for B;,
O Bio,

(;

% o
ISBEM

International Journal of Bioelectromagnetism www.ijbem.org
Vol. 9, No. 4, pp. 253 — 259, 2007

ationa,
& Sy,
)
PUpguoN’

R
)

Removal of ocular artifacts for high-resolution EEG
studies: a simulation study
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Abstract. Eye movements and blinks may produce unusual voltage changes that propagate from the
eyeball through the head as volume conductor up to the scalp electrodes, generating severe
electroencephalographic artifacts. Several methods are now available to correct the distortion induced
by these events on the EEG, having different advantages and drawbacks. The focus of this work is to
quantify the performance of the removal of EOG artifact due to the application of the independent
component analysis (ICA) methodology. The precise quantification of the effects of artifact removal
by ICA is possible by using a simulation setup, with a realistic head model, that it is able to mimic the
occurrence of an eye blink. The electrical activity generated by the simulated eye blink were
propagated through the realistic head model and superimposed to a clean segment of EEG. Then,
artifact removal was performed by using the ICA approach. Ocular artifact removal was evaluated in
different operative conditions, characterized by different Signal to Noise Ratio and number of
electrodes. The error measures used were the Relative Error and the Correlation Coefficient between
the clear, original EEG segment and those obtained after the application of the ICA procedure.

Keywords: EOG, EEG, ICA, realistic head model, high resolution EEG

1. Introduction

Nowadays, it is well know that high resolution EEG is a body of techniques based on the use of
realistic head models that allow to estimate the activity of cortical areas from non invasive EEG
recordings performed with a high number of electrodes (64-256). Despite the important amount of
information estimated from high resolution EEG recordings the main problem that remains in the
interpretation of such cortical activity is the dependence of the estimated activity from the different
sources of artifacts. In fact, often-complex neurophysiologic tasks require the overt verbalizations of
the subjects or the explicit movement of the eyes along the presented pictures. These verbalizations or
eye movements generate muscle activities that are represented in the frequency spectra of the gathered
EEG signals. The estimation of the cortical current density will be heavily affected by the occurrence
of these ocular artifacts on the EEG data In fact, subtle eye movements involved in even well-
controlled tasks, generate over the frontal areas scalp potential artifacts that can be projected by the
linear procedures on cortical areas located frontally. The origin of such artifacts is due to the potential
difference existing through the eyeball (between retina and cornea) which during blinks is shortcut,
generating a signal that propagates through the volume conduction arriving to the scalp sensors. Such
signal, which is measured by the electrooculogram [1], causes a potential shift on the scalp surface. A
simplified model of such blink assumes an electric dipole within the eyeball and a spherical model for
the head as a volume conductor [2]. The occurrence on the scalp electroencephalogram (EEG) of the
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electrical artifacts generated by eye movement is a well recognized problem in EEG-based studies. To
correct, or remove the ocular artifacts from the EEG, many regression-based techniques have been
developed in both time and frequency domains [3]. More recently, component-based techniques, such
as principal component analysis (PCA) and independent component analysis (ICA; [4]), have also been
proposed to remove the ocular artifacts from the EEG. The use of the ICA, Blind Source Separation
(BSS) and Parallel Factor Analysis (PARAFAC) methods to remove appropriately the sources of
artifacts in the EEG or MEG or even fMRI have been adequately underlined in previous studies [5-6].
ICA/BSS techniques have been successfully applied to remove artifacts and noise including
background brain activity, electrical activity of the heart, eye-blink and other muscle activity, and
environmental noise efficiently. It is worth notice that most of the methods require manual detection,
classification of interference components and the estimation of the cross-correlation between
independent components and the reference signals corresponding to specific artifacts [4-6]. However,
recently, some attempts have been made to remove the ocular artifacts by using automatic
classification techniques using a BSS approach [7]. Whatever the method is used for the removal or
filtering the EOG artifacts from the EEG waveforms, the central issue is how this method works in
different operative conditions related to the Signal To Noise Ratio (SNR) and the number of electrodes
used for the EEG data collection.

The aim of the present study was to characterize the efficacy of the artifact removal algorithm
based on the BSS from high-resolution EEG recordings. In particular, we reached this aim through a
simulation study in which we were able to mimic the occurrence and the spread of generated eye blink
artifacts on the synthesized scalp potentials, by using realistic head and cortical models for the
approximation of the volume conductor properties. By using such simulation setup we estimate exactly
the influence of blink artifacts over the different scalp electrodes EEG waveforms. Hence, we were in
the situation to evaluate accurately the efficacy of the ThinlCA procedure [5] in the removal of the
EOG artifacts under different operative conditions, with variable SNR and number of sensors.

2. Material and Methods

Design of Test Datasets. An EEG dataset was designed to provide baseline measures that were
used to compute statistical measures of efficacy of the ocular artifact removal by the ICA algorithm
across the different conditions of SNR and number of electrodes employed. The EEG data segment,
sampled at 250 Hz, was without blink artifacts occurrence and constituted the baseline data to which
blink activity generated through the realistic head model was added.

The scalp leads. Three electrodes arrays shown in Fig.1 have been considered. The first one was
with 19 electrodes disposed on the scalp surface according to match the 10-20 system with the frontal
Fpl and Fp2 electrodes included. The others have 64 and 31 electrodes.

The Signal to Noise Ratio (SNR). White noise was added to the EEG dataset, to reach five different
levels of signal-to-noise ratios (SNRs: 1, 3, 5, 10, 100). This recalls the typical range of SNR
commonly encountered in evoked, motor- and cognitive-related EEG recordings. The SNR expressed
directly the ratio between the signal power and the noise power added to the EEG data, not using the
decibel notation.

Realistic head model. T1-weighted MRIs were employed. Scalp, skull, compartments were
segmented from MRIs and tesselated with about 5000 triangles for each surface. The eyeballs were
also segmented and two free rotating dipoles were placed within such structures (Fig 1, D). By
changing the time-varying moment of such dipoles, the eye blink was simulated in such a way the
propagation of the electric field to the frontal scalp leads Fpl and Fp2 generates a correlation superior
to 0.99 with the eye blink really recorded from the subject whose head was employed for the realistic
head model. The time-varying strength profile of the current dipoles simulating the eye blink was then
used in the successive simulations. Afterwards a succession of blinks was generated, by repeating the
profile of current strengths for the two employed dipoles inside the head model. The occurrence of
such blinks were not regularly spaced in time, and 12 occurrence of them will be generated. Such
blinks were thereafter propagated and added linearly to the EEG waveforms on the leads on the
realistic head model. The EEG presented different values of SNR and were analyzed by using different
montages, as previously described. With this procedure, several EEG datasets contaminated by EOG
were available, with different SNRs and number of electrodes. On each one of such EEG datasets the
Thin ICA algorithm [5] was applied and the component related to the eye blinks were located and
removed. At least 50 EEG dataset related to each condition of SNR level and for a predetermined
number of electrodes montage were generated for the successive statistical analysis.
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Figure 1. A, B, and C represents three montages used in the simulation. The head is seen from above, the nose
up. The black dots represent the electrodes effectively used in the simulations; the white circles represent the
location of the extended 10-20 International System. Panel D shows the realistic reconstruction of the head
with the dipoles used to mimic the generation of the blink placed in the eyeball.

After applying ThinlCA algorithm to these test data, the cleaned data were compared directly with
the baseline EEG, to provide quantitative as well as qualitative measures of ThinlCA failure or success.
By design, the simulated blink activity is the projection of a single, independent, uncorrelated
component. A single component from each ThinlCA decomposition should therefore cleanly recapture
it. Failure can then be partly measured by the extent to which blink activity is not recaptured by a
single component, indicating a weakness in how the respective ThinlCA algorithms measured and
approximated independence or maximal temporal decorrelation. This problem is also known as “blink
splitting”.

The dependent variables used. In the different experimental conditions, the similarity of the
“eyeblink corrected” EEG waveforms array (Es) with the clean original EEG dataset one (Gs) has
been evaluated by computing two indexes, to be used in the simulations as dependent variables. The
first one is the correlation coefficient (Cc) between the generated and the estimated average source
waveforms, according to the formula:

GseEs
|Gsl, - [Es|,”

Cc=

1)

where - stands for the usual inner products between the Gs and the Es vectors. The second one is
the relative error (RE), computed according to the formula:

RE =|| Gs-Es|| / ||Gs|| (2)

where ||x|| is the standard L2 norm of a vector x.

The statistical analysis. The obtained results were subjected to separate Analysis of Variance
(ANOVA). The main factors of the ANOVAs were the SNR (with five levels: 1, 3, 5, 10, 100) the
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number of electrodes of the recording array (ELECTRODES, with three levels: 19, 31 and 64) and the
position of the electrodes (POSITION, with two levels, Fpl and Fp2). Separate ANOVAs were
performed on Cc and RE data. In all the evaluated ANOVAs, the correction of Greenhouse-Gasser for
the violation of the spherical hypothesis was used. The post-hoc analysis with the Scheffe’s test at the
p = 0.05 statistical significance level was then performed.

3. Results

According to the experimental design, the RE variable was measured and subjected to the ANOVA
including the SNR, ELECTRODE and POSITION factors. Results revealed a strong influence of the
main factors SNR (F = 205, p<0.0001), ELECTRODES (F=1190, p<0.0001), and POSITION (F=29,
p<0.0001), as well as their interactions. Of interest is the interaction between all the factors SNR x
ELECTRODES x POSITION (F=28, p<0.0001), on the Relative Error variable. Fig. 2 shows the
average plots of the influence of the levels of the main factors SNR, ELECTRODES and POSITION
on the RE In particular, Fig. 2 shows that for each increase in SNR of the EEG recordings, there is a
decrease in the RE. The influence of the factor ELECTRODES is also significant, suggesting a benefic
effect of the increasing the electrodes number for EEG recordings. Post hoc tests revealed that there
were no significant differences between levels 3, 5, and 10 of the SNR factor for the POSITION levels,
Fpl and Fp2. The bar on each point represents the 95% confidence interval of the mean errors
computed across the simulations. The data obtained for the other indexes obtained, the correlation
coefficient (Cc) are represented in Fig. 3. The ANOVA performed returned again a strong influence of
all the factors considered SNR, ELECTRODES and POSITION.
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Figure 2.  Average values of the Relative Error (RE) obtained from the removal of EOG over the EEG
waveforms in different conditions of SNR. Five panels are shown, each one relative to values of RE for SNR
1,3,5,10,100 (from left to right). Each color codes values of RE obtained for the montage at 19 electrodes
(green, dotted line), 31 electrodes (red, thin line) and 64 electrodes (blue, continuous line). Two average data
points are presented in each panel, one for the RE obtained at the Fp1 electrode location (left position on the
panel) and for the Fp2 location (right position on the panel). It is possible to observe the lower values of the
RE for increasing SNR as well as for increasing the number of electrodes used for the analysis. No statistical
significant differences were noted between Fpl and Fp2 removal for almost all the SNR level.
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The analysis of the local parameters also showed time-frequency varying distributions over the
scalp. In Fig. 3, we have depicted the evolution of the local degree and network configuration for three
different time instants (250 ms before and 250 and 750 ms after the presentation of the stimulus) and
two selected frequencies (10 Hz and 18.5 Hz). Both, network indices and the topographical distribution
of the local parameters over the scalp vary across time and frequency. It should be noted that, for the
same time instant, the networks at different frequencies behave differently. 250 ms before the stimulus
arrival, the network present a highly connected area in the parietal region at frequencies around 10 Hz,
while for 18.5 Hz two regions (frontal and one more occipital) can be observed. After the stimulus
arrival, the highly connected pattern of synchronization elicited at t ~ 250 ms for frequencies in the
beta range is characterized by two clusters that are interconnected by long-range connections, marking
a coordination between the two distant regions. After that, the processing of the stimulus reshapes
completely the configuration of the local parameters; for the 18.5 Hz representation, the local degree
decreases and the long-range connections disappear. For activities at 10 Hz topography, the frontal
“activation” remains, while the parietal one disappears and new long-range connections are established
from frontal to more occipital areas.
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Figure 3.  Average values for the correlation coefficient (CC) between the original EEG and the filtered EEG
after the ICA algorithm with the removal of the component related to the occurrence of the blink artifacts.
Same conventions as in Figure 2. CC values increased by increasing the SNR levels, as well the number of
electrodes. No statistical significant differences were noted between the electrodes Fpl and Fp2.

In particular, we have for the main factors SNR (F = 2060, p<0.000001), ELECTRODES (F=1501,
p<0.000001), and POSITION (F=105, p<0.0001), as well as for the interactions. The SNR x
ELECTRODES x POSITION is also statistically significant (F=6, p<0.001). Also in this case the Fig.
3 suggest the benefic effect on the removal of the EOG artifact from the EEG waveforms of an
increasing SNR and number of electrodes, while the differences between the location (Fpl and Fp2)
are not constant through all the database.

4. Discussion

The neuroscientific community interested in the use of high resolution EEG methodologies to
investigate the behavior of the human brain with a high temporal resolution would like to know “how”
and “how much” it is possible to remove the possible sources of spurious activity deriving from the
above mentioned non-brain activity from the recorded electromagnetic fields. Despite this clear
question, it is striking to note the lack of simulation studies in the scientific literature in which the
amount of artifacts induced in the ongoing EEG can be precisely stated, as well as the amount of
corrections performed by the proposed algorithms. In fact, the word “simulation” appear in MEDLINE
on papers related to the correction of EOG artifacts induced by eye movements on EEG or MEG
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measurements just in a couple of papers of Berg and Scherg of 1991[2], and from Wallstrom et al.,
2004 [8]. Furthermore, in those papers, the simulations were performed without a systematic variation
of the noise and amplitude parameters that characterized such artifacts in the real EEG/MEG
recordings. This means that the efficacy and the efficiency of the different proposed methodologies
able to recover from muscle or ocular artifacts in literature is mainly tested on real data, in which the
amount of correct EEG is simply unknown, and the level of artifacts occurrence is untested.

The use of some quantitative indexes to address the efficacy of the EOG artifacts removal was
produced in literature [9-11]. While the first compared the power spectral density of the original and
reconstructed waveforms to measure the extent to which “artifactual” activity had been removed, the
second computed the correlation coefficient between corresponding channels of the EEG before and
after artifact removal. In this last case, a low correlation was an evidence of a successful artifact
removal.

In the present case, the achievement of a high correlation implies that the EOG activity
superimposed to the original EEG through the volume conductor was successfully removed.
Regression-based EOG correction raises a major concern: as the EOG channel may pick up EEG
activity, EEG activity may be removed too. This endorses the use of ICA algorithms on the removal of
artifact correction due to the eye blinks.

The goal of the present research was to design a framework for objective (i.e., quantitative)
evaluation of blink removal procedures, where success is defined as complete separation, and
subsequent removal, of blink activity from multichannel EEG. Results suggest that under a large range
of values for the SNR levels and different number of recording electrodes, the removal of eye blink by
the ThinlCA procedure return errors lower than 0.5% when 61 electrodes are used. However, it have to
be noted that in such simulations we do not encountered the phenomena of the eye blink splitting, i.e.
the split of the eye blink occurrence on the EEG waveforms in two or more independent components.
This was probably due to the independent generation of the eye blink and the EEG dataset.  Although
this analysis has been performed actually only for the removal of eye blinks artifacts, by using the
same setup the other sources of ocular artifacts can be studied and analyzed. Further work is then
necessary to address properly the capability of the ThinICA algorithm to remove the EOG induced by
horizontal and vertical eye movements onto the EEG.
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