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An important problem in brain signal processing is the presence of noise and
artifacts in neural recordings A systematic method of recognition, identification and
artifact removal of Electroencephalography (EEG) waves is essential to reduce the
probability of misinterpretation of brain waves and to limit its consequences.
Electrophysiological signals produced by eye movement, eye blinks, head movement and
muscle noise are typical causes of artifacts. So this paper mainly concentrates on removal
of these artifacts from the recorded data using Independent component analysis (ICA)
approach. ICA is a statistical method to extract independent source signals from the
multivariate data. This paper uses orthogonal property of matrices to reduce the number
of calculations and complexity of the 2-channel ICA algorithm. Using this property, the
artifacts are removed with reduced area and power consumption. Simulation is also
carried out for 9-channel EEG using Fast Confluence Adaptive ICA (FCAICA) algorithm.
High convergence speed is also achieved by this adaptive method. Signal to Interference
Ratio (SIR) is improved using IEEE single precision floating-point arithmetic.

Key words: Contrast function optimization; Convergence speed;
EEG Artifact Removal; Independent component analysis.

Biomedical signals such as EEG
(Electroencephal ogram), ECG (Electrocardiogram)
measured by clinical sensors are contaminated by
artifacts and other noises e.g. muscle noise,
instrumental power noise etct. EEG recordingsare
mandatory for finding the mental wellbeing which
isincreasingly becoming one of the most important
aspects in healthcare arena. EEG recording is a
long standing procedurefor recording the electrical
activity generated by populations of neurons of
the cerebral cortex. One of the many technical
challenges of using EEG-based monitoring systems
is the contamination due to EEG artifacts that
includes muscle noise, eye activity, blink artifacts,
head movement and instrumental noises such as
line noise, electronic interference etc. Major
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artifacts can come from a variety of sources
including cardiac rhythm, outside sourcesand even
neural processes other than the one of interest,
this way affecting the clinical interpretation of
traces. During EEG acquisition phase,
contamination and distortion areintroducedin the
recorded data by eye movements and eye blinks.
Both of these environmental factorsproducelarge
electrical potentialsaround the eyes, called ocular
artifacts (OAs). An eyeblink produces signal with
amplitudes ten times more than that of the EEG
signal. Eye movements are recorded during EEG
acquisition, even when the subjects are posed to
close their eyes. Due to the presence of both of
these Ocular artifacts, itisdifficult to differentiate
between normal and abnormal brain activity?
Artifact rejection is thus a key analysis for both
visual inspection and digital processing of EEG. In
this paper, FCAICA agorithm presented in® is
improved in terms of convergence speed and
proposed for EEG artifact rejection.
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In recent years, many methods have been
developed to solve the problem of EEG artifact
rejection. The most widely used methods for
attenuating the ocular artifacts are based on time-
domain® or frequency-domain® techniques. Ting et
al. developed a semi-automated algorithm to
separate the multichannel EEG into source
components by estimating the correlation matrices
of the data®. Principal component analysis (PCA)
technique was used to eliminate artifactsfrom the
recorded EEG signals’. As, sometimesthe OAsare
smaller in amplitudewith respect to the EEG, PCA
cannot remove the artifacts from EEG absol utely.
Later, independent component analysis (ICA)
approach based on blind source separation was
proposed to obtain components that are
approximately independent®®. Then, automatic EEG
artifact removal methods are proposed based on
regression anaysisfor reducing Electro-oculogram
(EOQG) artifacts'® and based on weighted support
vector machine. The advantages are demonstrated
with real-life EEG recordingsand comparisonsare
made with several benchmark methods. The
performance of AMUSE, SOBI, Infomax, and JADE
algorithms is assessed to separate myogenic
activity from EEG during deep®. Jamesand Gibson
applied constrained-ICA (clICA) technique for
automatic artifact extraction in EEG and MEG®.
Another automatic procedure of Blind Source
Separation (BSS) based on logical rulesrelated to
spectral and topographical information is
introduced in order to identify the components
related to ocular interference by Barbanoj et al4.
Implementation of I CA agorithmsisnot successful
for real-time applications such as essential features
extraction for brain computer interface (BCI)>1,
Inorder to realize thereal-time signal processing,
the ICA algorithms are implemented in VLSI
Technology which further speeds up the
computations involving vector and matrix
manipulations. Fixed-point VLS| architecturewas
proposed for 2-Dimensional Kurtosisoptimization
based FastICA with reduced and optimized
arithmetic unitst’. Due to the computational
complexities and convergence rates, ICA
consumes much more time for high density
applicationslike hyperspectral images. So Parallel
ICA (plCA) was devel oped to provide an optimal
parallelism background with potentially faster and
real-time solution®®. |CA agorithmisdesigned with
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modularity concept for FPGA implementation'® and
then with systolic architecture®. A mixed-signal
VLS systemwasdeveloped to separateand localize
mixtures of traveling wave sources. It operateson
spatial and temporal differences in the acoustic
field at extremely small aperture®’. FPGA
implementation of 32-channel convolutive | CA chip
was demonstrated with real world signals2.
Pipelined FastICA, which can processtherea time
sequential mixed signal, was also developed for
FPGA implementation?.Various analog VLSI
implementations of ICA algorithm also available.
Asdigital implementation offersthe flexibility of
reconfigurable | CA, they aremost commoninsignal
processing.

Thispaper presentsanimproved FCAICA
technique for 2-channels and also presents
Multichannel FCAICA for EEG artifact rejection.
The algorithm is developed with reduced
algorithmic complexity and implementedin VLSI.
Thedeveloped algorithm has been applied to EEG
mixtures. The commonly used Fast ICA algorithm
is also developed for comparison . With the
intention of real-time ICA processingin VLSI, to
improve the precision* and to speed up the
computations, the ICA agorithms are written in
hand coding HDL codein floating point arithmetic.

This paper is organized as follows.
Section 2 describesthe background of ICA. Section
3explainsimproved FCAICA agorithm and Section
4 demonstrates the simulation, synthesis and
backend analysis results. Finally, conclusions are
drawnin Section 5.
| CA Background

ICA is a signal processing technique
used for extraction of independent sources from
their mixtures.EEG mixturesare separated into their
individual components by looking for independent
time-varying signalswithin these mixtures. Before
applying these mixtures to ICA block,
preprocessing is done on these signals to reduce
the process complexity. Theoriginal source signal
S=(S,.S,,... . S, ) and observed mixture
M=(M_M,...M, ) arerelated by theexpression (1)

M=XS )]

whereN isthenumberof sources/
mixtures and X isafull rank matrix that is called
mixing matrix. Under the assumptions of
independency of EEG sources, ICA is performed
to solvethe problem by finding inverse matrix. The
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Inverse linear transformation matrix W, which is

the inverse of mixing matrix X isthen used in

estimation of sources(Sest) asin (2)

Sest =WM =S (2
i.ewhen amixed signal(M) ismultiplied

with inverse of mixing matrix , estimate of the

original signal (Sest) can befound .

Fig 1 showsthe overal framework of EEG
processing system with proposed ICA
algorithm.EEG signal is first acquired from the
human using brainwave sensors. The acquired
signal containsartifactslike ocular artifacts, ECG
artifacts, muscle noise etc. The power line noise
can be removed with filters during preprocessing
and then the preprocessed EEG is sent for
Digitization. Thedigitized EEG dataissent to ICA
block where the required features or EEG
components are extracted.

Improved | CA agorithm

The algorithm presented in this paper,
performs adaptive optimization of kurtosis based
contrast function using improved FCAICA
algorithmto find theindependent components. The
main aim of this algorithm development is to
improve the convergence performance of the
algorithm , to reduce the resources used and to
improvethe operating frequency. The convergence
speed of the algorithm is improved by reducing
thenumber of iterations. The adaptive optimization
unit of the FCAICA algorithm presented in3,
updates the weight values based on the kurtosis

EEG
Signal
aCquizition
{with
ertifacts)

EEG Signal
Digitzation

Fig. 1. Proposed algorithm with Overall Framework
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function. The adaptive optimization unit contains
a subtractor and a comparator unit that requires
fewer resources when eval uated with conventional
ICA methods. In this algorithm, initial weight
vectors to estimate the demixing matrix W in (2),
areassumed asw;’s. Thisalgorithm computes new
weights from the initial weights in an adaptive
manner based on the fitness function’'s absolute
value.
Contrast function

The effectiveness of EEG extraction
depends on the contrast function optimization. The
basicideabehind the |CA algorithmisCentral limit
theorem which states that, the sum of even two
sources or random variableswhich areindependent
and distributed identically is more Gaussian than
its original form. Hence non-gaussianity is a
measure of independence. For the given EEG data
X, the fourth order moment in kurtosisis specified
in(3).
kurt(x) = E{x%} - 3(E{x%} )? (3

where E{ } isthe statistical expectation
operator. If signal is Gaussian, the fourth moment
E {X“} equalsto 3 (E{ X?})? and hence kurtosisis
zero. For normalized x,varianceisunity and so the
kurtosisissimply given by (4).
kurt(x) = E{x%}-3 (4

Kurtosis value is non-zero for non-
gaussian random variables or signals. The weight
vector isupdated in |CA by thelearning rule with

Astifact
Correct=d EEG

Fig. 2. Architecture for finding w(k+1) of FCAICA agorithm
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nonlinear function g(x)=x3
W’.tew[(f{ + l] = E{Z (WUCI.}ZT}} — 3w {k}
..(5
Thisis used in the main iteration of the
proposed agorithm for weight updation. TheFig 2
showsthe architecture of iteration process defined
in(5) for 2 sources.
Prposed ICA Algorithm for 2units
Having obtained thelow complexity EEG
signd, thisalgorithm findsthe columns of unmixing
matrix to extract the signal without artifacts.
Weights are updated continuously in an iterative
and adaptive manner till convergenceisachieved.
Once convergenceisachieved, the corresponding
weight vectors are the columns of demixing
matrix.i.e this process gets evaluated to wl=[w,,
w,,]. The detailed steps are given below.
)| Create aweight matrix W by assuming Y
sub matrices or column vectors where Y defines
the size of the search space .
2 Calculate the norm of each vector and

divide by corresponding norms
Norn, = \f{w 1M W]
3 Find the updated weight vector Wnew

for all theweights in W using
Wi {R + 1-} - E{E{“'{R)ETJ'i} - 31"'J|"'Ti U{}

4 Determinethefitnesscost fi of al weights
o fi=wi(k+1)-wi(k)
5 For k from 1to M vectors, storethelowest

obtainable fitness value as reference vector and
test for convergence.
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Fig. 3. Improved FCAICA -Architecture
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If fi (K)<fi (k+1) then refi(k)= fi (K);

If convergence is achieved, the
corresponding vector is one of the columns of
demixing matrix. If it is not converged go to the
next step.

6) If refi (K) is positive, reduce the weight
vector by an amount of C.

7 For negative value of refi (k), increment
theweight vector by an amount of C. WhereCisa
random nonnegative floating point number
between‘0’ and ‘1.

8 Repeat from step 3 until both vectors
point at same direction or until convergence is
achieved.

If the convergence is accomplished, the
best fitness vector is selected for acolumn (wl) of
demixing matrix B where B=[w1 w2]. Tofind the
second independent component or the second
column [w2] of B, orthogonal property of matrix is
used. Since estimated columns of demixing matrix
W are mutually orthonormal, only one vector is
possible, which is orthonormal to w, So without
any loss of generality w, isfound fromw1l

Ma ]
w=|_ ] ...(6)
LFWI1]

Thisw1 and w, are then used to find the
estimate of source signals. This one-step method
of finding the w2 removes the iterations needed
while number of sources to be extracted is two.
While finding more than two independent
components, deflationary othogonalization should
be made to ensure that the same independent
components are not estimated more than once. The
detailed flow and stepsto befollowed aregivenin
Fig3.

Deflationary Orthogonalization for mor ethan two
independent components

Whilefinding morethan two independent
components, deflationary orthogonalization is
done to prevent that the algorithm estimates the
same independent component more than once.

Wil (Wr WS - (7)

Thisis done after every iteration step by
subtracting the projections of all previously
estimated vectors from the current estimate before
normalization asin (7)

Improved FCAICA -Architecture

Proposed areaefficient and cost-effective

architecture for 2 channel and multichannel
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FCAICA isshowninFig. 3. The signalsacquired
from the brain consist of EEG waveswith artifacts.
The architecture for removal of these artifacts
mainly comprises iteration unit. In FCAICA,
initially assumed weights are updated after
normalization. Then convergence is checked
through the convergence checking unit. On
satisfying the convergence threshold or reaching
the maximum iteration, the iteration process is
terminated and the data are sent for independent
component extraction. Otherwise FCAICA
adaptive optimization unit checks the fitness
parameter for having a positive or negative value.
If the difference value is positive, then a non-
negative floating point number is subtracted from
the assumed weight vector to get new weight.

If the differencevalueis negative, thena
nonnegative floating point number is added to the
assumed weight vector to get new weight. This
iteration process is repeated until convergenceis
reached or maximum iteration limitisreached. The
resulting weight vectors form one column of the
demixing matrix (W).The demixing matrix is
multiplied with the mixture input to get estimates
of the source signal (Sest).

In improved FCAICA method, on
achieving the convergence, the corresponding
weight vectors are taken as one of the columns of
demixing matrix (W). The second column of the
demixing matrix is found by using orthogonal
property of matrices. Without performing any
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Fig. 4(a). EEG with artifacts obtained from 2-channel
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iterative process or weight vector assumption and
updation, the second column is easily found. For
the case of more than two channels,
orthogonalization should be performed to ensure
that, same components are not estimated again
and again.So, in this improved method, the
reduction in areaand improvement in convergence
speedisachievedin 2-channel ICA by eliminating
the orthoganolization and using orthonormality
property of matrices.

RESULTS AND DISCUSSION

Simulation resultsof EEG

Thesimulationiscarried out for the EEG
mixtures acquired with 2-channel as well as 9
channels. Fig 4(a) and Fig 4(b) show theraw EEG
with artifacts acquired from the sensors and their
estimated components respectively.
ConvergenceAnalysis

The convergence analysis is done with
the simulation results obtained from NCsim Tool
v10. Convergence speed representsthetimetaken
for each of the column weight vectors
corresponding to independent components to be
estimated. It is achieved when a vector w(k) and
itsupdated vector w(k+1) are pointing in the same
direction. The FCAICA takes 11 iterationsand 18
iterations to extract two EEG components. The
improved FCAICA takes 11 iterationsto extract 1%
EEG component and no iteration is needed for

[ I T |

Fig. 4(b). Artifacts removed EEG using Improved FCAICA
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finding the 2" EEG component. The Table 1 shows
the number of iterations needed for extraction of 2
EEG components by different algorithms.
SIRAnalysis

Signal to Interference Ratio of (SIR) of 2-
channel EEG estimation and 9-channel EEG
estimation is shown in Fig 6(a) and Fig 6(b)
respectively. The SIR of Extracted EEG components
rangefrom 0to 30dB with mean value 8.65dB.This
isfine enough to acquirethe quality of theoriginal
EEG sources. The practice of using floating point
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Fig. 5(a). 9-Channel EEG with artifacts

Table 1. Convergence performance

Number of Iterations Fast FCAICA  Improved
Taken to extract EEG  ICA FCAICA
Component 1 18 11 11
Component 2 11 11 Nil
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arithmetic operationssignificantly improvethe SIR
of EEG waves.

Table 2 givesthe SIR values obtained with
floating point and fixed point arithmetic. These
values show that Floating point FCAICA and
Improved Floating point FCAICA provide better
result compared to fixed point implementation.

Algorithm for extraction of EEG
componentsiswrittenin VHDL and simulationis
performed using NCSimtool. The physical design
process that involves Floorplanning, Placement,
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Fig. 5(b). EEG without artifacts (Corrected by FCA
ICA)

Routing and Post route simulation are carried out
with“RTL Compiler” and “ Encounter” tools after
successful completion of the synthesis process.
Fig 7 providesimplementation results of proposed
2-channel ICA obtained from the Cadence Tool
10.1in comparison with Fast ICA and FCAICA. It

Table 2. Comparison of SIR of ICA agorithms

Mean FCA ICA FCAICA Improved FCAI CA
SIR(dB) (Fixed point) (Floating point) (Floating point)
8.04 10.25 10.68

Tl o B s e el i e

Fig. 6(a). SIR of 2-channel Estimated EEG signal
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Fig. 7. Comparison of Design parameters of |CA algorithms obtained from Cadence Tool

providestheinformation about the resources used
and power consumption. Investigation of the
Figure 7 shows that the maximum operating
frequency has been improved in proposed method
tis192KHz, 2.89 MHz, 3.12 MHz for FastICA,
FCAICA and Improved FCAICA respectively.
Power and areaisal so reduced compared to floating
point Fast ICA implementation. An improvement
of 7.48% and 10.23% isachieved over FCAICA in
terms of areaand power respectively.

CONCLUSON

In this paper, an improved time-domain
approach to extract the EEG componentsfrom the
added artifacts is presented. This approach is
validated with simulation processes. Algorithms
are synthesized and GDSI| fileiscreated by using
Cadence Tool. Use of modularity, hierarchy,
orthonormality of matrices and optimized floating
point arithmetic units simplify the design, reduce
the power .The power is also reduced by
eliminating theiteration process while finding 2
independent component in 2-channel ICA. The
usage of optimization algorithm improves the
convergence speed and enabl es finding the optimal
solution. Floating point manipulations increase
precision and SIR of the signal. The limitation of
thissystemisthat, it occupies more hardware when
compared toitsfixed point implementation. Thisis
not aconcern when the quality of the EEG extraction
is prime important. Further research includes the
application of the proposed method for other
signals, such as ECG, fMRI and Spread spectrum
signals.
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