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Ocular Artifact Removal from EEG Using
Stationary Wavelet Enhanced ICA

*Mahipal Singh Choudhry **Rajiv K apoor

Abstract : To analyze EEG accurately, it is necessary to remove artifacts from EEG, which gets coupled with
signal at the time of recording and can’'t be diminated at preprocessing stage. Ocular artifact is most obvious
artifact in EEG. In this paper, a new method using Stationary Wavelet Enhanced Independent Component
Analysis with a nove thresholding, is proposed for ocular artifact removal from EEG Proposed method
incorporates strengths of Stationary Wavelet and I ndependent Component Analysis. Limitations of these method
areminimized by using proposed nove thresholding technique, whichis proved by results. Proposed denoising
method with nove thresholding techniqueis analyzed in terms of correlation coefficient and mutual information.
Superiority of proposed method is also proved by measuring frequency domain coherence between raw EEG
data and noise free EEG data.
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1. INTRODUCTION

Brain's spontaneouseectrica activity isrecorded informof EEG [1]. Flow of electrical currentsacrossthe
membranesisresult of information processes by human brain’s neurons|2]. EEG hasvarious advantages over
other techniquesto study the brain functions asit hasless hardware cost and due to absence of radiations or
injections, it iscongdered very safe. Thecorrect anadysisof EEG and detection of variousdiseases can sometimes
bedifficult dueto various artifactsthat may be added to pure EEG signalsduring EEG recording. Themainartifacts
can be divided into classes of patient-related (physiologica) artifactsand sysemartifacts[2]. The patient-related
or internal artifacts are body movement-related like Electro-Myogram (EMG), ECG (and pulsation), Electro-
Oculogram (EOG) or Ocular artifact, ballisgocardiogram and sweating. The sysem artifactsare 50/60 Hz power
supply interference, impedance fluctuation, cable defects, electrical noise from the electronic componentsand
unbalanced impedances of the electrodes. The main cause of EOG artifactsis eye movement and eye blinks during
EEG recording. A sgnificant potential difference occurs between the corneaand the retina dueto eye blinking
which affectsthe EEG recording [2]. Extensiveresearch work iscarried out with theaim of artifactsremova from
EEG and & the sametimeto maintain origindity of EEG to preserveimportant informetion in theorigind sgna and
to cause minimumdigortion[3].

Inthispaper, anew method using Stationary Wavelet Enhanced I ndependent Component Anaysis, isproposed
for ocular artifact remova from EEG. The main contributions of the paper are asfollows:

* Proposed method overcomesthe shortcomings of wavelet enhanced | CA and hard thresholding, used for
ocular artifact removal fromEEG

* Proposed method effectively dealswith shortcomingsof sationary wavedet transform (SWT) and adaptive
thresholding aso.

* Proposed nove thresholding technique makes denoising more efficient.
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Thispaper isdivided into five sections, Section-11 coversliterature survey. Section-111 explains proposed
method. Section-1V showstheresults obtained and Section-V, follow by reference, isasummary of conclusions.

2.LITERATURE SURVEY

Edredaet d [6] hasproposed method for denoising of EEG signal usng DWT thresholding technique. Since
ocular artifacts have sgnificant componentsin 0-16 Hz, thresholding isdone only to those sub-bandslying inthe
frequency regionof 0-16 Hz. Inthismethod, 4 level decomposition of DWT isdonewith raw EEG sgnd to obtain
DWT coefficients and then thresholding is applied on these DWT coefficients. In case of ocular noise, hard
thresholding ispreferred over soft thresholding because ocular artifact occursfor short time duration and soft
thresholding modifiesentire signal. Efficiency of proposed method isrestricted dueto shift varianceand aliasng
issuesof DWT [5]. Shift varianceisperturbation in wavelet pattern osaillation around asingularity because of small
shift indgnal. Dueto discrete timedecimation at each stage with non-ideal filters aliasing comesinto roleand
inverse DWT overcomesthisissue only when thereisno modificationinwavelet coefficients, but wavelet coefficents
get modulated whenever thresholding isapplied. Shift variance problem can be avoided by using un-decimated
DWT, i.e. stationary wavelet transform[14].

Krishnaveni et al [ 7] hasproposed amethod to remove ocular artifactsusing stationary wavelet transform
(SWT) and adaptive thresholding. SWT isapplied to expanded contaminated signal and optimal threshold is
selected for 3" to 6 level of decomposition on minimum risk value. Since soft thresholding functions have
discontinuous derivatives, they cannot be used for adaptive thresholding as continuous derivativesarerequired for
minimum condition criteriacal culation. Henceamodified verson of soft thresholding, knownassoft-likethresholding,
isappliedfor optimal noiseremoval. SWT isused because of itstimeinvariance property. Sincethereisno down
sampling so no timeinformationislost and it produces smoother resultsin low frequency bands. SWT produce
smoother resultsinlow frequency bands by ocular artifact suppressonbut it also suppressesEEG signal, which
result ininformation loss[4].

In Castellanoset d [ 8], the method suggested for ocular artifact removal, is blind source separation using
independent component analysis and then zeroing the artifactual components. Inproposed method, independent
componentsand mixing matrix using | CA are estimated then artifactual sourcesareidentified using | C marker.
Column corresponding to artifactual independent componentsare made zero in estimated mixing matrix andinlast
step estimated sourcesare mixed by multiplying themwith modified estimated mixing matrix. To apply |CA on
EEG signals some assumptionsare made like cerebral signal and artifact signal are linearly combined and are
satisticaly independent, number of recording channel must be greater or equal to number of independent sources
and finally delay because of propagation through mixing mediumisinsignificant. Efficiency of proposed method
depends uponthese assumptions and it isvery difficult to meet these assumptionsfor real EEG [15].

InMahganet a [10], method for automatic noiseremoval of ocular artifact usng wavelet enhanced |CA
(WICA), isproposed. In proposed method, independent components and mixing metrix areestimated using extended
infomax | CA. Sample entropy and kurtosisare calculated for eachindependent component and thenthreshold for
sample entropy and kurtosisis calculated to identify artifactual source. DWT with thresholding isapplied on
artifactual source and then mixed signal are estimated by multiplying independent componentswith estimated
mixing matrix. EEG sgnad isvery randomin nature and eye-blinks occur for very small duration hence the entropy
vaue of ocular signal isvery lesscompared to EEG signal. The entropy can be used as|C marker to identify the
artifactual independent component. InBose et a [11] it isrevealed that multi-scale entropy (MM SE) gives better
information regarding EEG than other existing entropy. In proposed method modified multi-scae entropy (mM SE)
isused and it iscalculated by initidly coarse graining of each independent component for multiple scalesand then
sample entropy of each scaleiscaculated [12]. Kurtossisafourth-order Satistical parameter and used for sSudy
of the peaked distribution of any random variables[13]. The sgnalswith peak distribution have higher values of
kurtogs, henceocular sgnasalso have higher vaues of kurtosisthan EEG sgnals. With support of thesearguments
kurtosisisalso used as | C marker in proposed method. Threshold value for mM SE (lower limit) and kurtosis
(upper limit) is calculated asdiscussed in Mahgjan et al [10]. Independent components having MM SE valuesless
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than lower limit or kurtosisvaue above upper limit are considered as artifactual components. Proposed wavelet
enhanced | CA method does not affect non artifactua region asit uses hard thresholding for DWT denoising but
resultsarenot optimal dueto shift variance issue of DWT and again hard thresholding make zero to adl undesired
part of sgnal, which introduces some discontinuities.

3.PROPOSED METHOD
Block diagram of proposed method isshown in Fig.1.

Fig. 1. Proposed M ethodology.

Proposed method hasfollowing steps:
1. 1CA decompostion of ocular artifact corrupted EEG with mixing matrix.
2. Cdculation of modified multi scale entropy (mM SE) and kurtosis.

3. Separation of artifactual independent components (I C) fromnoise free | Cs by comparing calculated
vauesof mM SE and kurtosiswith their threshold values (Lower limit of mM SE and upper limit of kurtoss).

4. Denoising of artifactual ICsusing SWT and proposed novel thresholding technique.
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5. Reconstruction of signa using mixing metrix, noisefree | Csand denoised artifactud | Cs.

6. Comparison of proposed method with other latest proposed methodsin termsof correlation coefficient,
mutual information and coherence.

A. Independent Component Analyss(ICA)

|CA isadatigtica tool to separate mixed recordingsfrom severa channelsinto independent sources. Suppose
that an array of channelsto provide N observed signal
X(K) = [%(K), %,(K) - X (KT D)
And theactual sourcesare s(k) = [5,(K), S,(K) ..., s,(K]T 2
Herethe assumptions are that the sources have non Gaussian distribution and they aremutually Satisticaly
independent. The main purpose of ICA isto estimate ademixing matrix W such that
s=WxxX (€)
Where, W definesthat thetransformed occurred in such away that the mutual informationisminimized among
all independent sources. Mutua information measuresthe information dependency betweentwo random variables.
Many algorithmsare designed to performICA. In proposed method, infomax | CA isselected sincefor sources
having super-Gaussian digtribution, thistechniqueismogt efficient and approximate mode for raw EEG with ocular
artefact ismost close to super-Gaussian distribution. It isan unsupervised technique which usesinformation
maximizationinasngle layer neurd network (feed forward) and gives nonlinear outputs[9].

B. Stationary Wavelet Transform (SWT)

SWT is calculated same as DWT but down-sampling and up-sampling blocks are not present. SWT
decompostionfilter bank isshownin Fg.2.

—» 2:3[n] |—>»
Level 3
coefficients
—»{ g3[n] » hs[n]|—>
—p» Level 2
—»| g1[n] »| hy[n] ®» coefficients

~» Level 1
x[n]——| hi[n] — coefficients

Fig. 2. Sationary wavelet transform decomposition tree.

Stationary wavelet transformisalso called un-decimated DWT, i.e. thedecimatorsafter filtersarenot applied.
Sincethereisno down-sampling, it doesnot lose any timeinformation and have shift invariance property. Because
of oversampling, it hasvery good timeresolution at low frequenciesand henceit produces smoother resultsinlow
frequency bands. It also does not suffer with aliasing because no down-sampling isdone at any stage[14]. In
proposed method, SWT with bior-4.4 mother wavelet is used. Decompositionisdoneup to 61 level and threshold
isapplied from 3™ to 6" level of decomposition.

C. Proposed Thresholding Technique

Thistechniqueisinspired from hard thresholding and it does not affect the coefficientsin the desired range but
modulatesthe coefficientsin undesired range (above athreshold value) .Hard thresholding in such cases produces
undesired discontinuities. Steps of proposed thresholding technique are:

1. Cdculatethethreshold usng any standard risk rule.
2. Keep coefficients unfazed below threshold value.
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3. Cdculatethe maximafor theintervals having values abovethreshold.
4. Calculate scaling factor for eachinterval, it can be calculated asfollows.

SF(j) = p——

d(ind(j) -1

4939

(4)

Wherej denotesj M interval, ind(j) denotesstarting index of interval and denotesthemaximain interval.

5. Multiply all valuesof j interval by SF(j).
4. RESULTS

14 channels (10s) of 32 channel pre-processed EEG signal, taken fromwww. physionet.org, are used inthis
method and are plotted in Fig 3. X-axis showstimein secondsand Y-axis shows channel numbers.
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Fig. 3. Raw (Contaminated) EEG.

FromFig.3, itisclearly visblethat channel 1 isseverely affected by ocular artifact around timeinstant 4s.
After decomposition of raw signal using Infomax ICA, 14 independent components are obtained asshownin

Fg.4.
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Fig. 4. Independent components of raw EEG
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Infirst gage, usng modified multi scale entropy (MM SE) and kurtos's, the ocular artifact related independent
componentsareidentified and then stationary wavelet transformand novel thresholding techniqueare applied on
artifactual componentsto suppressnoise. ThemM SE iscalculated by initidly coarse graining of each independent
component (IC) for multiple scae, then sampleentropy of each scaleiscaculated. The coarsegraining of 1C can
be mathematically givenas

yj(T) = 1 i";(j_l)ﬁlui;lg N/t )]
T
Where, yiscoarsegrained sequenceat scalefactor . ‘U’ isthe I C time sequenceand N islength of each | C.

ThemM SE for each grained independent component can be calculated as[12]

Iog[i:nj ©)

2andr =0.2*

MM SE(m, r)

Where m
Standard deviation of data sequence.

ThemM SE plot for each channel isshownin Fig.5. Y-axis showssample entropy for each channel and X-axis
shows channel number.
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Fig. 5. Plot of mM SE.

Theocular sgnd will havelower values of MM SE than EEG signals. Kurtosisisafourth-order satistical
parameter to study the peaked digtribution of any randomvariables, it can be mathematicaly calculated as

k = m,—3m )
And m. = E{(x—m)"] 8
Where, m,, m, and E arenth order momentsof therandom variable, mean and expectationfunction respectively.

Thesignaswith peak distribution will have higher values of kurtosis, hence ocular sgnalswill have higher
values of kurtossthan EEG signals. Thekurtosisis calculated and plotted asshownin Fig.6.
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Fig. 6. Plot of kurtosis
Threshold valuefor MM SE isgivenas[12],

S
Lower limit = X_ﬁXtN 1 9)
Threshold valuefor kurtosisiscalculated by [13],

- s
Upper limit = X_ﬁXtN—l (10)

Where, x issample mean, sissample standard deviation, N no. of ICsand t,, , =2.201.

Threshold value (Lower limit) of MM SE is calculated equal to 1.26 and threshold value (Upper limit) of
kurtosisiscaculated equal to 22.7. 1Cshaving mM SE valueslessthanlower limit or kurtossvalue above upper
limit are consdered as artifactual components. It can be noticefrom Fig.5 and Fig.6 that channd 2, 5and 8 arethe
components affected by ocular artifact. Stationary wavelet transformand novel thresholding techniqueare applied
on artifactual componentsto suppressnoise. Thefinal reconstructed noisefree sgnal isshownin Fig.7.
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Fig. 7. Reconstructed noise free signal
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It canbeobserved from Fig.7 that ocular artifact has been efficiently removed from channel 1 while keeping
therest sgnal unfazed. Result of proposed novel thresholding techniqueis compared with result of hard thresholding.
Inboth casesDWT with bior-4.4 mother wavelet isused. Corresponding resultsare shownin Fig.8. Inthisplot X-
axisshows number of samplesinsignal.

decomposed wavelet coef at level §

hard threholded wavelet coeff at level §

novel Brehoided wavelet coel ot level §

Fig. 8. Comparison of proposed novel thresholding technique

It can be seen that hard thresholding introduce undesired discontinuities, while proposed novel thresholding
technique isnot only suppressing the noise part but also maintaining smoothness of the sgnal. To measurethe
performance of proposed method, the resultsare compared with most recent techniques, proposed by Mahajan et
a [10] usngwavelet enhanced | CA (wlCA) and zeroing | CA technique, intermsof correlaion coefficient, mutual
information and coherence. Correlation isused to measure the linear relationship between two randomvariables
and it isdefined as

cov(X, X)
Y= oo (11)

Where, xistheraw EEG signal, sisthe noise free EEG signal, o isthe standard deviation and cov isthe
covariance of two random variable x and s. Maximum vaue of correlation coefficient betweentwo signa can
be‘l.

Mutual information (M) isameasure of amount of information, noisefree EEG contains, about raw EEG
sgnd. If two randomvariablesare closdly related they will have large number of mutua information. Accordingto
Shannoninformationtheory M| can be calculated by Kullback-Leibler distance between product of the margina
pdfs of random variable x and y and their joint pdf, which canbegivenas

e [ f(xy)
Iy = 7, [~ f(x, y)Iog[mjdxdy (12)

Comparison among three methodsin terms of correlation coefficient and mutua information, aregivenin
Table 1 and Table 2 respectively.
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Tablel
Correlation Coefficient
Channel No Zeroing ICA wl CA Proposed Method
1 0.4443 0.5835 0.8606
2. 0.7034 0.7936 0.9751
3. 0.7809 0.8315 0.9753
4. 0.8690 0.8957 0.9866
5. 0.8243 0.8653 0.9870
6. 0.7419 0.8150 0.9768
7. 0.7889 0.8422 0.9790
8. 0.9382 0.9520 0.9906
9 0.8338 0.8565 0.9971
10. 0.7931 0.8487 0.9841
11. 0.8682 0.8857 0.9852
12. 0.8766 0.9015 0.9925
13. 0.8798 0.9106 0.9960
14. 0.9217 0.9371 0.9915
Table?2
Mutual Information
Channel No Zeroing ICA wl CA Proposed Method
1 0.3043 0.4213 0.6093
2. 0.4967 0.6191 0.8159
3. 0.4991 0.6241 0.9568
4. 0.6915 0.7022 0.9784
5. 0.6407 0.7315 1.0551
6. 0.5815 0.6057 1.1179
7. 0.6008 0.7123 0.9953
8. 0.9769 1.1989 1.6181
0. 0.6134 0.9528 1.5221
10. 0.5712 0.7498 1.0797
11. 0.7344 0.8187 1.7097
12. 0.7245 0.9009 1.6661
13. 0.8090 0.9772 1.6155
14. 0.9765 1.2705 1.5738

To analysethe performance in frequency domain coherence is measured between raw EEG dataand noise
free EEG data. It is calculated in magnitude squareterm. For all three method coherenceisplotted inFg. 9to
Fg.11.
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Fig. 9. Coherence of zeroing ICA
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5. CONCLUSION

Inthiswork, anew approach towards wavelet enhanced | CA is presented by using stationary wavelet
transform in place of DWT and a new method for thresholding has suggested, which does not introduce any
discontinuity like other thresholding methods. Stationary wavelet transformis preferred to DWT because of its
timeinvariance property. Results of proposed method are compared with two other | CA based methods, zeroing
|CA andwlICA, intermsof correlation, mutua information and coherence. Results of proposed method arefar
superior to theminall three terms. Interms of correlation, proposed method not only gives better resultsfor
unaffected recording channel but it improvestheresult from 0.58 to 0.86 for most affected recording channd, it
meansthat proposed method suppressesthe ocular artifact without introducing additional noise. Whentheresults
arecompared interms of mutua information, it improvesfrom0.42 to 0.60 for most affected recording channel.
The coherence graphs show that thewl CA method is affecting those frequencies too, which arenot present in
ocular artifactsfrequency range but proposed method has only affected the frequency range 0-16 Hz, whichis
ocular artifact frequency band.
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