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In the modern world of automation, biological signals, especially Electroencephalogram (EEG) and Electrocardiogram (ECG),
are gaining wide attention as a source of biometric information. Earlier studies have shown that EEG and ECG show versatility
with individuals and every individual has distinct EEG and ECG spectrum. EEG (which can be recorded from the scalp due to the
effect of millions of neurons) may contain noise signals such as eye blink, eye movement, muscular movement, line noise, etc.
Similarly, ECG may contain artifact like line noise, tremor artifacts, baseline wandering, etc. These noise signals are required to
be separated from the EEG and ECG signals to obtain the accurate results. This paper proposes a technique for the removal of eye
blink artifact from EEG and ECG signal using fixed point or FastICA algorithm of Independent Component Analysis (ICA). For
validation, FastICA algorithm has been applied to synthetic signal prepared by adding random noise to the Electrocardiogram
(ECG) signal. FastICA algorithm separates the signal into two independent components, i.e. ECG pure and artifact signal.
Similarly, the same algorithm has been applied to remove the artifacts (Electrooculogram or eye blink) from the EEG signal.
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1. INTRODUCTION

LECTROENCEPHALOGRAM (EEG) signal is a

record of the electrical activity of the brain taken from

the scalp due to the effect of millions of neurons (10°-
10" neurons and 10" synapses). The pattern of EEG
obtained is very useful for the physician/doctor for the
purpose of various diagnostics such as finding of epileptic
seizure, tumor and other medical disorders [1]. It has been
found with the study that every individual has a different
EEG pattern, i.e. EEG is person dependent and differs from
individual to individual [2]-[5] and can be used as a source
of biometric information. Similarly, studies have been
conducted on ECG (which is a measure or interpretation of
the electrical activity of the heart) and it has been observed
that ECG is different in different individuals, even the twins
have different ECG patterns [6], [7] and it can also be used
as a source of biometric information.

The special characteristics of EEG and ECG make them a
unique tool of human authentication because these
characteristics cannot be stolen or copied as those of
conventional systems. Only a handful of studies have been
done where EEG and ECG signals have been used as a
source of biometric information. Few researchers who have
worked in the area of EEG have reported a success rate of
70-90% [8]-[14]. Similarly, 90-96% success rate has been
reported when ECG has been used as a source of biometric
information [6] and [15]-[17].

EEG signals are very much susceptible to artifacts and
contain artifacts in the form of eye blink, eye movement,
muscular movement, line noise, etc. Blinking of eye
produces large electrical potential near the eye known as
Electrooculogram (EOG). It is a non-cortical activity which
contaminates the EEG while spreading across the scalp.
Similarly, ECG signals may contain artifacts in the form of
line noise, baseline wandering, tremor artifact, or any
random unknown noise due to malfunction in electrodes.

These artifacts from ECG and EEG signals must be
eliminated to increase the success rate of the system. The
traditional ways of artifact removal which include visual
inspection of artifacts, notch filters, etc., cannot effectively
settle down the problem of filtering the overlapping signals
[8]-[12].

A new digital signal processing technique called
Independent Component Analysis (ICA), based on
multivariate signal statistics, emerged as a novel technique
for decomposing the signals into several independent
components [19]. Fixed point iteration technique on signals
will decompose into several independent components
depending on statistical independencies of signals [20]. The
method of ICA can be applied to contaminate EEG or ECG
signals to separate the noises from the useful signals [20]-
[21].

Various techniques have been introduced to improve the
performance of the ICA technique. Just like FastICA,
Genetic Algorithm based ICA also called GALME-ICA has
shown significant results while reducing the EOG artifact
from EEG signals in Brain Computer Interface [22]. ICA
uses the statistical information to find the hidden
independent components from the mixed signals, which may
lead to loss of some information, therefore advances in ICA
based on Genetic Algorithm have validated on ECG
extraction from additive noise and have shown good results
[23].

2. SUBJECT & METHODS
2.1. Data Collection

Twenty healthy male volunteers with age ranging between
23-27 years participated in the study. EEG, ECG and EOG
signals were recorded for every subject on a three channel
data acquisition system (BIOPAC-MP 36, Biopac Systems,
Inc.) at a sampling rate of 256 Hz. Subjects were instructed
to lie down on the bed with open eyes and relaxed state. EEG
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was recorded from Fpl and Fp2 as an active electrode and C,
as a reference electrode. Similarly, ECG was recorded from
the subject as per Einthoven's triangle configuration keeping
right leg as reference.

2.2. Independent Component Analysis

Independent Component Analysis (ICA) is a method for
finding underlying components within a mixture of signals
which are both statistically independent and non-Gaussian
from multivariate (multi-dimensional) statistical data [24]-
[26].

For the ICA model, n linear mixtures X;, X, . ..
independent components combined together in a mixture are
denoted as;

elements are a mixture of X; X ..
vector with components Sg,Sy,...... Sp. The above equation
model can be rewritten as the generalized form:

X =AS ()

The above model referring to (2) is called Independent
Component Analysis or the ICA model. The ICA model is
solved with the assumption that components of S are
statistically independent, independent components follow
non-Gaussian distribution, and the mixing matrix A is
square. After estimating the matrix A, we can easily find its
inverse by inverse transformation (I), i.e.

Al =1 3)
S=1IX “)

Equation (4) calculates each independent component of S
from the mixture of signals. The ICA model very closely
resembles the Blind Source Separation (BSS) [27].

2.3. FastICA or Fixed Point Iteration Algorithm

There are various measures of finding the non-
Gaussianity. In this paper we restrict ourselves to a novel
and efficient method of Negentropy for the maximization of
Non-Gaussianity by the principle of the FastICA algorithm.

2.3.1. Pre-processing by Centering and Whitening

To make the model zero mean centering is performed. The
mathematical expression for centering is shown in (5):

X=X—-E(X) Q)
Similarly, to make the system variance equal to unit,
whitening is performed. Whitening reduces the number of

parameters to be calculated and hence the complexity. The
mathematical expression for whitening is:

E{fi" |=1 (6)

2.3.2. FastICA for n units

To estimate several independent components, the weights
associated with components of X have been obtained, i.e.
Wi, W, ...Wy, as independent sources. Following algorithm
has been used for iteration [19], [28]-[29].

(a) Take an initial row vector Wi

(b) Apply Newton phase:

Wi=ElfigWi’ - ElgwiTowi )
Whereas,
g,(y) = tanh(a,y); g, (y) = y e >";
g;(y) =4y’ 8)

(c) Normalization:
Normalize total matrix obtained after the above iterations

Wi = (Wi —mean)/std - deviation )

(d) Decorrelation:

Wi =Wi—> Wi'Wj Wj (10)
(e) Normalization again {Repeat step (c)}
(0 1fW T (i) *W (i —1) is not close enough to 1,
Let W,,, , and go back to step (b) (11)
3. RESULTS

All the computations have been made in MATLAB
R2009a (Propriety of Matrix laboratory). As explained in
earlier sections, eye-blink and EEG signals are generated by
different sources that are independent from each other.
Thus, we can use FastICA to separate the signals, i.e. eye-
blink artifact and EEG into statistically independent
components. A similar operation has been carried out where
random noise signal and ECG are generated at two different
sources that are different from each other. After the
iterations using fixed point algorithm application of all, the
desired artifact free signal has been obtained for further
evaluation.

3.1. Application of ICA on ECG signal

ICA has been used to extract independent components
from ECG signal which is synthetically mixed with the
random noise as shown in Fig.l1(a). Recording has been
made in Biopac MP-36 Data acquisition card. It can be seen
from Fig.1(b) that ECG signal from 0 to 2000 ms is highly
contaminated with random noise, which must be removed to
obtain the pure ECG signal. The concept of two independent
components, i.e. one is ECG pure signal and the other as
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noise, has been applied. The FastICA algorithm when
applied on the signal of Fig.1(b) efficiently decomposed the
signal into its individual components as shown in Fig.1(c)
and Fig.1(d).
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Fig.1(a). ECG signal mixed with random noise signal in
Biopac MP-36
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Fig.1(c). Extracted noise from ECG signal using FastICA
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Fig.1(d). Pure ECG signal retrieved using FastICA

3.2. Application of ICA on EEG signal

The recorded EEG signal from subjects, which was
contaminated with eye blink artifact, is shown in Fig.2(a).
As can be seen from Fig.2(b), the portion of signal from
1000-1600 ms is showing high amplitude variation due to
eye blink. This is the case of origin of application of ICA
where two independent components, i.e. EEG and eye blink
are mixed together. The application of FastICA algorithm to
the mixed signals lead to the separation of EEG and eye
blink artifacts as shown in Fig.2(c) and Fig.2(d),
respectively.

Signal to Noise Ratio of the output signal, i.e. after
application of ICA iterations has been tabulated under

Table 1. SNR is a technical term used to characterize the
quality of the signal to the background or noise signal [30].
The SNR value for the EOG extracted from EEG (ID_001 to
ID_020) is shown in Table 1, including all other 19 subjects.
The mathematical expression to calculate SNR in dB is:

SNR = 20log,,(E, /Ey) (12)

From Table 1, it has been concluded that SNR has shown a
significant change from lower to slightly higher values,
which shows a change in signal purification due to ICA
implementation. Some loss of information may occur while
undergoing visual inspection, because it is an identity of
Blind Source Separation.

The application of ICA is not limited to signal processing
but also extends from separation of mixed voices and
images, analysis of various types of data and data extraction
in financial matters, data communication, system
identification and several other biomedical signal processing
tasks [24], [31].
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Fig.2(d). Eye blink artifact separated out after FastICA
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Table 1. Signal to Noise Ratio (SNR) of EEG signals after
ICA iterations.

SUBJECT_ID Signal to Noise Ratio after
ICA iterations
ID_001 6.5062
ID_002 4.4344
ID_003 4.1374
ID_004 5.1663
ID_005 5.4280
D_006 4.6987
_007 5.0948
D008 4.6073
_009 5.8285
D 010 5.9334
D 011 6.1028
ID 012 5.1193
D 013 4.6500
D 014 5.2688
D 015 4.8219
D 016 4.5228
D 017 5.6289
D 018 5.0124
ID_019 5.4578
ID_020 4.2933

4. DISCUSSION / CONCLUSIONS

The results presented in this paper appear to be promising.
The ICA is a powerful tool for extracting the independent
sources from the EEG and ECG signal (mixed with artifacts)
with the concept that components are statistically
independent. The efficacy of this algorithm has been proven
with synthetic as well as real EEG signal. ICA is a fairly
novel technique and found useful while being applied to the
biomedical signal processing tasks. The approach mentioned
here will rectify the traditional method of artifact removal
while evaluating EEG or ECG for biometric authentication.
This technique will lead to better results while interfacing it
as a pre-processing step during biometric recognition. ICA
could also be used for extraction of other features in
financial data or biomedical signals.
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