtures and N samples, then we deﬁne the predeﬁned
function y(t) as a temporally delayed version of the
original data matrix, to enforce the sources to be
maximally autocorrelated [7]:
y(t) = x(t − 1).

(3)

For the remainder of the chapter, BSS-CCA refers
to this autocorrelation version. Consider the linear
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combinations of the components in x and y:
x = wx1 x1 + ... + wxK xK = wx T x,
y = wy1 y1 + ... + wyK yK = wy T y,

A.
(4)

CCA ﬁnds the vectors wx = [wx1 , ..., wxK ]T and
wy = [wy1 , ..., wyK ]T that maximize the correlation ρ between x and y by solving the following
maximization problem:
max ρ(x, y) =

wx ,wy

E[xy]
E[x2 ]E[y 2 ]



(5)

The canonical correlations ρ, which are in the
BSS-CCA case equal to the autocorrelations of the
sources, are given by the cosines of the principal
angles between the row spaces of xT and yT [8].
The canonical variates xT and y T correspond to the
principal directions in the corresponding row space
of xT and yT . Let xT = Qx Rx and yT = Qy Ry be
the QR decompositions of xT and yT , respectively.
The canonical correlations and canonical variates
can then be obtained from the SVD of Qx T Qy as
follows [8]:
(6)
Qx T Qy = ECFT .
The autocorrelations ρ are given by the diagonal
elements of C. The columns of zT = Qx E give the
canonical variates of xT , corresponding to the estimates of the sources si (t). The columns of zT are
ordered by decreasing autocorrelation.
When BSS-CCA is applied to the EEG and the
sources, or components, contributing to the EEG
are derived, the muscle artifact can be removed by
setting the columns representing the activations of
the artifactual sources equal to zero in the reconstruction xclean (t):
xclean (t) = Aclean z(t),

(7)

with z(t) the sources obtained by BSS-CCA, and
Aclean the mixing matrix with the columns representing activations of the muscle artifactual sources,
set to zero. We observed that the muscle artifact
components are well distinguished from the components related to the brain activity [6]. Moreover,
we observed that the muscle activity is present in
the lowest components in the CCA decomposition.
These observations were exploited to establish a
semi-automatical removal of muscle artifacts [6, 9].
CCA components are gradually removed from bottom upwards based on the ordering of the components.
III

Brain activity

An EEG epoch of 10 s containing mainly delta
(0.5−4Hz) activity was selected as underlying brain
signal. In the selected EEG no muscle artifact was
present according to the visual inspection of an
experienced neurophysiologist. The data was collected from 21 scalp electrodes placed according to
the International 10-20 System [10] with additional
electrodes T 1 and T 2 on the temporal region. The
sampling frequency was 250 Hz and an average reference was used. The EEG epoch was stored in a
21-by-2500 dimensional matrix B.
B.

Muscle activity

To obtain only muscle activity, necessary for the
simulation study, it is not suﬃcient to select muscle artifacts in the EEG as these events will not
only contain muscle activity but also activity from
the brain. To remove the EEG activity we used
ICA (SOBI) [11] to decompose these events. Note
that for a large number of events, which we visually
inspected, no clear separation was established. For
those events where a clear separation between muscle and brain activity was obtained, we selected a
component that accounted for muscle artifact together with the corresponding ﬁeld distribution.
This procedure was repeated for three diﬀerent 10 s
EEG epochs recordings from three diﬀerent subjects. The resulting average referenced signal containing all three independent muscle activities was
stored in a 21-by-2500 dimensional matrix M.
C.

Data and measures to test the performance

In the simulation study the average referenced muscle artifact signal M was superimposed on the average referenced signal B containing only brain activity:
X(λ) = B + λ · M,
(8)
with λ representing the contribution of muscle activity. The Root Mean Squared (RMS) value of the
brain signal is then equal to



RM S(B) = 

N
K 
1 
B2 (k, n),
K · N k=1 n=1

with N equal to the number of time samples and
K equal to the number of EEG channels. An important measure is the Signal-to-Noise Ratio (SNR)
which is deﬁned as follows,
SN R =

SIMULATION STUDY

The aim of the simulation study was to evaluate the
performance of the proposed method in removing
muscle artifacts. Several simulations with diﬀerent
signal-to-noise ratios were performed.

(9)

RM S(B)
.
RM S(λ · M)

(10)

Changing the λ parameter alters the signal-to-noise
ratio of the simulated signal. Several simulations
with diﬀerent signal-to-noise ratios were performed.
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The performance is expressed in terms of the Relative Root Mean Squared Error (RRMSE):

(b)
1.6
CCA
ICA (JADE)
LP (10Hz)
LP (15Hz)
LP (20Hz)
LP (30Hz)

1.4

RRM SE =

RM S(B − B̂)
,
RM S(B)

(11)

1.2

1
RRMSE

where B̂ is the signal after muscle artifact removal.
D. Methods for comparison
For comparison, the proposed technique for muscle
artifact removal is compared with other commonly
used techniques for this purpose:
• Low pass ﬁlter: a low pass butterworth ﬁlter of
order 8 was used with four diﬀerent cutoﬀ frequencies equal to 10Hz, 15Hz, 20Hz and 30Hz.
• ICA: as it is not in the scope of this paper
to compare all diﬀerent ICA algorithms, we
limited ourself to the Joint Approximate Diagonalization of Eigen-matrices (JADE) algorithm [12]. This ICA algorithm was previously
used in a study for eye and muscle artifact removal in ictal scalp EEG recordings [5]. The
muscle artifact was removed as follows. The
ICA components were calculated by using the
JADE algorithm. The selection of the components accounting for the muscle artifact was
based on visual inspection and the signal was reconstructed, excluding the components related
to the artifact.
E. Results of simulation study
The RRMSE as a function of signal-to-noise ratio on the for diﬀerent artifact removal techniques
(BSS-CCA, ICA(JADE) and the low pass ﬁlter
with cutoﬀ frequency at 10Hz, 15Hz, 20Hz and
30Hz) is shown in Fig. 1. Compared to the low
pass ﬁlters, the performance of ICA was better for
almost all signal-to-noise ratios. The BSS-CCA
method outperformed all methods for all SNRs.
IV

METHOD APPLIED TO ICTAL EEG
RECORDINGS

A. Materials
One ictal EEG of 26 patients with refractory partial epilepsy and an ictal onset zone that was welldeﬁned during a presurgical evaluation, were processed with the muscle artifact removal technique.
The artifact-free recordings were compared with the
band pass (0.3-35 Hz) ﬁltered original EEGs by an
unblinded neurologist.
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Figure 1. The RRMSE as a function of SNR.

cases (42%) the interpretation of the ictal EEG improved in a clinically signiﬁcant way; a more precise
overview of the improvements is given below. The
time of ictal onset on EEG was detected earlier in
9 out of 26 cases (35%), the onset of the seizure
was better localized in 7 out of 26 (27%) and the
ictal-pattern of the onset was located in a higher
frequency range for 8 out of 26 cases (31%). Furthermore, we observed localized ictal-onset beta activity only after removal of muscle artifact in 5 patients (19%). Worell et al. (2002) have shown that
focal ictal beta discharges localize the ictal onset
zone accurately and are highly predictive of excellent postsurgical outcome [3]. The muscle artifact
removal technique did not degrade the EEG signal
in any of the patients. The results are summarized
in Table 1.
Fig. 2 shows an ictal EEG epoch of one of the 11
cases for which the muscle artifact removal method
improved the interpretation. In Fig. 2 (a) the band
pass (0.3-35 Hz) and notch (50 Hz) ﬁltered EEG
epoch is shown. Fig. 2 (b) shows the resulting ictal
EEG epoch after muscle artifact removal by BSSCCA. Notice that the muscle artifact was removed
completely, while preserving the sharp quality ictal activity on the T 6 and O2 electrodes. The ictal
onset, which was masked by muscle artifact activity, becomes visible in the BSS-CCA processed ictal
EEG recording.

B. Results
In 24 of 26 cases (92%) muscle artifact contaminated the ictal EEGs signiﬁcantly. In all 24 cases
the ictal EEG was easier to interpret after the
muscle artifact was removed. In 11 out of 24

Table 1. Preliminary results of the clinical study.
Muscle artifact contamination
Easier interpretation
Improved interpretation
Earlier detection of ictal-onset in EEG
Better localization of onset
Onset pattern of higher frequency
Localized onset beta activity only
after removal of muscle artifact
Degradation of EEG by the method

24/26 (92%)
24/24 (100%)
11/24 (42%)
9/26 (35%)
7/26 (27%)
8/26 (31%)
5/26 (19%)
0/26 (0%)
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Figure 2. (a) Band pass (0.3-35 Hz) and notch (50 Hz) ﬁltered
ictal EEG epoch of 10 s; (b) ictal EEG epoch after muscle
artifact removal by BSS-CCA

V

DISCUSSION

In this paper the performance of a new method for
muscle artifact removal in EEG was tested on synthetic data. The method outperformed a low pass
ﬁlter with diﬀerent cutoﬀ frequencies and an Independent Component Analysis (ICA) based technique for muscle artifact removal. The ﬁrst preliminary results of a clinical study on 26 ictal EEGs
of patients with refractory epilepsy illustrated that
the removal of muscle artifact improves the interpretation of the ictal EEG in a clinically signiﬁcant
way in around 40% of the patients. These ﬁndings
make the current method indispensable for every
Epilepsy Monitoring Unit. The method is now being evaluated on a larger patient group by three
neurologists.
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