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ABSTRACT

The brain-computer interface (BCI) system uses electroencephalography (EEG) signals for
correspondencebetweenthehumanandtheoutsideworld.ThisBCIcommunicationsystemdoes
not require anymuscle action;hence, it canbecontrolledwith thehelpofbrainactivitiesonly.
Therefore,thiskindofsystemishelpfulforpatients,whoarecompletelyparalyzedorsufferingfrom
diseaseslikeALS(AmyotrophicLateralSclerosis),andspinalcordinjury,etc.,buthavinganormal
functioningbrain.Aregion-basedP300spellersystemforcontrollinghomeelectronicappliancesis
proposedinthisarticle.Withthehelpoftheproposedsystem,userscancontrolanduseappliances
likeanelectronicdoor,fan,light,system,etc.,withoutcarryingoutanyphysicalmovement.The
experimentsareconductedforfive,ten,andfifteentrailsforeachsubject.Amongallclassifiers,the
ANNclassifierprovidesthebestoff-lineexperimentaccuracyoftheorderof80%forfifteenflashes.
Moreover,forthecontroltranslation,theArduinomoduleisalsodesignedwhichislowcostandlow
power-basedandphysicallycontrolledadevice.

KEywoRdS
ANN, Brain-Computer Interface (BCI), EEG Signal, Home Appliance, Region-Based Speller, Single Channel

INTRodUCTIoN

PeoplesufferingfromneuromusculardiseaseslikebrainstrokeandAmyotrophicLateralSclerosis
(ALS)havevery limitedmuscle-basedcontrolcapabilities;hence theyareheavilydependenton
secondarycaregivers.Forsuchpatients,Brain-computer interface(BCI) isausefulapproachfor
interactionwith theoutsideworld.This technologyprovidescommunicationbetweenthehuman
brainandtheexternalenvironment.BCIsystemsacknowledgethesubject’sintentionsandconvert
thesebrainpatternsandsignalsintocontrolcommand(Mak&Wolpaw,2009).Oncethesignalsare
convertedintocontrolcommandstheyareusedinawiderangeofapplicationssuchascontrolling
awheelchair,2-Dcursor,keyboard,mobilerobot,homeappliances(Hoffmann,Vesin,Ebrahimi,
&Diserens,2008),etc.BCI-basedhomeappliancescontrolsystemisanimportantapplicationthat
willgiveaneasylifetoapatientwhohasaneuromusculardisease.Moreover,BCIalsoreducesthe
costofcareanddependencyonothers.TheuseofBrainwavesforcontrollingthesupportsystem
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hasbeenanactiveresearchanddevelopmentareaforaboutthelast10years.Someofthemajor
contributionsinBCIarenowdescribed.

Brainpatternsareanalyzedbyacquiringelectroencephalography(EEG)signals.Bothinvasiveand
non-invasivetechniquesareusedtoacquireEEGsignals(Ramadan&Vasilakos,2017).Non-invasive
methodsaremorepopularforBCIasdonotrequiresurgicalimplantationofthedevices.Theeaseof
accessalongwiththepainlessacquisitionofEEGsignalsinspiredtheauthortousethenoninvasive
method.Therearesixtypesofsignalsgeneratedfromthescalpwhichisdependentonthefrequency
band.AP300potentialisoneofthemostimportantcomponentsofEEGwhichworksontheprinciple
ofodd-ballparadigms(Farwell&Donchin,1988).Itisusedtotransfersubjectintentionintoinput
command.ForEEG-basedBCI,severalothersignalpatternsareused.Theseincludesteady-state
visuallyevokedpotentials(SSVEPs)(Zhang,Yu,Jiang,Wang,&Qin,2019),motion-onsetvisually
evokedpotentials(MEPs)(T.Maetal.,2017),motorimagery(MI)(Jais,Mansor,Lee,&Fauzi,2017),
hybridsignal(Masud,Baig,Akram,&Kim,2017),etc.BCI-analysisisausefulapproachforclinical
applicationslikeunderstandingtheneed&requirementoftotallydisabledpatientsinhospitals.Many
paradigmslikesinglecharacter(SC)(Pan,Li,Gu,&Yu,2013),row/column(RC)-based(Farwell&
Donchin,1988),region-based(RB)(Fazel-Rezai&Abhari,2009),checkboard(CB)(Townsendet
al.,2010),rapidserialvisualpresentation(RSVP)-based(Acqualagna&Blankertz,2013)havebeen
investigatedusingBCIanalysis.

Controlling home appliances using EEG-signal based approach in a real environment is a
complextaskduetovariousdifficultieslikethecostofsoftwareandhardware,stabilityinsystem
performance,convenienceforusers,andtechnicalchallengesthatoccurredinreallife.Someofthe
real-lifeexamplesforBCI-basedhomeappliancescontrolsystemsarewirelessBCI-basedsystem
especiallyP300andSSVEPbasedsignaltranslation,Bluetooth-basedwirelesstransmissionofEEG
signal,infra-red(IR)technology,TCP/IPcommunicationandUPnP(Universalplugandplay).But
limitationthesesystemsarethattheydependupontheavailabilityoftheinternetandmanytimes
theyarenotcapabletointeractwithmanydevicesatatime.Severalresearchpublicationsdiscuss
aboutsingleappliancecontrol,forexample,fandevice(Wang,Lv,Wen,He,&Wang,2016),TV
(Hsieh,Sun,Yeh,&Pan,2017a),coolingsystem(Hsieh,Sun,Yeh,&Pan,2017b),door(Alrajhi,
Alaloola,&Albarqawi,2017),buzzerandmusicsystem(Chowdhury,Kashem,Hossan,&Hasan,
2017;Tseng,Wang,Lin,&Hsieh,2012).Someresearchersproposedmultipleappliancecontrol(TV,
Fan,AC,Door,light,etc..),virtualreality-based(Holzner,Guger,Edlinger,Gronegress,&Slater,
2009),microcontroller-based(Alshbatat,Vial,Premaratne,&Tran,2014),FPGA-based(Belwafi,
Ghaffari,Djemal,&Romain,2017),infrared-based(IR)design(Corralejo,Nicolás-Alonso,Álvarez,
&Hornero,2014),Bluetooth-based(Lin,Lin,Lin,&Chang,2014),webserver-based(Aydın,Bay,
&Güler,2016)havebeenimplemented.

Someattemptshavebeenmadetocontrolhomeappliancesthrougheyeblinksignals.(Wahy&
Mansor,2010a)proposedadesigntocontrollightbulbsusingeyeblinks.(Uma&Sheela,2017)used
agraphicaluserinterface-basedsystemtocontroltheleftandrightdirectionofwheelchairandhome
appliances.(Usakli&Gurkan,2010)suggestedadesigntooperatethekeyboardcontrolsystemthrough
eyeblinkdetection.(J.Ma,Zhang,Cichocki,&Matsuno,2014)proposedprototypeforrobotcontrol
usingdifferenteyemovementsandERP-based.(He&Li,2017)suggestedasinglechannel-based
EOGspellerusingeyeblinkforcharacterrecognition.(Khushaba,Kodagoda,Lal,&Dissanayake,
2011)havebeenproposedtoextractnumerouscognitivesignalslikeeyeblinkwhichareusedto
detectdrowsinessfromthedriver.ThereductionofeyeblinkkindartifactsfromEEGsignalsisan
importantpreprocessingstepindesigningofEEG-basedhomeappliancescontrolsystemtoenhance
theefficiencyofthesesystems.Therearevariousmethodsareusedfordetectionandreductionof
eyeblinkartifactsfromEEGsignalswhicharefollowing:Detectionofeyeblinkartifacts,usinga
discretewavelettransform(DWT)(Tibdewal,Fate,Mahadevappa,&Ray,2015),suppressionofeye
blinkartifactsbycross-correlationandempiricalmodedecomposition(EMD)(Patel,Janawadkar,
Sengottuvel,Gireesan,&Radhakrishnan,2016), regression (Hillyard&Galambos, 1970), blind
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sourceseparation(BSS)(Sweeney,Ward,&McLoone,2012),principalcomponentanalysis(PCA)
(Casarotto,Bianchi,Cerutti,&Chiarenza,2004),wienerfiltering(Somers,Francart,&Bertrand,
2018),sparsedecomposition(Donoho,2001),hybridmethod-waveletandICA(Pesin,2007),EMD
andBSS(Soomro,Badruddin,Yusoff,&Jatoi,2013).

Motivation and Requirements 
In India, 2.21 percent of the total population is disabled (Velayutham, Kangusamy, Joshua, &
Mehendale,2016).AccordingtoCensus2011,inIndia,20%arehavingmovementdisability,19%
arewiththedisabilityinseeing,and8%havemultipledisabilities.Thebrain-computer interface
communicateswiththosepeople,whosemotorcellisdamagedandwhoareunabletoperformany
muscleactivity.Therefore,byusingBCI,theycaninteractwiththeexternalenvironmentandaccess
theirdailyneedslikeawheelchair,homeappliance,2D-3Dcursorcontrol,etc.BCI-basedhome
appliancessystemcansolvetheabove-mentionedproblemsofdisableandelderlypeople.Following
arethedesignrequirementsandobjectivesofsuchBCIbasedsystem:

• TodesignasignalacquisitionsystemforBCI-basedhomeappliancesandcontrolsystem.
• Toselectaccurateclassifieranddesignasuitableandquickresponsehardwaremodule.
• Tomakeacost-effectivesystemthatcancontrolthemaximumnumberofdevices.

Proposed work Based on the State of Art
Inthisstudy,aBCI-basedcontrolsystemforhomeappliancesisproposed.Intheproposedsystem
classifiedsignalisconvertedintoacommandsignal.Thecontrolinterfaceincludestwodifferentstages
namely1)BCIinterfaceand2)Controltranslation.BCIinterfacenormallyhasfourstagesnamely,
datacollection,preprocessing,featureextraction,andclassification.Inthisproposedwork,anovel
dataacquisitionsystemisdesigned,dedicatedlyforparalyzedpeople.Inthisstate-of-artproposed
work,aneyeblinkbasedhomeappliancecontrolsystemisdesigned.Theproposedsystemuses
Arduino-UNObasedhardwaremoduletomaketheproposedsystemcost-effective.Thesystemcan
handleamaximumnumberofappliancesthatincludecompatibilitywithelectricaldevices.Moreover,
inthispaper,aregion-basedspellersystemisproposed,whichcancontrolapplianceslikefan,light
bulb,electricheater,etc.usingeyeblinksignals.Theregion-basedspellercontains2-panelmenuson
whichtherequiredoptioncanbeselectedthroughaneyeblinksignal.Inthesubpanelmenu,thereis
abackoptionthatisselectedthrougheyeblink;withthisoption,theusercancomebacktothemain
menu.Theproposedsystemwillhelptoreducethedependencyoftheparalyzedpatientoncaregivers
atlowcostandenhancetheirlifestyle.Furthermore,wehavealsoimplementedaneyeblinkartifact
removalmethodtoenhancetheperformanceoftheproposedsystem.Theproposedblockdiagram
ofsuchaBCI-basedsystemtocontrolthehomeappliancesasproposedisshowninFigure1.

Therestof thearticle isstructuredasfollows:Thenextsectionexplainsaboutmaterialand
methods and classifiers. Then the data acquisition section explains, preprocessing steps, feature
extractionmethods,andproposedsystemarchitecture.Afterward,theresultsectionrepresentsthe
evaluationof theproposedmethod.Thediscussionandfuturescopesectionarededicatedto the
discussionandfinallyconcludesthestudy.

MATERIAL ANd METHod

TheworkingprincipleoftheproposedBCI–basedhomeappliancescontrolsystemhasfivesubtasks
vizdatacollection,preprocessingoftheacquiredEEGsignals,classificationofblinkandnon-blink
signals,correcttargetappliancedetectionandfinallyappliancesconnectedtothehardwareinstrument.
TheworkingprincipleoftheproposedapproachisshowninFigure2.
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Proposed Region-Based Paradigms for Controlling of Home Appliances System
Generallyinregion-basedparadigms(RBP),thereisthemainscreenthatisconnectedwithuser
andagainthescreensubdividesintomanysub-regionswheretheitemtofacilitatetheuser.Forthe
selectionofthetargeticonfromthemainpanel,RBPoperatesontwolevels,theformeriscalledthe
mainpanelandthescatteriscalledasub-panel.Thesepanelsareusedfortheselectionofstimuli
presentation and target selection. The main panel consists of many options for the selection of
varioushomeapplianceslikeTV,door,mobile,lightbulb,fan,electricheater,etc.Figure3shows
theproposedGUIfortheregion-basedspellersystem.Theupperscreenshowsthemainmenuand
downonedisplaysub-regions.Onceaselectionismadefromanyofthe6optionsthrougheyeblink,
thedisplayisredirectedtotheselectedsub-panelmenu.Dependingonthedetectedappliances,the
mainparadigmwillberedirectedtooneofthe6possibleparadigmstocontrolmobile-phone/TV/
door/light-bulb/electric-heater/fan.

Figure 1. Block diagram of BCI-based Home environment system

Figure 2. Working principle of BCI -based control of home appliances system
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Figure4(a)showstheparadigmtocontrolmobilethatcontainsforward,backward,themain
menu,callorientation,callterminationandhashbutton.Figure4(b)showstheparadigmtocontrol
doorthatcontainsdoorclose,dooropen,keyinsertedandkeynotinserted,doorlocked,doornot
locked.Figure4(c)showstheparadigmtocontrolafanthatcontainsfanon,fanoff,fanrunningon
speed0-3.Figure4(d)showstheparadigmstocontrolthelightthatcontainsTublighton/off,night
bulbon/offandlightbulbon/off.Figure4(e)showstheparadigmstocontrolheaterthatcontains
on/off,heaterignitionstarted,andheaterfullignite,temperaturelow/high.Figure4(f)showsthe
paradigmstocontrolTVthatcontainsTVon/off,volumeup,volumedownchannelup,channel
down,andmuteoptions.

Classificationofacquiredsignalshelpsinpredictingblinksignalsinthetargetregion.Blink
andnon-eyeblinksignalpredictionisabinaryclassificationtask.Consideringthechallenge
of classification in the region based (RB), we are applying artificial neural network (ANN)
classifier,supportvectormachine(SVM),andLineardiscriminateanalysis(LDA)classifiers
KNNandBayesclassifier.

Artificial Neural Network (ANN)
Figure5showsacommonlyusedmodelcalledthemulti-layeredperceptron(MLP).itcomprises
onelayerofinputandonelayerofoutputandahiddenlayerbetweeninputandoutput(Mitra&Pal,
1995).Eachlayerusesmultipleneuronsandeachneuroninalayerislinkedwithdistinctweights
totheneuronsintheneighboringlayer.Exceptfortheinputlayer,eachneurongetssignalsfromthe
priorlayer’scellslinearlyweightedwithneuron-to-neuroninterconnectvalues.

It is presumed that a total of N sets of training data will be accessible. Inputs
{X X X

1 2 3,
, ……… , �X

N
} are fed to the input layer. The ANN is trained to respond to the

Figure 3. Proposed region-based (RB) paradigms for the home environment
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Figure 4a. Sub-regions

Figure 4b. Door control

Figure 4c. Fan control
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Figure 4d. Light control

Figure 4e. Heater control

Figure 4f. TV control
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correspondingtargetvectors{Y
1 2 3,
,Y Y ……… , �Y

N
}ontheoutputlayer.Thetraininggoeson

untilacertainstop-criterionismet.Trainingistypicallystoppedwhentheaverageerrorisless
thanapredeterminedthresholdbetweenthedesiredandactualoutputsoftheneuralnetwork
over theNtrainingdatasets.Theweightsof thenetwork{Wij}areadjusted todecrease the
outputerroraccordingtothedifferencebetweenthegeneratedandtheactualoutputs.Anode’s
activationfunctiondeterminestheneuron’soutputgiveninputoranarrayofinputs.

Theoutputofneuronk,Ykconnectedfromtheinputofneuronlayerjis:

Y f w O
k

j
kj j

=










∑ .  (1)

wherewkjisinterconnectionweight,Ojistheoutputofaneuroninpreviouslayersandfissigmoid

function �f a
e a

( ) =
+ −

1

1
.

Thelossfunctioncanbedefinedas:

E w y y
kj true k( ) = −( )1

2

2
 (2)

whereytrueisthecorrectoutputfortheinputxi.
Weightsofthefinallayerareupdatedbythegradientdescentalgorithms(Qian,1999):

Figure 5. Artificial neural network
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where �δ
k true k k k

y y y y= −( ) −( )1  and ak is input for sigmoid activation function (Han &
Moraga,1995).

Soweightchangeis:

∆W O
kj k j
= η δ. .  (4)

whereηistheadaptiongain.
Errorinthehiddenlayerisgivenby:

δ δ
j j j

k
kj k

O O w= −( )∑1 .  (5)

andagainweightchangeisgivenby:

∆W x
ji j i
= ⋅ ⋅η δ  (6)

wherexiisinputtothehiddenlayer.

Support Vector Machine (SVM)
SVMclassifierprovidesgoodgeneralizationcapability.Ifthedataislinearlyseparable,thenSVM
classifiersareintwohyperplanessuchthatseparationmargin’sismaximizedbetweentwoclassesof
theuseddataset.Thefunctioninvolvesoptimizingtheseparationmarginandmanagingerrorpoint,
whichisallowedintheprocesscalledstackvariables,forthenon-linearlyseparabledataset.This
issueisconsideredanoptimizationproblemandisresolvedbyLagrange’smultipliers.Asaresult,
fornoveldatapointsxconsideralinear,discretefunctionasshowninequation(7).

F(x)=
i

n

i i i
y x x

=
∑ +
0
��
( . )λ � b  (7)

wherex
i ��,�

i=1,2……Naretrainningdatapointswithy i N i
i i��

, �,�� , ,�� �∈ −{ } = …1 1 1 2 λ =1,2….N.
Itisobservedthatbyreplacingdotproduct �( .x x

i
)withaKernalfunctionK( .x x

i
)thisequation

(7)convertedintoequation(8)whichiscalledradialbasisfunction(RBF)(Dhanalakshmi,Palanivel,
&Ramalingam,2009):

K( .x x
i
)=exp(−

−x x
i

2

22Ã
) (8)
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Linear Discriminant Analysis (LDA)
LDA’sconceptistodiscoverahyperplanemaximizingthedistancebetweenmeansoftwoclasses
andminimizingthevarianceoftheinterclass.ClassicalLDAaimsatoptimizingtheconversionby
minimizingthedistancebetweenclassesandmaximizingthedistancebetweenclassesatthesame
time,thusreachingmaximumdiscrimination.BycalculatingtheEigendecompositiononthescatter
matrices,theidealtransformationcanbeeasilydiscovered.

dATA ACQUISITIoN 

Allparticipantsinvolvedinthisstudysufferfrommotorimpairmentsdisease.Thedetailsofallnine
participantsareshowninTable1.Datawereacquiredthroughasingle-channelNeuroskyheadsetas
showninFigure6.Inthisscreenshot,thesubjectwearsasinglechannelneuroskymindwavemobile
headset.ThisdevicepermitsassociationswithappslikeBCI2000,Matlabanddigitizedforehead
brainwavesignals.Thisdeviceisabletomeasuremultiplestatesofthemindsimultaneously.The
datawererecordedwithninesubjectsagesrange21to40attheresearchlabofthenationalinstitute
oftechnology,RaipurIndia.Thedatasamplescollectedforatimeperiodof(0to600)ms,with
asamplingrateof512Hz.MATLABsoftwarewasusedfordesigningofregion-basedparadigm.

Inthemainpanel,sixappliances(icon)arepresentedwhichareshowninFigure3.Iconswere
showninrandomordertothesubjectsforafixedamountoftime.Thesubjectwasaskedtodoa
singleeyeblinkforactivatingthedevice.Oncethesubjectselectsadeviceaccordingtohisneeds,
itssub-panelwillbeopen.Insubpanelthereare6iconsforselection,userscanselectaccordingto
theirneedsbyasingleeyeblink.Inthesubpanel,theiconwasalsoshowninrandomorder.Subpanel
practicedthesamemethodasthemainpanel.Afterthatsubjectcanselectthe‘goback’optionfor
goingbacktothemainmenubyusingasingleeyeblink.Here,theappliancestatusinthemainpanel
menuwasthesameaspreviously.Thesubjectcanchangedevicestatusthroughselection,usinga
singleeyeblink.Theexperimentswereperformedinasilentroom.Intrainingsessions,thesubject
wasrequestedtocomplete18tasks(36selections)forbothtrainingsaswellastestingsessions.In
thetestingsession,classeswerenotdefined.Themulti-trailanalysiswascarriedoutinthisstudy.

Figure 6. Screenshot of the participant wearing Neurosky headset
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Wecollecteddatainto5,10and15trails.Thetimerequiredforcompletionof15trailsis27seconds
(15*6*300ms).Toswitchbetweenlevelsthespellerneeds2secondsoftime.Totaltimeneededin
56secondsforcompletingthetask.

Artifacts and Eye Blink detection from EEG Signals
EEGplaysasignificantroleinrecognizingbrainactivityandbehavior.However,theelectricalexercise
recordediscontinuallycontaminatedwithartifactsandaffectstheEEGsignalanalysis.Thereare
varioustypesofartifactsthatcomefromthebodyitself(eyeblink,muscles,andheartbeat)which
arecategoriesasintrinsicartifacts.Thereisanexternalartifactthatcomesfromexperimentalerror
(electrode misplacement, cable misplacement) which is classified as extrinsic artifacts. In some
instances,eyeblinkingartifactsarenoisesbecauseEEGinformationcollectedwithopeneyescanbe
deliveredwithsuchartifacts.Inthisresearch,however,theeyeblinkingisthenecessaryparameter
toactivatethehomeappliancescontrolsystem.

Duringtheexperiment,thedataweresavedbysingle-channel(Fp1)whiletheuserintentionally
causedaneyeblink.Sincewearecollectingfrontalregiondata,thisportionofdataisbestsuitable
forblinkdetection.Forthedetectionofeyeblinksignals,wehaveappliedthethresholdingmethod.
Typically,eyeblinksaredefinedbypeakswithcomparativelyhighvoltages.Theyareoftensituated
bysettingalimitforallactivitieswhichexceedthethresholdvalueandclassifyingitaseyeblinks.
Thereisalsosomevariationintheamplitudeofaparticular individual’speaks,morevariability
amongdistinctsubjects.Eyeblinkscanbecategorizedassmallblinksif theblinkperiodis less
than300mswithalimitvalueof±4µV.Thedetectionandremovalofsmallblinkarenecessaryto
maintainthepeakamplitudeofEEGsignals.IntheproposedRBhomeappliancescontrolsystem,
onceeyeblinksignals(forexample:single,doubleandtriple)detectedtothecorrespondingregion
particularapplianceswillactivate.

Preprocessing, Feature Extraction and Classification
Filtering 
EEGsignalsareextremelyweakandareaffectedbyvarioustypesofnoiseandimpairmentsthat
mustbecarefullyremoved.Differentialamplifiersareusedtoreducetheeffectofcommonnoise
ontheelectrodes.Eachelectrodeisconnectedtotheinputofadifferentialamplifier.Astandard

Table 1. Summary of all participants

Sub.no Patient Age Sex Diagnosis
Time since 

Injuries 
(Months)

Motor 
impairment 

degree

1. Subject1 30 M SCI 11 A

2. Subject2 35 M SCP 5 M

3. Subject3 40 F SCI 16 S

4. Subject4 25 M LD 20 M

5. Subject5 25 M LD 25 M

6. Subject6 30 M SCI 5 S

7. Subject7 35 M SCP 10 S

8. Subject8 33 M LD 15 M

9. Subject9 32 M SCI 20 M

SCI: Spinal cord injury, SCP: Spastic cerebral palsy, LD: Locomotive diseases
Motor impairment degree: absent (A), minor (m), modest (M), severe (S), profound (P)
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devicereferenceelectrodeconnectstheotherinputofeachdifferentialamplifier.Suchamplifiers,
withextremelyhighpeaks,arevery low-noiseamplifiers.Therearevariouscommonfilters, for
example,lowpass,highpass,band-stop,bandpass,notch,combandall-passfilterwhichdepends
uponfrequencyresponses.Therearesomelinearfilters,forexample,Chebyshevfilter,Butterworth
filter,Ellipticfilter,andBesselfilterarecommonlyusedfiltersforEEGnoiseremoval.Thecollected
(EEGsignal)wastransferredtothePCbyusingBluetoothatabaudrateof57600.Abuilt-innotch
filter in theneuroskymindwaveheadset removes thenoise in the50-60Hzband.Butweneed
filteringtoremoveknownnoisefrequencysuchasheartbeatandnoisefrommuscles.Subsequently,
an8-orderChebyshevbandpassfilterwasusedforfilteringpurposesofeachextractedsignalwitha
cutofffrequencyrangebetween1to10Hzandthedatawasdecimated.

Segmentation
Thedata(EEGsignal)collectedfromasingle-channelneuroskymindwavemobileheadsetwas
segmented into one second time window for each stimulus. A feature vector was extracted for
determiningthetargetregionusingeyeblink.Aftersegmentation,sixfeaturevectorsnamelyX1to
X6werecreated(showninFigure7).Aftertheextractionoffeaturevectors,classificationofeye
blink(classlabal+1)andnon-eyeblink(classlabel-1)wasperformed.Inbinaryclassclassification
problemoneclassbelongstoblinksignalsandtheotherfiveclassesbelongtonon–blinksignals.

Training of Acquired Data

Training of ANN Classifier
Themultilayerfeed-forwardswiththreehiddenlayerswithasigmoidactivationfunctionwasusedin
thisproposedclassificationtask.Thispresentedstudyusedthreehiddenlayers(256,5and2neurons
basedonmeansquareerror)andwaschosenasthebasisforthetrialanderror.
Training of SVM Classifier
IntheproposedclassificationproblemSVMclassifieristrainedwithfulltrainingdatasetusingthe
RBF-SVMclassifier.Thetechniqueof5-foldcross-validationwasused.Tosummarize,intheRBF-

Figure 7. Segmentation of features
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SVM,𝐶 and 𝜎 parameters need to configure for better classification performance. The parameter of
Candσ(forthisexperimentC=26,σ=28)wereappliedtogetthebestresults.
Training of LDA Classifier
Intheproposedclassificationtaskthehyperplaneseparationisobtainedbymaximizingtwoclasses
distanceoftheirmeansandminimizestheinterclassvariance.Fisher’sLDAassumesthatdatahaving
anormaldistributionwithequalcovariancematrixbetweentheclasses.

Target Appliance Prediction and Hardware design 
Aftersegmentingandclassifyingtheblinkandnon-blinksignalsofthetrainingsession,wehave
appliedclassifierstoclassifytargetedhomeappliances.Ideally,asaresultofclassification,weshould
havetwofeaturesvectorsofblink(class+1)andnon-blink(class-1).Butthedataistoonoisyto
getthecorrecttargetappliancefromjustonetrial.Soweusedamulti-trialapproachtoreducethis
issue.Weadded+1tothescoreofdetectedinclass+1aftereachtrial.Therefore,afternnumberof
trails,thehighestscorewaslistedtorepresentthedesiredappliance.

Afterthedetectionofatargetappliance,signalsaretransmittedthroughaBluetoothmodule
(HC-05)totheArduinomodule.SpecificationsoftheHC-05moduleare,voltagerange=4Vto
6V(Usually+5V)andcurrentcanflowupto30mA.TheBluetoothmoduleisworkingwithserial
communicationandfollowstheIEEE802.15.1standardprotocol.Thecollectedsignalistransmittedto
theArduinoboardusingaBluetoothmoduleHC-05.Themodulesupportsabaudrateof57,600that
canbeselectedusingtheAT(attention)commands.SignalsreceivedbyanHC-05Bluetoothmodule
thatisdirectlyattachedtotheArduinomodule.ArduinoUNOboardisworkingasamicrocontroller
boardbasedontheATmega238.Figure8showsascreenshotofhardwaredesigninreal-time.It
supports16MHzcrystaloscillator.Ithas16digitalinputsandoutputpins,sixpinsareusedforthe
PWMoutputs,6pinsareanalogpinsonepinisusedforUSBconnection,apowerjack,andonepin
forICSPheater.Figure9presentspinconfigurationofBluetooth–basedArduinomodule.Oncea
blinksignaldetected,itistransmittedtoarelayboardthatswitchedthesuitabledeviceaccordingly.

Proposed Algorithm
Figure10showstheflowchartoftheproposedwork.Intheproposeddesign,theneuroskymind-
wavemobileheadsetwasusedfordataacquisition.Spellerwasshowninfrontofthesubjectsfor
datacollection.Inthespeller,flashesarechangedinrandomorder.Thesubjectcanselectanyof
theappliancesaccordingtohis/herneedsusingeyeblink.Oncetheeyeblinkandtargetappliance
detectionarecomplete,itwillgivetranslationcommandtotheArduinoboardwhichisconnected
throughtheHC-05module.OnceArduinogetsthecommandrelatedtotheparticulartargetappliance,
itwillpasscommandthrougharelayandactivatethetargetedappliance.

RESULTS

Theresultingsegmentisdividedintothreeparts.Thefirstonepresentstheresultsoftheblinkand
non-blinkclassificationusing threeANN,SVM,andLDAclassifier.Thesecondpresents target
appliancedetectionaccuracyresultswith5,10and15sequencesofthesignals.Thethirdpartshows
theresultsobtainedwiththestatisticalanalysisofthedata.Theperformanceofclassificationhas
beenassessedintermsofaccuracy.Figure11displaystheflowchartfortheclassificationprocess.

Result of the Signals for Blink Classification
Foreyeblinkdetection,LDA,SVM,andANNmodelsweretrainedandevaluatedusing36target
appliancesdataset.Theresultsoftheblinkclassificationfor36targetappliancedetectionsubject-
wiseandtrailwiseshowninTable2.
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TheaverageaccuracyofsubjectwiseandtrailswiseareshowninTable2.Inthecaseofblink
detectionusingSVMclassifier,theachievedaverageaccuracyin5,10,and15trailsare59.00%,
67.77%,75.77%respectively.

InthecaseofSVMclassifier,subjectwisehighestaccuracyisachievedforsubject1in15trails
andthelowestaccuracywasachievedbysubject9in5trails.SubjectS8andS2attainedthelargest
averageaccuracyandthesmallestaverageaccuracyof65.33%,and71%respectively.Thereduced
observedaccuracyfrom15trialsto5trialsinpercentareS1-24,S2-18,S3-17,S4-23,S5-15,S6-13,
S7-11,S8-13,S9-17%respectively.

Figure 8. Screenshot of hardware design in real environment
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Figure 9. Pin configuration of Bluetooth- based Arduino control module

Figure 10. Flow chart of the proposed algorithms
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InthecaseofblinkdetectionusingtheLDAclassifier,theaverageaccuracyin5,10and15
trailsare57.88%,65.88%,and70.88%respectively.Subject6wasachievedin15trailsandsubject
3wasachievedthelowestaccuracyin5trails.Subject2andattainedthelargestaverageaccuracyof
69%andsubject6attainedthesmallest62%respectively.Thereducedobservedaccuracyfrom15
trialsto5trialsinpercentareS1-15%,S2-19%,S3-18%,S4-13%,S5-6%,S6-11%,S7-7%,S8-15%,
S9-13%respectively.

InthecaseofblinkdetectionusingANNclassifier,theaverageaccuracyin5,10and15trailsare
62%,71.22%,and79.44%respectively.Subject5wasachievedin15trailsandthelowestaccuracy
wasachievedbysubject2in5trails.Subject2attainedthesmallestaverageaccuracyof68%and
subject6attainedthehighestaccuracy74%respectively.Thereducedobservedaccuracyfrom15
trialsto5trialsinpercentisS1-18%,S2-16%,S3-15%,S4-13%,S5-9%,S6-10%,S7-14%,S8-10%,
S9-12%respectively.The result shows that forblinkclassificationANNclassifiergivesabetter
resultthanothers.

Target Appliances detection (In Region-Based)
Targetappliancedetectiontothecorrespondingblinkclassificationisdetectedforadifferentnumber
oftrails.Theresultsofthe36targetappliancedetectionclassifierwiseshowninFigure12,13,and14.
Bluelineshows5trails,theredlineshows10trailsandthegreenlineshows15trails.

In thecaseof the targetappliancesdetection to thecorrespondingblinkclassificationusing
SVM,anaverageofallsubject19.524,23.5targetappliancesweredetectedcorrectlyoutof36in5,
10and15trails.However,Subject2hasthehighestappliancedetectionamongallsubjects.Subject
9performsthelowestcorrectlyappliancedetection.However,whenweloweredthenumberoftrails
from15to5,theamountoftargetappliancedetectionincorrectlycategorizedincreases.Theaverage
accuracyfortargetappliancedetectionin5,10and15trails54.1%,66.6%,and65.41%respectively.

InthecaseofthetargetappliancesdetectiontothecorrespondingblinkclassificationusingLDA,
anaverageof17.5,20,21.1.Targetappliancesweredetectedcorrectlyoutof36in5,10and15trails.
However,Subject1hasthehighestappliancedetectionamongallsubjects.Subject6performsthe
lowestcorrectlyappliancedetection.However,whenweloweredthenumberoftrailsfrom15to5,
theamountoftargetappliancedetectionincorrectlycategorizedincreases.

Table 2. Result obtained using the single channel with 5, 10 and 15 sequences of the signals for blink classification

SUB. 
NO.

User  
Number

Classification accuracy for different subject

5 Trails 10 trails 15 Trails

ANN LDA SVM ANN LDA SVM ANN LDA SVM

1 Subject1 59 56 53 70 65 68 80 71 77

2 Subject2 58 52 56 70 62 66 76 71 74

3 Subject3 61 51 59 71 66 67 77 69 76

4 Subject4 63 57 53 71 65 69 76 70 76

5 Subject5 64 62 58 72 67 66 78 68 73

6 Subject6 65 63 62 73 69 69 82 74 75

7 Subject7 60 65 63 71 68 66 84 72 74

8 Subject8 68 56 65 70 66 70 83 71 78

9 Subject9 67 59 62 73 65 69 79 72 79

Average 62.77 57.88 59.00 71.22 65.88 67.77 79.44 70.88 75.77
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InthecaseofthetargetappliancesdetectiontothedetectedblinkclassificationusingANN,
anaverageof24.5,26.55,27.33targetappliancesweredetectedcorrectlyoutof36in5,10and15
trails.Howeversubject4hasthehighestappliancedetectionamongallsubjects.Subject9performs
thelowestcorrectlyappliancedetection.However,whenweloweredthenumberoftrailsfrom15to
5,theamountoftargetappliancedetectionincorrectlycategorizedincreases.Theaverageaccuracy
fortargetappliancedetectionin5,10and15trails68.00,73.77,and75.9respectively.

Figures12,13and14showtheachievedresultsusingdifferentclassifierson9subjectsfor5
trails10trailsand15trails.Table3showstheaverageaccuracyofninesubjectsin15trailsusingall
usedclassifiers.Amongallclassifiers,ANNclassifiersperformedbetterthanothers.

Figure 11. Shows the flow diagram of the classification process
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Statistical Analysis 
The Friedman method was used for statistical comparison of various algorithms. It is the non-
parametric method chosen over repetitive ANOVA analysis. This test can be said to be similar
to repeatedANOVAanalysis.Thebasicprincipleof this experiment is that variousmethodsof
classificationareevaluatedaccordingtotheirranking.Rank1ratethebestperformingsystemthe
secondonerank2andsoforth(Figure15).

The Friedman method is used according to the average ranks obtained from the different
approaches.Anullhypothesisforthep-valueisevaluated.Ap-valuereferstoaconfidencelevel.The
assumptionisthatifthep-valueishigherthantheconfidencelevelthenthereisnodistinctionbetween
subjects,theanswerwillberejected.TheposthocNemenyitestisusedinthissituation.Thenext
criterionisthatifthep-valueapproachestheconfidencelevel,thenthereisarankdifferencebetween

Figure 12. Target appliance detection using LDA

Figure 13. Target appliance detection using SVM
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apairbeinggreaterthanthecriticaldifference(CD)atacertainconfidencelevel,theperformance
willbesignificantlydifferentinthiscase.TheFriedmanmethodwasimplementedacrossallnine
differentsubjectswiththreedifferentclassificationmethods(ANN,SVM,andLDA)(obtainedusing
15trails).TheestimatedP-valueaccordingtotheexperimentaloutcomewas0.01564lowerthanthe

Figure 14. Target appliance detection using ANN

Table 3. Average accuracy of all nine subjects in 15 trails

S.NO Classifier Average accuracy

1 ANN 80.00%

2 SVM 75.77%

3 LDA 70.88%

4 KNN 68.77%

5 Bayes 60.55%

Figure 15. Shows the results of the post hoc analysis for all three models
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confidencelevel.ThenullhypothesiswasrejectedbyruleandthePostHoctestwasused.TheCD
valueobtainedis2.5135morethanthep-valueof0.05.

dISCUSSIoN ANd FUTURE SCoPE

Table4demonstratesthecomparisonbetweentheproposedandexistingBCI–basedcontrollinghome
appliances.Wecomparedtheaccuracyaswellashardwaredesign(costofthesystem,convenience
oftheusers)oftheexistingmodel

Comparison Study Between Proposed Vs Existing 
Controlling Home Appliances System 
Regarding existing studies related to BCI–based home appliances control system applications,
Hoffmanetal. (Hoffmann,etal.,2008) testedaP300-basedBCIsystemfor5disabledsubjects
havingdistinctpathologiesand4healthysubjectssimulatingaparadigmforenvironmentalcontrol.
Fourofthemachieved100%classificationaccuracy.Nevertheless,aquitedistinctP300paradigm
wasusedtocarryoutthisresearch.Onestimulimatrixwasused,consistingofsixpicturesflashing
onebyone.Inaddition,foursessionswereheld,eachconsistingofsixsingleitemselections.Inthe
proposedBCIdesignsystemcontains36itemsfrom6menusormatrices,stimuliweredistributed
overtheintendedarea,and2assessmentsessionsareperformedconsistingofatleast36singleitem
selections.RebecaCorralejoet.al(Corralejo,etal.,2014)increases113itemsfromtenmenusor
matrices,2assessmentsessionsareconductedconsistingofatleast42choicesofsingleitems.But
overallaverageaccuracy74.4%achieved.InourproposedBCIsystembasedontheANNmodel

Table 4. Comparative analysis between existing and proposed BCI- based home appliance control system

Author Subjects Types of 
Paradigms Classifier Total 

selection
Average 

Accuracy (%) Session Signal Disability

Hoffmanetal.
(Hoffmann,et
al.,2008)

4 3x2images Setwise-LDA,
Fisher-LDA 24(2) 100.0 2 P300 Healthy

Rebecca
Corralejo
(Corralejo,etal.,
2014)

15
10matrices
images
R/C

SLDA 134(3) 74.4 3 P300 Disabled

E.A.Aydin
(Aydin,etal.,
2016)

5

Main
menu6x6,
Submenu
6x6

LDA 20(2) 95% 2 P300 Healthy

S.F.Anindya
et.al 4 - SVM - 83.26% - SSVEP Healthy

D.Achanccaray
(Achanccaray,
Flores,Fonseca,
&Andreu-Perez,
2017)etal.

8 Matrix2x3 ANFIS - Above80% -

Eye
blink
(EEG/
EOG)

Healthy

M.Uma(Uma&
Sheela,2017). 5 GUIbased

menus ANN - 90% - P300 Healthy

U.Masud
(Masud,etal.,
2017)


3 Matrix4x6 RandomForest - 87% - - Healthy

Proposed 9 Mainmenu
2x3 ANN 36(2) 80% 2

Eye
blink
(EEG/
EOG)

Disabled
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achievedbetter accuracy thanexisting.E.A.Aydin et al. developedahomeautomationcontrol
systembasedonawebserverthatachievedgoodaccuracyby95%.Theexistinghomeautomation
controlsystembasedonthewebserverrequiresconstantinternetaccessforactivation.Theproposed
systemsneednotinternetaccessconsistently.(Belwafi,etal.,2017)designsasystemusingFPGA
model,whichisacriticaldesignfortheusers.Ourproposeddesignsystemeasyandeconomicalfor
theusers.(Wahy&Mansor,2010b)alsodevelopeda3-eyeblinksignalsystem(foursecondslong)
usingamicrocontroller(PIC16F877A),buttheproposedsystemwasdesignedforsingleappliance
only.Ourproposedmodelconvenientwithanelectricaldeviceandcontrolmultipleappliancecontrol
systems.(Uma&Sheela,2017)designedahomeappliancecontrolsystemmodelusingeyeblinkfora
healthyperson.Thisdesigndidnottalkdeeplyforsignalanalysisandtargetappliancerecognitionand
achieved90%accuracyforahealthyperson.Theproposedmodeldeeplyanalyzesblinkclassification;
waveformdetectionandtargetappliancerecognitionforcompletelydisablepatientsandachieved
80% accuracy for completely paralyzed patients. The proposed system achieves the highest eye
blinkclassificationaccuracywithsubject5,whichhasthelocomotivedisease.Furthermore,highest
targetcharacterclassificationaccuracyisachievedwithsubject4,whichhasSCI.Thismodelnot
onlyperforminggoodintermsofaccuracybutalsohasrobusthardwaredesign.Thesystemisvery
economical,easytouse,andmakeslifeeasyforparalyzedpeople.

Thedifferentdevicetakessometimeforactivation.Forevaluation,averageactivationtimefor
alldeviceswascalculatedandalldeviceswereanalyzedwithrespecttothisaveragetime.Lightand
fantakeminimumaveragetimeforactivation.TheTVappliancetakesmaximumaveragetimefor
activation.Heateranddoortakeaboveaveragetimeforactivation.Figure16showsperformanceof
differenceappliance(Intermsoftime).

From the presented results and discussion, it is evident that further research and technical
enhancementisrequiredonEEG-basedcontrolsystemsforthemtobepublicallyaccepted.Weassume
thatseeingthepotentialofthisarea,themanagers,governmentbodiesandpolicymakerswillstart
tofocusonthisintheverynearfuture.

open Issues and Future Scope
TherearemanyissuesandchallengesinthedevelopmentofBCI-basedtechnology.Thesechallenges
are categorizedbasedonusability and technical requirements.Non-linearbehaviorof thebrain,

Figure 16. Performance of different device (In terms of time)
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correctdataacquisition,noisesandhighdimensionalityofthedatacomesundertechnicalchallenges.
Informationtransferrate(ITR)andtheaveragetimeforselectioncomesundertheusabilitychallenges.
RC-basedparadigmsarehavingmanychallengeslikeadjacencyproblem,crowdingeffect(Chaurasiya,
Londhe,&Ghosh,2016),andtaskdifficulty.Proposedworkcansignificantlyresolvesuchchallenges.
Theintegrationofmoredeviceswillfurtherimprovetheusabilityandperformanceoftheproposed
system.Theinclusionofdifferentkindsofdisabilityintoexistingandcollecteddatasetswillmakethe
proposeddatasetmorerobustforthetrainingoftheproposedsystem.Additionally,theapplicationof
theInternetofthings(IoT)withtheproposedmethodwillenhancetheusabilityoftheproposedsystem.

CoNCLUSIoN

Inthisproposedarticlenovelregion-basedparadigmsforBCI-basedhomeappliancescontrolsystem.
Thisdesignisveryhelpful,forpeoplewhoareunabletomoveorunabletocommunicateverbally
becauseofcompleteparalysis.InproposeddesignedanRB-basedspellerthatcontains36options
whicharegenerallyusedindailylife.Theseoptionscanbeselectedwiththehelpofjustaneye
blink.Moreover,EEGsignalsdatawerecollectedfromparalyzedpatientsusinganeuroskymind
wavemobileheadsetforfeatureextractiontosegmentblinkandnon-blinksignals.Differentfilters
wereapplied tosegmentandclassifyblinkandnon-blinksignals.After that, for targetselection
classificationdifferentclassificationmethodslikeSVM,LDA,ANN,KNNandBayeswereapplied.
ThehighestachievedaverageaccuracythroughANNclassifieris80%whichishigherthan(Corralejo,
etal.,2014).Fortheblinkclassification,withANNclassifier,proposedsystemachievessubjectwise
highestaccuracyfromsubject5in15trailsandthelowestaccuracyfromsubject2in5trails.Inthe
caseofthetargetappliancesdetectionusingANN,anaverageof24.5,26.55,27.33targetappliances
weredetectedcorrectlyoutof36in5,10and15trails.Itisobservedthatthenewlydevelopedsystem
iscost-effectiveandnecessitatesonlylittleefforttoselectthetarget.Astatisticalanalysisreveals
thattheANNclassifierisoutperformingSVM,LDA,KNN,andBayesclassificationmethods.The
Arduino-basedhardwaremoduleoftheproposedsystemiseasilyavailableandverycheap.
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