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ABSTRACT

Electroencephalogram(EEG)signalsareprogressivelygrowingdatawidelyknownasbiomedical
bigdata,whichisappliedinbiomedicalandhealthcareresearch.Themeasurementandprocessingof
EEGsignalresultintheprobabilityofsignalcontaminationthroughartifactswhichcanobstructthe
importantfeaturesandinformationqualityexistinginthesignal.Todiagnosethehumanneurological
diseaseslikeepilepsy,tumors,andproblemsassociatedwithtrauma,theseartifactsmustbeproperly
prunedassuringthatthereisnolossofthemainattributesofEEGsignals.Inthispaper,thelatest
andupdatedinformationintermsofimportantkeyfeaturesarearrangedandtabulatedextensively
byconsideringthe60publishedtechnicalresearchpapersbasedonEEGartifactremovalmethod.
Moreover,thepaperisareviewvisionabouttheworksintheareaofEEGappliedtohealthcareand
summarizesthechallenges,researchgaps,andopportunitiestoimprovetheEEGbigdataartifacts
removalmoreprecisely.
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1. INTROdUCTION

TheBigDatabiologicalprocesseshaveverycomplexprocedures,whichimplyneuralaswellas
hormonalstimuliandresponses.Thesebiomedicalsignalsgenerallyrepresentacollectiveelectrical
signalattainedfromanyorgan,signifyingaphysicalvariableofinterest.Tostoreandhandlethese
BigDatadifferenttechnologiesarefrequentlyappliedinthebiomedicalandhealth-carefield(Luo
&Zhao,2016)tofacilitatehealth-careactivities.Theenergymanagementforreal-timeBigDatais
acriticalissue.Thus,energyandperformancetrade-offinresourceoptimizedmodeldesignforBig
Dataisdiscussedin(E.Baccarelli&Stefa,2016).
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TheBiomedicalBigDatacoverawiderangeofthefollowingsignal:electrooculogram(EOG),
electroneurogram(ENG),electrogastrogram(EGG),phonocardiogram(PCG),carotidpulse(CP),
vibromyogram(VMG), vibroarthogram(VAG), electrocardiogram (ECG), electroencephalogram
(EEG),andelectromyography(EMG).However,mostwidelyusedbiomedicalsignalsinhealthcare
applicationsareECG,EEG,EMG,andEOG(Jiang&Lin,2007),(Mowla&Paramesran,2015).

TheEEGsignalisabletotrackchangeswithinmillisecondtime-span,andisagoodtoolfor
analyzingbrainactivity(Urigüen&Zapirain,2015).Moreover,thisEEGsignalispreferredtoother
signals.CertainphysiologicalsignalsuchasSETtrackschangesinthebloodcirculationandpositron
emission(PET)measuresthechangeinmetabolismwhichisindirectindicatorsofelectricalactivity
belongingtothebrain,whileEEGspecificallyteststheelectricalactivityofthebrain.Thissoftware
willassistinpre-processing(Roy&Shukla,2019),(Bigdely&Robbins,2016)oftheEEGdatato
enabledatasharing,archiving,large-scalemachinelearning/dataminingand(meta-)analysis.

Usually,EEGSignalscanbeclassifiedbasedontheirfrequency,amplitudeandshape.Themost
commonclassificationisbasedonthefrequencyofEEGsignals(i.e.alpha,beta,theta,anddelta)
(Chen&Householder,2018).Figure1showsthebrainrhythmsarrangedaccordingtoincreased
frequencies.Thebrainwaveswiththeirfrequencybandandthecorrespondingbrainactivitiesare
revealedinTable1.

Table 1. Electroencephalography (EEG) Signal Frequency Bands.

Name Frequency Band (Hz) Predominantly Brain Activity

Delta 0.5to4 Sleeping

Theta 4to8 Dreaming,Meditation

Alpha 8to13 Relaxation

Beta 13to36 Alert/Working
ProblemSolving

Gamma 36to100 MultisensorysemanticmatchingPerceptualfunction

Figure 1. Fundamental EEG Bands classification. (http://www.yalescientific.org/2013/12/the-brink-of-death-a-new-perspective/)
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Furthermore,EEGsignalsarehighlysensitive tomovementof thesubjectandnoisesbeing
introducedexternallylikewisehumanheadactivation,eyemovements,musculature,nearbyelectrical
deviceinterference.Themovementinhumanbodychangeselectrodeconductivityorphysicochemical
reactionsoccurredattheelectrodesitesresultsintheartifacts.Theseartifactscanbecategorizedas
muscleartifacts(EMG),glossokineticartifacts,eyeblinkartifacts(EOG),eyemovementartifacts,
ECGartifacts,pulseartifacts,respirationartifacts,skinartifactsetc.

Figure2showssomeoftheartifactswhohavethemajorinfluenceonthequalityandinformation
ofthedataandtherefore,leadingtoanerroneousformofsignals.Therefore,itisrequiredtoidentify
andprunetheartifactsfromthedesiredsignalforbetteranalysisanddiagnosisofhumanneurological
diseases. In this review paper, around 200 research papers basedon artifact removal techniques
havebeenstudiedandstateoftheartanalysisofabout60researchpapersdetailsarepresentedin
acomparativetabularform.Thisinformationisusefultoconcludeandsummarizethechallenges
andgapspresentinBigEEGDataartifactremovalfieldandopportunitiesneededtoimprovethe
quandaryarea.

Usually,theEEGepochshavingthesignalamplitudelargerthanselectedthresholdvaluehave
beenrejected.Thisapproachisstubbornandnoadaptionisallowedhenceresultsinlossofmeaning
fullinformation.Moreover,theseartifactswillgetoverlappedwithoriginalEEGsignal.Therefore,the
threshold-basedrejectionswilllosstheimportantinformation.Thus,anautomatedcomponent-based
approachforartifactseparationisrequiredtosolvethisproblem.Theapproachmusttransformthe
lineardecompositionofsignalsintodifferentsourcecomponents.Thecomponentsafterdecomposition
willprovidetheinformationaccordingtothedifferentsourcetypes.Consequently,artifactsinformation
iscollectedfromseparatesourcesandthefinalsignalisreconstructedwithouttheseartifactsources
togetartifactremovedsignal(Sweeney&Ward,2013).

Ingeneral,themostfrequentlyappliedBigEEGDataartifactremovalalgorithmsare:

• BlindSourceSeparations(ICAandCCA)
• EEMD
• WaveletTransform(DWTandSWT)

Theephemeralinformationofthesealgorithmsisdiscussedinnextsection.
Theorganizationofthiscomprehensivereviewpaperisasfollows:section2overviewstheexisting

artifactremovaltechniquesemployedforEEGartifactremoval.Insection3,acomprehensivereview
ofallthestate-of-the-artEEGartifactremoval-basedresearchpapershavebeendone.Variousfeatures
fromrelevantartifactremoval-basedpaperiscomparedintabularforminsection4andtablesare
attachedasannexure.Thesummarypreparedbythestudyofnumerousresearchpaperswhichare
focusedonspecificartifactremoval.Additionally,specificartifactremovalmethodsareclassified
withourownexperienceinsection5.Theconclusionsaresummedupwithsomerecommendations
insection6.Someopenissuesrelatedtoartifactremovalarealsohighlighted.

Figure 2. Superimposed recordings of the EOG, EEG, EMG, ECG (EKG)
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2. BIG EEG dATA ARTIFACT REMOVAL TECHNIQUES

2.1. Blind Source Separation Algorithm
TheBlindsourceseparationisbasedonanunsubstantiatedlearningalgorithmforestimatingand
separatingthesourcesandartifactscomponents.Mostfrequently,BlindSourceSeparationcanbe
donethroughIndependentcomponentanalysis(ICA)(Kanoga&Mitsukura,2015)andCanonical
CorrelationAnalysis(CCA)(Soomro&Yusoff,2014).

2.1.1. Independent Component Analysis (ICA)
TheEEGsignalseparationinto independentcomponentsrequiresICAalgorithmwhichuses the
statisticalandcomputationaltechniques.TheICAalgorithmconsidersmixturesignalC c c c c
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asinputandgeneratedindependentsourcesS s s s s
j n

� �� ,� ,= …



1 2
whereWisthen m× mixingmatrix:

S WC=  (1)

Figure3showstheflowofICAalgorithm.Here,w
i
iscolumnvectorandw

i
+ istemporary

variable, g and g. .( ) ( )′  represents first and the second derivate of nonlinear and non-quadratic
functions.Whentheconvergenceisreceivedw

i+1
mustbemadeorthogonalwithrespecttoEquation

1inordertodifferentiatethenewcomponents.Nevertheless,ICAalgorithmiscenteredonhigher
orderstatisticsandwecannotdeterminetheorderandvarianceofindependentcomponent.Therefore,
secondorderstatistics-basedalgorithmCCAispreferredforEEGartifactremovaldiscussedinthe
nextsection.

2.1.2. Canonical Correlation Analysis (CCA)
Canonical correlation analysis (CCA) is first proposed by Hotelling. CCA is an algorithm for
determinationofthelinearassociationbetweentwosetvariables.Thisisdonebyusingthedata
varianceandco-variancematrix(Soomro&Yusoff,2014).

ThefollowingareanumberoflinearcombinationscalledAandB:

Figure 3. Independent component analysis algorithm flow-chart
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LetCppandCqqbethevarianceoftheApandBQrespectivelyandCpqisthecovariancebetween
APandBQ.Thentheaboveequationcanberewrittenas:
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 (4)

Toachievethebestofselfcorrelations,thisP * shouldbemaximum.Therefore,thisoptimization
canberesolvedby:

C C C C A A
pp pq qq qp P P
− − =1 1 ρ  (5)

C C C C B B
qq qp pp pq Q Q
− − =1 1 ρ  (6)

Thisρ signifiestheEigenvaluewhichisidenticaltosquareof � *P :

ρ = P *  (7)

Thiscanonicalpairwillbecalculatedanddetachedbycalculatingself-correlationandamutual
uncorrelationbetweensources input.NextsubsectionwilldiscussanothereffectiveEEGartifact
removalalgorithmnamelyEnhancedEmpiricalModeDecomposition(EEMD).

2.2. Enhanced Empirical Mode decomposition (EEMd)
Empiricalmodedecompositionalgorithmisanon-linearwayofrepresentinganon-stationarysignal
intosumofzero-meansections.Thismethoddisassemblesasignalthroughaniterativemethodknown
assiftinginmanyintrinsicmodefunctions.TheIMF1functionisthemeanofthetopandbottom
enclosureoftheoriginalEEGsignal,x(t).ThentheresidualsignalisobtainedbysubtractingIMF1
fromx(t).Thiscycleisiterateduntilthestopcriterionismet(theremainderoftheenergysignalis
nearzero).Theleftresidualsignalis:

P t P t IMF t
n n n( ) = ( )− ( )−1

 (8)

whereP t x t
n ( ) = ( ) .

Finally,thesignalisreconstructedbyaddingallIMFsandresidualsignalas:
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ThedetectionmethodofIMFsissensitivetounwantedsignalcomponentsinthesurrounding.
Suchnoisesaffect theprocessofEMD.Modemixing therefore isused inorder toeliminate
thedisparateamplitudeoscillationsofalmostallIMFpeaks,whichcanberandomlyavailable
intheentiredataset.Consequence,theEMDalgorithmversionasEnsembleEmpiricalMode
Decomposition(EEMD)was introducedasmorepowerfulandnoise-assisted(Chen&Peng,
2014),whichsolvesthismodeofmixingdilemmaandusestheaverageEMDensembleswhich
filteroutIMFsforthesignalprovided.Thismethodalsodependsonthenoiselevelandamount
oftestsappliedtotheinputsignal.OneanotherartifactremovalapproachisWaveletTransform
discussedbrieflyinthenextsection.

3. wAVELET TRANSFORM

Thewavelettechniqueisusedformoreaccuratelyfilteringthecorruptedsignal.Inthefirststage,
themotherwaveletshouldbeselectedandinthesecondstep,theshapeselectionshouldbeselected
accordingtothesourcetype.Thesignalisthensubdividedintoavarietyofmotherwaveletvariants
oftimeshiftedandscaledversion.Detailsandestimateswerecalculatedateachlevelofthewavelet
transformation.Then,artifactcomponentsaredetectedandremovedbythresholdsandfinallyother
componentsareintroducedtorestoretherefinedsignalwithoutartifacts(Ghandeharion&Erfanian,
2010).

ThemostwidelyusedtransformingwaveletisDiscreteWaveletTransform.However,neural
signalinformationisimportantwhenremovingEEGartifacts.Somerecentworkthereforeshows
thatSWTisagreattooltoextractsignalartifactsthatretainneuralknowledgeoftheoriginalsignal
(Chang&Im,2016).

StationaryWaveletTransform(SWT),asnodownsamplingofthedataisinvolved,istranslation
invariant(Ghandeharion&Erfanian,2010).Theinvarianceoftranslationisachievedbyremoving
down-and-upDWTsamplers.Inaddition,thecoefficientsofthefilterwereupsampled2 1j�� � atthe
jth levelinthealgorithmstage.InordertoremoveunpredictablemotionartifactbehaviorfromEEG

signals,theSWTalgorithmispreferred.TheEEGsignalissmoothoverthedurationasitincludes
allitsimportantcharacteristicsonly.

ThesealgorithmsarefrequentlyappliedforavailableartifactsuppressionfromEEGBig
Data.Basedonstudyandanalysisofaround60artifactremovalresearchpapers,theapplication
frequency of artifact removal algorithms is summarized in Table 2. This extensive study is
devotedtoacquiringthebestartifactremovalalgorithmsforeffectivesuppressionofdifferent
artifactsfromEEGsignal.

Table2gives the recommendation thatBSS-ICAalgorithmsare frequentlyappliedartifacts
suppressionalgorithminsingleandtwostages.However,thisalgorithmisbasedonhigherorder
statisticsanditresultsincomplexandtime-consumingapproaches.Further,CCAalgorithmsare
preferredoverICAduetosimplicity(basedonsecondorderstatistics).Moreover,EEMDalgorithms
areappliedforsinglechannelsignalinordertoconvertsinglechannelsignaltomulti-channelsignals.
TheWaveletTransformalgorithmsarealsofrequentlyappliedbothinsingleandtwostagesand
somealgorithmbasedonneuralnetworkandoptimizationalgorithmsarealsoappliedforartifacts
suppression.Thestateofartbasedonthetypeofartifactandappliedartifactsremovalalgorithms
isdiscussedinthenextsection.
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4. LITERATURE SURVEy

ThemostfrequentEEGsignalartifactsareEMG,EOG,andECG.Thestateoftheartisclassified
accordingtoartifacttypesandtheirremoval.Thefirstreviewisemphasizedontheresearchworkdone
forremovalofEOGandthenfocusedonEMGartifactremovalandaswellasautomaticdetection
andremovalofartifactshavebeenreviewedandsummarized.

Among all the artifacts EOG is the most dominant artifact. EOG artifacts are affecting the
EEGsignalsatFrontalelectrodesduetoeyemovementsandeyeblinks.Thesesignalswillspread
throughoutthescalpandcontaminatethepureEEGsignal.Theseartifactsareofhighamplitude
andlowfrequencyinnature.AstheseEOGartifactsoverlapspectrallytoEEGsignals,thereforeitis
veryhardtoeliminatebyusingconventionalmethod(Jadhav&Naik,2014).ICA-LMS(LeastMean
Square)algorithmhaveappliedby(Mosquera&Vázquez,2010)andcompareditsperformancewith
RecursiveLeastSquares(RLS)toeliminateEOGartifactsfromEEGsignal.In(Matiko&Tudor,
2013)moreeffectiveICAalgorithmhasbeenusedtoeliminatetheEOGandwavelet-basedamplitude
modulationfeaturesandsupportvectormachineclassifierisimplementedtoextractthefeaturesof
theEEG.Thismethodiscomplexandhaslargecomputationaltime.

ThecomputationaltimeforEOGartifactremovalhasbeenminimizedbyusingtheShortTime
Fourier Transform (STFT) in (Huang & Fang, 2013) with less memory requirement. A wavelet
transform-based adaptive filtering approach to eliminate rapid eye movement is proposed more
accuratelyby(Betta&Menicucci,2013).Further,Soomroetal.(Soomro&Jatoi,2013),(Soomro
&Malik,2013)and(Soomro&Yusoff,2014)haveappliedEEMD-CCAmethodologytominimize
theEOGartifactandcomparedtheirperformancewithEEMD-ICAapproachofartifactremovaland
concludedthatEEMD-CCAismoreefficientwithlesscomputationaltimeandmuchbettersignal
artifactratio(SAR)andcorrelationcoefficient.

In(Bizopoulos&Fotiadis,2013)researchhasbeenimprovedwithartifactdetectionandremoval
ofEOGartifacts.Inthiswork,detectionisbasedonNormalizedCorrelationCoefficient(NCC)and
EOGartifactremovalisdonebyusingEEMDapproach,thoughdetectionisnotsoaccurate.The
sampleentropyenhancedWavelet-ICAhavesuggestedby(Mahajan&Morshed,2013)forremoval
ofEOGartifactandcomparedtheperformancewithZeroing-ICAandWaveletICAandprovedbetter.
Further,performanceisimprovedbyusingimprovedmulti-scalesampleentropyandkurtosiswith
wavelettransformtorecognizeanderadicatetheindependentblinkcomponent(Mahajan&Morshed,
2015).ToremoveOcularArtifactsmoreeffectivelyin(Ge&Hong,2014)theFourthOrderTensor

Table 2. Frequency of artifact removal algorithms on electroencephalography (EEG)

Sr. No. EEG Artifacts Removal Algorithms Number of Stages Application 
Frequency 

(Hz)

1. BlindSource
Separation

IndependentComponentAnalysis
(ICA)

SingleStage 11

Two-stage 20

CanonicalCorrelationAnalysis
(CCA)

SingleStage 04

Two-stage 06

2. EnhancedEmpiricalModeDecomposition(EEMD) SingleStage 04

Two-stage 13

3. WaveletTransform(WT) SingleStage 11

Two-stage 15

4. Others(NeuralNetworkbased) Singleandtwostages 04
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Method(FOOBI)isappliedandcomparedtheperformancewithICAandshowedthatFOOBIis
betterthanICA.

Anautomaticdetectionand suppressionofocular artifact is suggestedby (Majmudar&
Morshed,2015)withDWTalgorithmandcompareditsperformancewithSWT.Theresultshows
thatDWTprocessingtimeis25timesfasterthanSWTforEOGartifactelimination.However,
neuralinformationisnotpreservedsowell.Therefore,areal-timeapproachbasedonartificial
intelligence(AI)toremoveEOGartifactshasbeenemployedbyusingWaveletNeuralNetwork
algorithm(WNN).IntheWNNalgorithm,EOGbehaviorshavebeenlearnedfirstandthenafter
trainingartifactsareremovedaccordingly.Thisapproachismorecomputationallyefficientin
real-timeapplicationthanICA(Nguyen&Li,2015).Animprovedapproachwithacombination
ofICAandWNNisproposedby(Burger&Heever,2015)toremoveEOGfromEEGsignal.
These detection algorithms are complex and have more computation time. A wavelet-based
approachisproposedin(Zhao&Qiu,2015)toremoveEOGwithCCAaswellandprovedbetter
performancecomparedwithICA,CCA,andWICA.

Toreducethecomplexityofthemedicalsystemsforhealthcare,thesinglechannelsystemsare
preferredovermultichannelsystems.Therefore,SinglechannelEEGocularartifactremovalhasbeen
suggestedby(Patel&Mariyappa,2015)withEEMD-PCAapproachandrecommendedthismethod
forlargeinputEEGdata.ThefasterartifactremovalalgorithmtermedasCompleteEEMD(CEEMD)
andICAbeenproposedby(Kanoga&Mitsukura,2015)toeliminateeyeblinkartifactfromsingle
channelEEG.Auxiliary,performanceiscomparedandshowedbetterthanWICA,EMDICAand
EEMDICA.Further,EOGartifactremovalmethodbasedonWaveletTransform(DWTandSWT)with
theuniversalandstatisticalthresholdhaveproposedby(Khatun&Morshed,2015)andconcluded
thatSWTwithstatisticalthresholdshowsbetterperformancethanDWTforpreservingtheneural
informationofEEGwhileDWTwithstatisticalthresholdhasfastexecutiontimeincomparisonto
anothermethod.

Further,someresearchworkshavefocusedonadaptiveartifactremovalforEOGandEMGboth,
asin(Mowla&Paramesran,2015).Theartifactsareidentifiedforemostwiththeclassificationand
thenEOGartifactshavebeenremovedbySecondOrderBlindIdentification(SOBI)-SWTandEMG
artifactsfilteredwithCCA-SWT.Thisadaptivealgorithmpresentedimprovedresultsincomparison
toexistingmethodsofartifactremoval.

Recently EMG artifact removal has been focused by some researchers. The artifacts
potential were generated due to the movement or contraction of muscles, swallow, walks
and talks.TheEMGartifactsareofwidespectraldistribution than thesignalgenerated in
thehumanbrain.Moreover, thisEMGcanbeeasily removedon thebasisofdurationand
frequency. The performance of EMD, CCA, ICA and WT for EMG artifact removal have
compared(Safieddine&Merlet,2012)andconcludedthatforlowSNR,EMD-ICAcombination
algorithmiseffectiveandforhighSNR,2T-EMDorContrastMaximisation2(CoM2)works
betterthanothermethods.CorrespondinglyDWTorCCAispreferredifnumericalcomplexity
istakenintoaccount.

Inaddition, forEMGartifact removal (Teng&Wang,2014) themultivariate-EMDmethod
wascomparedtotheICAbasedapproachbyusingSNRandMSEasparameter.However,(Chen
&Ward,2014)proposedEEMD-CCAandEEMD-IVA(SingleChannelEEGdatadeletionEMG)
andconcludedthatEEMD-CCAisoutperformedbyIVA.Inaddition,theEEMD-MCCAmethodis
extendedandthebestresultsareshown(Chen&Peng,2014).TheEMGartifactshavesuppressedin
(Anastasiadou&Mitsis,2014),(Anastasiadou&Mitsis,2015)byCCAandCCA-WTmethodology
toremoveEMGandapplied,analyzedpracticallyforpatientswithepilepsy.AlltheEEGartifacts
removal-basedresearchpapersarecomparedintabularformbyconsideringsomeimportantkey
featuresandattachedastheannexure.



Journal of Organizational and End User Computing
Volume 33 • Issue 1 • January-February 2021

27

5. ASSESSMENT TABLE

Thenumerousstate-of-the-artresearchpapersbasedonEEGartifactremovalhavebeenstudiedand
summarizedbasedonsomefeaturesandtabulatedasinAnnexuresection.TheEEGSignalartifacts
removalalgorithmeffectivenessarecharacterizedbysomeevaluationmetricssuchasEfficiency,
Feasibility,Complexity,Speed,CorrelationCoefficient,PeaktoSignalNoiseRatio(PSNR),Root
MeanSquareError(RMSE),etc.Alltheseevaluationmetricsarecomparedandtabulatedaccordingto
theresearchworkdoneforspecificartifactremoval.Initiallyclassificationisfocusedontheprogress
ofresearchworkdoneforEOGartifactremovalastabulatedinAnnexureAandfurtherclassified
foradaptiveartifactremovalasinAnnexureB.TheprogressoftheworkforEMGartifactremoval
ispresentedinAnnexureC.AnnexureDcontainsthealgorithmsandtheireffectivenessevaluation
forautomaticartifactdetectionandremoval.Thestudyandanalysisofthesetabularcomparisons
suggestvaluableconclusionwhichisdiscussedinsubsequentsection.

6. SUMMARy

In the healthcare system as the ambulatory device applications have increased, the EEG-based
applicationshavebeenalsoincreasedaccordingly.Inrealtimeapplications,someunintendedsignals
(i.e.artifacts)needtoremovesoastoimprovetheanalysisanddiagnosisofhumanneurological
diseasesforhealthcare.MostundesiredBigEEGDataartifactelementsareEMG,EOG,ECGand
motionartifacts.Thetaxonomyofartifactsremovalalgorithmsaccordingtoartifactsareshownin
Figure4.

Figure4summarizesthevariousstateoftheartalgorithmsappliedexclusivelytoremovethe
artifactsintheEEGsignal.Thealgorithmsareclassifiedaccordingtotheartifactstypes.Ithasbeen
also analyzed from the above figure that two-stage algorithmsaremore effective to remove the
artifactsthansinglestagealgorithms.Moreover,thetypeofsignalinputisalsoanimportantaspect
ofanalysis.IfthesignalismultichannelsignalthenICAorWaveletTransformbasedalgorithmsare
appliedtosuppresstheartifacts,however,ifEEGsignalissinglechannelthenEMDbasedapproaches

Figure 4. Artifact removal based algorithms tree
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areappliedinitially toconvertsinglechannelsignal tomultichannelandthenBSSorWTbased
approacheshavebeenappliedtoeliminatetheartifactsmoreeffectively.

ThemajorcauseofEMGartifactsisduetofrontalisandtemporalmuscles.Intheclassicalwork
(Mijovic&Huffel,2010)EEMD-ICAmethodhaveappliedtoremovethemuscleartifact;however,
thismuscleartifactremovalprocesswasimprovedby(Chen&Ward,2014)throughEEMD-CCA
algorithm. This EEMD-CCA algorithm is compared and proved better than the performance of
EEMD-ICA.Further,in(Chen&Peng,2014)EEMD–MCCAisappliedtoimprovetheEMGartifact
removalbyincreasingPSNRandreducingtheRMSEvaluesincomparisontotheexistingmuscle
artifactremovalmethodologiesavailable.ThealgorithmCCA-WThasimplementedby(Anastasiadou
&Mitsis,2015)toattainbestcorrelationcoefficientsforremovalofEMGartifacts.

ThemostcorruptingartifactinEEGsignalisElectrooculogram(EOG),generatedduetoeyelid
movementandeyeblinking.TheHaarwavelet-basedICAmethodisappliedin(Mahajan&Morshed,
2013)tosuppressEOGartifactsandusedentropyasastatisticalmeasure.Further,in(Mahajan&
Morshed,2015)anautomaticEOGartifactdetectionwithWICAhasbeenemployedandstatistical
measureisconsideredasmodifiedmulti-scaleentropy.TocomparetheperformancetheROCcurve
isplottedwhichshowssignificantimprovementinsensitivityandspecificity.Thecomplexityand
computationaltimeofartifactremovalalgorithmarereducedbyCCAmethodin(Soomro&Yusoff,
2014)andcomparedwithanexisting ICAmethod to removeEOGartifacts.Further, (Mowla&
Paramesran,2015)haveimplementedSOBI-SWTtoimprovetheEOGartifactremovalperformance.

Theautomaticdetectionandcorrectionofartifactalgorithmhavebeenemployedby(Chuang&
Lin,2014)withtheindependentcomponentensembletoremoveeyeblink,EOG,EMGadaptively.
Further,(Radüntz&Meffert,2015)haveusedICA-LDAalgorithmasanautomatic,reliable,real-
timecapableandpracticaltoolforautomaticdetectionandcorrectionofartifactsfromEEGsignal.

Abovestudyand investigationsummarize that theparticularartifact removalalgorithmsare
effectiveaccordingtothetypeofinputartifactswhoseinformationisrecapitulatedinTable3.

Table3suggeststhatBSSalgorithmsaremosteffectiveforEOGartifactremoval;CCA-WTis
mosteffectiveforEMGartifactsuppression.

PSNR,RMSE,Correlationcoefficient,andcomplexityarethekeyfactorsforanyartifactremoval
methods.ThisartifactremovalcanbedonebyusingsomeefficienttechniquesasCCA,ICA,DWT,
SWT,EEMDetc.Thesemethodologiesarefaster,reliableandaccurateforseparationofdifferent
artifacts(EOG,EMG,ECGetc.)fromtheinputEEGsignal.Theseartifactremovalmethodscanbe
appliedtoeithersinglechannelormultiplechannelinputEEGsignal.ThisinputEEGsignalcan
beofdifferentrecordingdurationandalsocanbeofdifferentsamplingrateanddata.Someartifact

Table 3. Artifact removal algorithms applied according to the artifact type

Type of Artifact Artifact Removal Algorithms

Electrooculogram
(EOG)

     1.BSS(PCA,ICA,CCA)isfrequentlyappliedassinglestageapproach
     2.WT-BSSisapplicableformultichannelinputtwo-stageapproaches
     3.EEMD-BSSisapplicableforsinglechannelinputtwo-stageapproaches
     4.Two-stageapproachespresentmosteffectiveEOGartifactsuppression

Electromyogram
(EMG)

     1.EEMDandBSSareappliedforSinglestageapproaches
     2.EEMD-BSSareappliedforsinglechanneltwo-stageapproach
     3.CCA-WTisappliedformulti-channeltwo-stageapproach
     4.AfterBSSapproachesSWTalgorithmapplicationpresentsmosteffectiveEMGartifact
suppression

AutomaticArtifact
detectionand
Removal

     1.EMD,ICA,SWTalgorithmsareappliedassinglestageapproaches
     2.EEMD-BSSareappliedforsinglechanneltwo-stageapproach
     3.BSS-WTareappliedformulti-channeltwo-stageapproach
     4.Neuro-Fuzzyandoptimizationalgorithmalsoapplied
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removalmethodsarefeasiblewithsomeappliedconditionsasSNRvalues,anumberofchannels,
typeofdiseases,etc.

CommencingthestudyofthepublishedtechnicalandreviewarticlesofEEGartifactremoval,it
canbesummarizedthatthehighPSNRvalueresemblancetothebetterEEGsignalqualityandleast
RMSEvalueindicatesimprovedartifactseparation.Theimprovedcorrelationcoefficient(Teng&
Wang,2014)indicatesthatimprovedidentificationandseparationofartifactsfromtheinputnoisy
EEGsignalcanbeattainedthoseresults inbettersourceseparation.Thecomplexityandquality
ofartifactremovaltechniquescanbeaffectedbythespeedandaccuracyfactorsofthealgorithm.
Thecomplexityofthemethodologyisvariedaccordingtotheemployedartifactremovalmethods
andtheircomputationaltime.ThecomputationaltimeofICAismuchhigherthanCCA,EEMD,
DWTalgorithmsforartifactremoval.Furthermore,minimumcomputationaltimeistakenbyDWT
(Safieddine & Merlet, 2012). The computational time and complexity will affect the execution
speedofartifactremovalmethods.Therefore,theimprovedcomputationaltimewilldiminishthe
executionspeedofthealgorithm.Thus,theseallkeyfeatureswillsuggesttheadaptabilityofartifact
removalalgorithmsaccordingtotheinputandtypesofartifact.Moreover,Figure5showsagraphical
representationofpercentageartifactremovalmethodologiesemployedinliteratureforEEGsignalonly.

Thereviewandsummaryof theresearchpapersstate thatalmost29%researchpapersused
BSSalgorithmas effective artifact removal technique, among them47% focusedon removalof
EOG,18%appliedtheBSSalgorithmtoremoveEMG,6%dealswithECGand12%automated
thealgorithmforartifactremoval.Further,12%usedWTalgorithm,8%appliedEMDalgorithm,
15%appliedcascadingofEMDandBSSalgorithm,17%WTandBSSalgorithmcombination,2%
usedthecombinationofEMDandWTapproach,andremaining4%algorithmusedanautomated
approachforartifactremoval.

Thevariousartifactremovalmethodologiesasdiscussedaboveareofmereimportanceandvery
helpfulinhealthcarefordiagnosisofneurologicaldiseasesuchasepilepsy,tumour,sleepapnea,etc.
ResearchisstillgoingonfortheimprovementofartifactremovalofEEGwhichwilldefinitelylead
tothebetterdiagnosisandtreatmentofneurologicaldisorders.

Figure 5. The State-of-the-Art algorithms applied for Artifact Removal in Percentage
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7. CONCLUSION

Onthebasisoftheextensivestudyoftheabove-mentionedresearchpapers,itisconcludedthatthe
artifactremovalmethodsareanimperativepre-processingstepforBigEEGDatasignals.Thiscleaned
EEGsignalwillsupportmoreaccuratediagnosisandanalysisofneurologicaldiseasesinthemedical
field.Inliterature,researchworkisbasicallyfocusedonremovalofEOG,EMGandmotionartifact.
Thecomprehensivereviewworkiscategorizedaccordingtotheremovalmethodologiesemployed
forvariousartifactsintheEEGsignals.

MostfrequentlyappliedartifactremovalalgorithmsinliteratureareEEMD,DWT,SWT,ICA,
CCAandsometimescombinationsof thesemethodologies.Thesemethodshavebeencompared
basedonsomeperformanceevaluationparametersasPSNR,RMSE,andcorrelationcoefficient,etc.
andprovedtheeffectiveresultsusingsimulations.Finally,accordingtostudyandanalysisofthese
researchpapers,itcanbeconcludedthatBlindSourceSeparationtechniquesarethemostwidely
employedalgorithmstoremovetheEOGartifactsfromEEGsignals.AstheseBSSalgorithmsare
basedonsourceseparationandonceartifactsourceisidentifiedthentheirremovalwillbeeasier.
Moreover,EMGartifactsavailableinEEGsignalarebettersuppressedbywavelettransform.These
Wavelet Transform algorithms will smooth out the EMG artifacts broad spectrum randomness
availableintheEEGsignalwhilepreservingtheneuralinformation.TheReviewanalysisofabove-
mentionedresearchpapersconcludesthatcascadingofdifferentartifactremovalalgorithmscanbe
moreoptimalforeliminatingvariousartifactsfromEEGsignal.Therefore,processingofthesignal
willimprovethequalityofthesignal,whichwillbehelpfulinanalysisanddiagnosisofneurological
diseasesinhealthcare.
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APPENdIX A

Table 4. Feature comparison table for EOG artifact removal

Authors Name and feature comparison of their paper

Sequence 
Number

1 2 3 4 5 6

Authors
\
Features

(Vigon&
Fernandes,
2000)

(Salwani
&Jasmy,
2005)

(Ghandeharion&
Erfanian,2006)

(Vazquez&
Maquin,2007)

(Romero&
Barbanoj,
2008)

(Kiamini
&Ahmadi,
2009)

Used
techniques

JADE-ICA lwt wT-ica wd-ica BSS EMD-WT

Artifact
removed

EOG EOG EOG EOG EOG EOG

Year 2000 2005 2006 2007 2008 2009

PSNR(dB) >50 High Satisfactory 20 40 20

RMSE(µV) Low Low 0.3 0.0453a,
0.3040b

1.35 2.20E-01

Feasible IfSNRabove
50

withHaar
computation

With
Thresholding

Yes Goodwith
AMUSEand
SOBI

Yes

Efficiency/
Reliable

Yes High 96.4% Efficient
withSURE
algorithm

Reliable Highly
Efficient

Complexity Medium Least Complex Complex Medium Less

Speed Low Veryhigh Low Low Medium High

DataDuration 10s 10s 4s 8s 3min 2s

Samplingrate
(Hz)

125 256 256 256 100 250

Sampledata 1250 2560 - - - 500

Channel 32 10-20
system

10-20system 4 10-20system 64

Average
Correlation
coefficient

0.99(JADE),
0.98(ICA)

Satisfactory 0.1579a,0.1776b .7698a,.7076b Good High

LWT- Lifting Wavelet Transform
Number of channels-*, First Subject - a, Second Subject -b
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APPENdIX B

Table 5. Feature comparison table for EOG artifact removal continued

Authors Name and feature comparison of their paper

Sequence 
Number 7 8 9 10 11 12

Authors
\
Features

(Kumar&
Vimal,2009)

(Mosquera
&Vázquez,
2010)

(Ghandeharion&
Erfanian,2010)

(Babu&
Prasad,
2011)

(Zhao&Qiu,
2015)

(Nguyen&Li,
2015)

Usedtechniques wt ica ICA-WT PCA-WT CCA-WT WNN

Artifactremoved EOG EOG EOG EOG EOG EOG

Year 2009 2010 2010 2011 2015 2015

PSNR(dB) Good 0.8 High 19.1103 14.5699 _

RMSE(µV) Low 0.35 0.025 7.45E-09 Low 19.2154

Feasible Yes Fair Yes Low NeedsLittle
signalalteration Yes

Efficiency/
Reliable

Improved
Quality

Effective
Denoising 97.8% Comparable

high
BetterthanICA
CCAandwICA

Accurate
thanWavelet
Thresholding

Complexity Least Complex Complex Medium Moderate Medium

Speed High Low High Medium Medium Low

DataDuration 10s 10s 60s 400ms 4s 30s

Samplingrate
(Hz) 128 200 256 128 250 128

Sampledata - 2000 - 15000 1000 3840

Channel 4 10-20system 10-20system 2 32 32

Average
Correlation
coefficient

0.68 0.9945 Medium - 0.97 0.9

WNN- Wavelet Neural Network
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APPENdIX C

Table 6. Feature comparison table for EOG artifact removal continued

Authors Name and feature comparison of their paper

Sequence Number 13 14 15 16 17 18

Authors
\
Features

(Hsu&
Chen,2012)

(Soomro&Malik,
2013)

(Soomro&
Jatoi,2013)

(Huang&
Fang,2013)

(Bizopoulos&
Fotiadis,2013)

(Matiko&
Tudor,2013)

Usedtechniques ica-dwt Emd-cca emd-ica ORICA NCC-EEMD MCA

Artifactremoved eog EOG EOG EOG Eog EOG

Year 2012 2013 2013 2013 2013 2013

PSNR(dB) Good 6.0a/2.2b 1.04761 Good 7.649 Sufficient
High

RMSE(µV) Low Min Low Low 0.215 Low

Feasible Yes SuitableforOnline
Removal

NotFeasible Yes Satisfactory Yes

Efficiency/Reliable 84.4% Efficientifelectrode
placeddistant

Effective
Denoising

Satisfactory Satisfactory Reliable

Complexity Complex Medium Highly
Complex

Complex Less Less

Speed Low Medium Least Least High High

DataDuration 20s 500ms 800ms 25s 4s 4s

Samplingrate(Hz) 256 250 250 128 1000 256

Sampledata - 1000 200 - 250 1024

Channel 5 2 2 7 10-20system 1

AverageCorrelation
coefficient

High 0.908808a/0.864514b 0.871094 0.9135 0.767 0.94

ORICA- Online Recursive ICA, NCC- Normalized Cross Correlation, MCA- Minor Component Analysis
Number of channels-*, First Subject - a, Second Subject -b
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APPENdIX d

Table 7. Feature comparison table for EOG artifact removal continued

Authors Name and feature comparison of their paper

Sequence 
Number

19 20 21 22 23 24

Authors
\
Features

(Mourad&
Niazy,2013)

(Mahajan
&Morshed,
2013)

(Betta&
Menicucci,
2013)

(Mahajan
&Morshed,
2015)

(Zhao&
Peng,2014)

(Turnip,
2014)

Usedtechniques EMD WT-ICA WT ICA-DWT DWT-APF JADE-ica

Artifactremoved EOG EOG EOG EOG EOG Eog

Year 2013 2013 2013 2014 2014 2014

PSNR(dB) High Satisfactory High High Low 3.590a,5.393b

RMSE(µV) Medium Low 0.0002 0.89 0.6443 Low

Feasible Yes Fair Yes Lowno.of
channels

Yes Yes

Efficiency/
Reliable

Effective
forSingle
Channel

94% Effectiveand
Reliable

Effective
Denoising

Fast
prediction
speed,low
nMSE

Effective

Complexity Less Complex Least Complex Medium Complex

Speed High Low Veryhigh Low Medium Low

DataDuration 20s 30s 25s 78s 80s 80s

Samplingrate
(Hz)

250 128 500 128 256 128

Sampledata 4100 - - 5120 5120 -

Channel 10-20
electrode
System

14 10-20system 10-20system 10-20system 6

Average
Correlation
coefficient

0.79 0.6704 Good 0.7771 High Good

APF- Adaptive Predictor Filter
First Subject - a, Second Subject -b
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APPENdIX E

Table 8. Feature Comparison Table for EOG Artifact Removal Continued

Authors Name and feature comparison of their paper

Sequence 
Number

25 26 27 28 29 30

Authors
\
Features

(Soomro&
Yusoff,2014)

(Ge&Hong,
2014)

(Wang&Yan,
2015)

(Majmudar&
Morshed,2015)

(Lyzhko&
Siniatchkin,2015)

(Kanoga&
Mitsukura,2015)

Usedtechniques cca&Ica UBSS MEMD-ICA DWT ica ceemd-ica

Artifactremoved EOG EOG EOG EOG eog eog

Year 2014 2014 2015 2015 2015 2015

PSNR(dB) 7.6891a,6.5274b,
-3.5709c

Good High Good High 11.86±3.60

RMSE(µV) Low Low 22 Low 0.1569 Low

Feasible High Yes Yes Yes Fair Yes

Efficiency/
Reliability

Reliable
algorithm

Effective Efficient Effective Good 11.86±3.60%

Complexity Highcomplex Less Complex Least Complex High

Speed Least High Low VeryHigh Low Least

DataDuration 10s 10s 3-8s 35s 100ms 60s

Samplingrate(Hz) 256 256 500 256 5000 256

Sampledata 2560 2560 - 128 - -

Channelnumber 18 16 10-20system 1 64 15

Average
correlation
coefficient

.5739a,.8229b,

.8427c
0.9963±0.0060 (.789/.165)a,

(.747/.186)b,
(.795/.15)c

(.304*/.303^)
a,(.297*/.299^)b,
(.506*/.603^)c

0.91 High

UBSS- Undetermined Blind Source Separation, MEMD- Multivariate EMD, CEEMD- Complete EEMD
First Subject- a, Second Subject- b, Third Subject-c
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APPENdIX F

Table 9. Feature Comparison Table for EOG artifact removal continued

Authors Name and feature comparison of their paper

SequenceNumber 31 32 33 34

Authors
\
Features

(Patel&Mariyappa,
2015)

(Chang&Im,
2016)

(Burger&Heever,
2015)

(Khatun&Morshed,
2015)

Usedtechniques EEMD-PCA MSDW Wnn-ica   WT

Artifactremoved EOG EOG eog eog

Year 2015 2015 2015   2015

PSNR(dB) -18 Good Good -

RMSE(µV) 0.31±0.12 0.1536±.1321 5.3731 MinwithSwt-st

Feasible WithEOGonly Yes Yes Goodforsingle
channel

Efficiency/Reliability 92% Good Efficientwith
minimumloss

Efficientwithdwt-st

Complexity Moderate Low Highlycomplex Least

Speed Medium High Least Least

DataDuration 25s 15s 10s 105s

Samplingrate(Hz) 1000 2048 1000 128

Sampledata 5000 - - 5000

Channelnumber 64 1 128 14

Averagecorrelation
coefficient

Satisfactory 0.1893±0.735, 0.99,0.92 0.41±0.21

MSDW- Maximum Sliding Window
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APPENdIX G

Table 10. Feature Comparison Table for EOG, EMG and ECG Artifact Removal

Authors Name and feature comparison of their paper

Sequence 
Number

1 2 3 4 5 6

Authors
\
Features

(Jadhav&
Naik,2014)

(Hu&She,
2015)

(Mowla&
Paramesran,
2015)

(Jiang&
Lin,2007)

(Grouiller&
David,2007)

(Mahadevan&
Mugler,2008)

Usedtechniques dwt ANFIS,FLNN cca-swt,sobi-
swt

WT ica Hermitebasis
function

Artifactremoved emg&eog EOG&EMG EOG&EMG ECG bcf bcg

Year 2014 2015 2015 2007 2007 2008

PSNR(dB) Medium 23.18(EOG),
21.34(EMG)

-19(EOG),-7.5
(EMG)

5.64 2 0.9

RMSE(µV) Low 0.6335(EOG),
0.7853(EMG)

Low Low Medium 0.1531

Feasible Yes OnlywithEOG,
EMG

ForEOGand
EMG

Yes No Fair

Efficiency/
Reliability

Acceptable HighExtraction
Efficiency

Efficientthan
BSS-SCD

97.5% NotOptimal Efficient

Complexity Least Less Less Least Complex Less

Speed High High High VeryHigh Low High

DataDuration 10s 6s 4s 4-5min 180s 3500ms

Samplingrate
(Hz)

256 50 256 200 1024 1000

Sampledata - 6000 - - 8000 -

Channelnumber 10-20
system

10-20system 55 10-20
system

20 32

Average
correlation
coefficient

0.7574 0.701(EOG),
0.0633(EMG)

.999(EOG),
1.00(Emg)

0.6138 0.8 Satisfactory

ANFIS: Adaptive Neuro-Fuzzy Inference System, FLNN – Functional Link Neural Network
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APPENdIX H

Table 11. Feature comparison table for EMG artifact removal

Authors Name and feature comparison of their paper

Sequence
Number

1 2 3 4 5 6

Authors
\
Features

(Mijovic&
Huffel,2010)

(Sweeney&
Onaral,2012)

(Safieddine&
Merlet,2012)

(Korhonen&
Sarvas,2011)

(Chen&Peng,
2014)

(Teng&
Wang,2014)

Used
techniques

eemd-ica Eemd-ica ICA,CCA,
EMD,WT

ica eemD-Multi-
setcca

memd

Artifact
removed

Muscle
Artifacts

Motion
Artifacts

EMG Muscle
Artifacts

emg emg

Year 2010 2012 2012 2013 2014 2014

PSNR(dB) Good 14.82 - Satisfactory 4.4 Good

RMSE(µV) 0.6479 Low minwith2T
EMD

Min 0.19 0.9572

Feasible Yes Yes ICAforhigh
SNRand2T-
EMDforlow
SNR

Yes Yes Yes

Efficiency/
Reliability

Highly
Efficient

ForMotion
Artifactonly

Goodat
-30dB,
averageat
-25dB,less
efficientat
20dBto-5dB

Good Effective Efficient

Complexity Highly
Complex

Highly
Complex

ICAHigh
complex

Complex Medium Less

Speed Least Medium DWTHigh
speed

High Medium High

DataDuration 10s 9min 8s - 10s 8s

Samplingrate
(Hz)

250 200 256 1450 1000 200

Sampledata - 500 2048 - 10000 1600

Channel
number

21 2 32 60 1 6

Average
correlation
coefficient

Satisfactory 0.765 - Satisfactory 0.99 Good
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APPENdIX I

Table 12. Feature comparison table for EMG artifact removal continued

Authors Name and feature comparison of their paper

Sequence Number 7 8 9 10

Authors
\
Features

(Anastasiadou&
Mitsis,2014)

(Chen&Ward,2014) (Anastasiadou&
Mitsis,2015)

(Sardouie&Merlet,
2015)

Usedtechniques cca eemd-Joint-bss Cca-wt jdica

Artifactremoved MuscleArtifacts emg EMG emg

Year 2014 2014 2015 2015

PSNR(dB) Good 3 -5for(1*),-10for
(14*),-15for(15*),-
20in(18*)

High

RMSE(µV) (.8349^/.1374*)
a,(.2423^/.1807*)b,
(.1023^/.0546*)c

0.2 0.8665(1*),
0.8981(14*),
0.9790(15*),
0.8755(18*)

Minimumwith
JDICA

Feasible Fair 0.98 Yes Goodwithlessnoof
electrodes

Efficiency/
Reliability

Satisfactory Efficient Efficient BesttoPaediatric
Patient

Complexity Less Medium Medium Complex

Speed High Medium Low High

DataDuration 30m 10s 5min 20s

Samplingrate(Hz) 200 250 200 256

Sampledata - - 3000 5120

Channelnumber 10-20system 21 10-20system 12

Averagecorrelation
coefficient

.869a/.562b/.486c Good 0.9508 Satisfactory

JDICA- Jacobi-like Deflationary ICA, First Subject- a, Second Subject- b, Third subject-c, Channel fp1-*, channel fp2- ^.
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APPENdIX J

Table 13. Feature comparison table for automatic artifact detection and removal

Authors Name and feature comparison of their paper

Sequence 
Number

1 2 3 4 5 6

Authors
\
Features

(Mammone&
Morabito,
2012)

(Akhtar&
James,2012)

(Sweeney&
Ward,2013)

(Mert&
Akan,2013)

(Islam&
Yang,2014)

(Chuang&
Lin,2014)

Used
techniques

AWICA scica-wT   eemd-cca emd SWT ICA-EMD

Artifact
removed

Automatic
Artifact
Detectionand
Removal

Automatic
Artifact
Detectionand
Removal

Automatic
Artifact
Detectionand
Removal

Automatic
Artifact
Detectionand
Removal

Automatic
Artifact
Detectionand
Removal

Automatic
Artifact
Detectionand
Removal

Year 2012 2012 2013 2013 2014 2014

PSNR(dB) Satisfactory Satisfactory 8.21 27.34 Max17.6(at
25dB)

Satisfactory

RMSE(µV) (.13c/.12d)1,
(.12c/.15d)2,
(.05c/.05d)3,
(.09a/.1b)4

-35.264a,
-31.331b

Low Medium Min.02(at
5dB)

0.19

Feasible Fair No Yes No Yes Yes

Efficiency/
Reliability

Effective
Artifact
Suppression

Inconsistent Fairlyefficient
thanICAand
WT

HighEfficient 80% 84%

Complexity Moderate Complex Moderate Less Least HighComplex

Speed Low Low Medium High Least Low

DataDuration 5s 20s 20s 5s 100s 1s

Samplingrate
(Hz)

128 200 200 200 200 500

Sampledata 512 4000 - 100 - -

Channel
number

8 6 2 1 16 10-20system

Average
correlation
coefficient

(0.62c/0.68d)1,
(0.71c/0.6d)2,
(0.95c/0.95d)3,
(0.81a/0.8b)4

- High Satisfactory - 0.95075

a-CH1, b-CH2, c-CH3, d-CH4, 1-electrical trend, 2- linear shift, 3- muscle, 4- eye blink, Number of channels-*,
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APPENdIX K

Table 14. Feature comparison table for automatic artifact detection and removal continued

Authors Name and feature comparison of their paper

Sequence Number 7 8 9 10

Authors
\
Features

(Priyadharsini&
Rajan,2014)

(Daly&Putz,2015) (Radüntz&Meffert,
2015)

(Islam&Yang,2015)

Usedtechniques ANFIS-PSO* ICA-WT ICA-LDA Wt

Artifactremoved AutomaticArtifact
Detectionand
Removal

AutomaticArtifact
Detectionand
Removal

AutomaticArtifact
Detectionand
Removal

AutomaticArtifact
Detectionand
Removal

Year 2014 2015 2015 2015

PSNR(dB) (0.0781/15.0245)a,
(1.0294/21.8553)b

Satisfactory Satisfactory High

RMSE(µV) (5.1424e-004)a,
(5.8904e-004)b

0.0107±0.0171,
0.1035±0.06292,
0.0081±0.0073,
0.0001±.000034,
0.0036±0.00735

Low 0.64

Feasible Yes Yes Fair Yes

Efficiency/
Reliability

EfficientthanANFIS Efficient 87.7% EfficiencyImproved

Complexity Less Complex Complex Least

Speed High Low Low VeryHigh

DataDuration 4s 4s 94.34s 5min

Samplingrate(Hz) 256 512 500 256

Sampledata 1000 - - -

Channelnumber 10-20system 25 32

Averagecorrelation
coefficient

Good Satisfactory 0.9891

a-CH1, b-CH2, 1-Blink artifact, 2- Movement artifact, 3- Moving artifact, 4- Failing electrode, 5-Slow EOG electrode
* ANFSI PSO-Adaptive Neuro-Fuzzy Inference System-Particle Swarm Optimization, LDA- Linear Discriminant Analysis
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