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ABSTRACT

Inthispieceofwork,theauthorshaveattemptedtoclassifyfourtypesoflongdurationarrhythmia
electrocardiograms (ECG) using radial basis function network (RBFN). The data is taken from
Massachusetts InstituteofTechnology-BethIsraelHospital (MIT-BIH)arrhythmiadatabase,and
featuresareextractedusingempiricalmodedecomposition(EMD)technique.Formostinformative
contentsaveragepower (AP)andcoefficientofdispersion (CD)areevaluated fromsix intrinsic
modefunction(IMFs)ofEMD.Principalcomponentanalysis(PCA)isusedforfeaturereductionfor
effectiveclassificationusingRBFN.Theperformanceisshownintheresultsection,anditisfound
thattheclassificationaccuracyis95.98%.
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1. INTRoDUCTIoN

Electrocardiogram(ECG)isoneoftheimportantsourcesforanalysinganykindofcardiacdisease.
ElectricalimpulsesthatoccurduringeachheartbeatcanbevisualizedinECG.Accurateanalysis
oftheECGismostimportantinthediagnosisofheartdisease.AnychangesinanormalECGcan
occurduringvariouscardiacabnormalitieslikeatrialfibrillation,ventriculartachycardia,myocardial
infarction,hypokalemia,etc.Arrhythmiaisatypeofcardiacillnessanditcanbedetectedbystrongly
analysingwavesinECG(Wu&Rangayyan,2009).Itcausesduetotheabnormalelectricalactivity
intheheart.Inthiscasetheheartbeatrhythmseitherfastorslow.Thefactorsthatcausecardiac
arrhythmiaaresmokingandalcoholconsumption,mentalstress,diet,diabetes,etc.

Duetothemanualdataanalysissystem,it isdifficult toextractusefulinformationfromthe
clinicaldata.Computer-basedautomateddiseasediagnosissystemwillbemostusefulinmedical
sectors.Thesystemwillautomatically take thedecisionbyanalyzing thedatacollected through
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differentmedicaltests.DataincludeECG,Ultrasonicimages,Magneticresonanceimaging(MRI)
areusefulforanalysisanddiagnosis.Machinelearning-basedmedicaldataanalysisisoneofthe
advancedtechnologythatcanreducehumaninteractionbyenhancingmachineefficiencyandwillbe
cost-effective.Forearlydetectionofcardiacarrhythmia,areal-timeautomaticECGanalysissystem
willbe thebestsupport to thephysicians(Polat&Güneş,2007).Thecharacteristicof theECG
variesfordifferentpatientsindifferentphysicalandtemporalconditions.Duetothesevariationsin
ECG,thetaskisverydifficultforanalysis.ThisrequirestodevelopanautomaticECGclassification
system(Hoekema,Uijen,&VanOosterom,2001).ForthedevelopmentofaccurateECGclassifierit
isimportanttoextractusefulfeaturesfromdata.Severalmethodsfortheanalysisandclassification
ofECGsignalshavebeenproposedbytheresearchersoverthepastfewdecades.WaveletTransform
(WT)(Tantawi,Revett,Salem,&Tolba,2015),frequencyanalysis(Lin,2008),statisticaltechniques
(Willems&Lesaffre,1987),filterbanks(Afonso,Tompkins,Nguyen,&Luo,1999),supportvector
machines(Alonso-Atienza,Morgado,Fernandez-Martinez,García-Alberola,&Rojo-Alvarez,2013),
artificialneuralnetwork(Hu,Tompkins,Urrusti,&Afonso,1993)arethemostusedmethodsfor
ECGanalysisandclassification.

Duetothenon-stationarynatureoftheECGsignal,EMDisconsideredintheproposedwork
fordecompositionandfeatureextraction.TotalsixnumberofIntrinsicmodefunctions(IMFs)are
consideredasthebasicfeature.Inordertoextractusefulfeature,averagepower(AP)andcoefficient
ofdispersion(CD)arefoundfromthesesixIMFs.APisthemeanbywhichthesignalischaracterized
forreusingimportantinformationofthesignal.CDofasignalsignifiesvariationofcoefficients.
HereintheproposedworkCDisusedforbuildingafeaturevectorbycalculatingtheprobability
distributionoftheIMFs.Againthedimensionofthefeaturevectorisreducedbyusingprincipal
componentanalysis(PCA)method.Radialbasisfunctionnetwork(RBFN)isusedforclassifying
theseselectedECGfeatures.MassachusettsinstituteofTechnology-BethIsraelhospital(MIT-BIH)
arrhythmiadatahasbeenusedforclassifyingfourmajortypesofarrhythmia.Afewapproacheshave
beenconsideredearlierforlargescaleRadialBasisFunctionNetwork.Inthiscasethedatamaybe
largescalealongwiththehighervariancevalue.However,inthiscase,thevarianceisconsideredas2.

2. RELATED LITERATURE

AutomatedECGclassificationcanhelp thecardiologist for thediagnosisofany typeofcardiac
abnormalities.Inthelastfewdecades,severalalgorithmshavebeendevelopedbytheresearchersfor
theautomaticclassificationofthecardiacsignal.Preprocessing,featureextraction,andclassification
arethethreebasicstepsinECGsignalclassificationandmultiplemethodshavebeenappliedbythe
researchersforeachoftheseprocesses.

Classificationofnormalandcoronaryarterydiseasewasperformedbyapplyinghigher-order
statisticsandspectra(HOS)method(Acharyaetal.,2017).Fromeachheartbeat,HOSbispectrum
andcumulantsfeatureswereextracted.Fordimensionalityreduction,authorshavetakenPCA.K-
nearestneighbor(KNN)anddecisiontreeclassifierswereusedfortheclassificationpurposeasthe
performanceoftheseclassifierswithfewerfeaturesarebetter.Supportvectormachine(SVM)classifier
wasusedbytheauthorsforthedetectionofcoronaryarterydisease(Babaoğlu,Fındık,&Bayrak,
2010).TheyhaveusedPCAforthefeatureselectionpurposeand79%classificationaccuracywas
achievedbythem.Geneticalgorithm(GA)andbinaryparticleswarmoptimization(BPSO)methods
wereusedforfeatureselection(Babaoglu,Findik,&Ülker,2010).SVMwithk-foldcross-validation
wasconsideredforclassificationpurposeand81%classificationaccuracywasobtainedfromtheir
proposedsystem.S-transformandwavelettransformwasusedforfeatureextraction(Das&Ari,
2014).Multi-layerperceptronwasconsideredfortheclassificationofnormalandabnormalECG
beats.AlongtermECGclassificationframeworkwaspresentedinastudy(Kiranyaz,Ince,Pulkkinen,
&Gabbouj,2011).Exhaustivek-meansclusteringtechniquewasusedforgettinganoptimalnumber
ofkeybeatsandmasterbeatsfromtheECGwaveform.Backpropagationalgorithmbasedclassifier
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wasintroducedbytheauthorsfortheclassificationpurpose.Averageaccuracyfortheirproposed
systemwas99.04%anditwasquitegood.Buttheyhaveonlyconsideredtherepresentativebeatsfor
thearrhythmiaclassificationpurposeandthecomputationaltimeintheirworkismore.Incertain
cases,multipleclassifiersforECGclassificationwereused.Automaticdetectionofthecoronary
arteryfromthecardiacsignalusingfourdifferentclassifierswasperformed(Girietal.,2013).In
thefirststage,authorshaveappliedDiscreteWaveletTransform(DWT)fordecompositionpurpose.
Further,thedimensionsofthewaveletcoefficientswerereducedbyapplyingPCA,Lineardiscriminant
analysis(LDA),andIndependentcomponentanalysis(ICA).Aftertheselectionofsuitablefeatures
fromthecardiacsignal,theclassificationwasperformedbyusingKNN,SVM,Probabilisticneural
network(PNN),andGaussianmixturemodel(GMM).Fromtheirresult,ithasbeenobservedthat
ICAwithGMMclassifierwasgivingbetterresultascomparetotheotherthreetypesofclassifiers.

SoftcomputingtechniqueshavebeenutilizedforECGsignalclassificationindifferentstudies.
Radialbasisfunctionneuralnetwork(Lewenstein,2001)andBlock-basedneuralnetwork(BBNN)
(Jiang&Kong,2007)wasappliedinsomestudiesforautomaticECGclassification.SixtypesofECG
wasclassifiedbyusingparticleswarmoptimization(PSO)andRBFNin(Korürek&Doğan,2010)
andtheyhaveobtainedbetterclassificationaccuracyintheirproposedwork.Inputfortheirproposed
BBNN was Hermite transform coefficients and the time interval between two adjacent R-peaks
(amplitudeofRwaveismaximum)ofeachheartbeat.Theyhaveconductedtheirsimulationbyusing
MIT-BIHarrhythmiadataset.ClassificationofsixtypesofECGwasdonebyusingaprobabilistic
neural network (PNN) (Yu & Chen, 2007). Discrete wavelet transform was first applied for the
decompositionandfeatureextractionofthecardiacsignal.PNNclassifierwasusedforclassifyingthe
featuresetsand99%ofaccuracywasobtainedastheyclaimed.However,itwasnotfoundincaseof
longtermECGbecausetheyhaveonlyconsideredonlyelevenfeaturesfortheirclassifier.Similarly,
theneuralnetworkwasusedtopredictarrhythmia(Abdou,Ngom,&Niang,2018).Theyhaveclaimed
thattheclassificationaccuracywas67%.Also,PNNwasusedforclassificationofeighttypesof
heartbeatsin(Gutiérrez-Gnecchietal.,2017)wheretheyhavereported92.75%classificationaccuracy.
ClassificationofECGusingmultilayerperceptron(MLP)wasconductedbytheresearchersin(Güler
&Übeylı,2005).FourtypesofECGbeatswereclassifiedintheirworkandtheyhavetakendifferent
typesofmotherwaveletsforvalidatingtheirresult.InDaubechies2(db2)wavelettype,theauthors
haveobtainedabetterresultascomparetootherwavelettypes.CombinationofDWTandANNwas
proposedbytheauthorsin(Prasad&Sahambi,2003).Theyhaveverifiedtheirworkwithnoisyand
cleanECGsignal.ECGwithoutpowerlineinterferenceandbaselinewanderwasperformingbestas
comparetonoisy.Dataminingmethodsuchasattributeselectionandexpectationmaximization(EM)
baseddataclusteringwasintroducedbyauthorsin(Sufi&Khalil,2010).Thedimensionofthefeature
vectorwasreducedbycorrelation-basedselectiontechnique.Arule-basedclassifierwasdesignedfor
classifyingtheECGandHigher-orderspectra(HOS)wasintroducedbytheauthorsin(Martisetal.,
2013).Forreductionofthedimension,Independentcomponentanalysis(ICA)wasconsideredand
theclassificationwasoccurredbyusingmultipleclassifiers.Fromtheirresult,KNNclassifierwas
givingbetterclassificationaccuracyascomparedtootherclassifiers.Optimumpathforest(OPF)
basedclassifierwaschosenbytheauthorsin(deAlbuquerqueetal.,2018).Intheirwork,theyhave
comparedtheirresultforsixtypesoffeatureextractiontechnique,andthreetypesofclassification
technique.AllthosetechniqueswereappliedinthesameMIT-BIHdatabase.

However,fromtheliterature,itcanbeobservedthatresearchershavenotparticularlyfocussed
onArrhythmiadatasetforlongdurationproperly.Alsothesuitableoffeatureswerenotwelldeduced.
AstheeffectivemachinelearningtechniqueRBFNhaschoseninthiswork.Thisworkproposeswith
suitablefeaturesextractedbyEMDtomakethesystemeasyoperationandapplicableformedical
dataminingwithminimumnumberoffeatures.WithlessnumberoffeaturesRBFNexhibitsbetter
result(Palo,Mohanty,&Chandra,2016)
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3. PRoPoSED METHoDoLoGy

Mostof themedicaldataset aredispersed,widespread, andassorted.However,datamining is a
robusttechniqueforextractinginvisible,predictiveandactionableinformationfromtheextensive
databases.Thistechniqueisanexcitingfieldofmachinelearningandcapableofsolvingvariouskinds
ofreal-worldproblems.Itisinterestingtodiscoverhiddenpatternsandvaluableknowledgefroma
largedataset.However,thehealthcareindustryisanotherfieldwhereasubstantialamountofdata
arecollectedusingdifferentclinicalreportsandpatientmanifestations.Theproposedworkprovides
anautomaticECGclassificationsystemandisbasedonEMDandRBFNapproach.InFigure1,the
proposedframeworkforautomaticECG,classificationispresented.

3.1. Data Collection
ECGdataiscollectedfromMIT-BIH-Arrhythmiarepository(Moody&Mark,2001).Thisdatabase
contains48numberoftwo-channelECGdatawith360Hzsamplingfrequency.Thesignalshavebeen
recordedatBoston’sBerthIsraelHospital(BIH).TotalfourtypesofECGsignalsuchasNormal,
LeftBundleBranchBlock(LBBB),Atrialprematurebeats(APB),andRightBundleBranchBlock
(RBBB)areavailableinthisdatabase.AftercollectingtheECGdatafromthisopensourcedatabase,
thefeatureextractionandclassificationisdoneinthenextstep.

3.2. Empirical Mode Decomposition
EmpiricalModeDecomposition(EMD)isasuitabletechniquetodecomposeanysignal.Exclusively
itismostusefulfornon-stationarysignaldecomposition.Thesignalisdecomposedintoanumberof
intrinsicmodefunctions(IMFs)andresidualbyshiftingprocess(Huangetal.,1998;Wang,Chen,
Qiao,Wu,&Huang,2010).Somepredefinedfunctionsarerequiredforrepresentingthesignalin
traditionaldataanalysismethodslikeFourierTransformandWaveletTransform.ButEMDrelieson
afullydata-drivenapproachanddoesnotrequireanypredefinedfunction(Blanco-Velasco,Weng,
&Barner,2008).StepsinvolvedforEMDisdescribedasfollows:

Step-I:Considerthesignals t( ) anddeterminebothmaximaandminima.

Figure 1. The proposed ECG classification framework
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Step-II:Findouttheuppere t
u ( ) andlowere t

l ( ) envelopesofthesignals t( ) usingthecubicspline
interpolationtechnique(Damerval,Meignen,&Perrier,2005).

Step-III:Findouttheenvelopemeane t
e t e t

m

u l( ) = ( )+ ( )
2

.

Step-IV:Extractthedetaild t s t e t
m1 ( ) = ( )− ( ) .

Step-V:Ifthemeanofd t
1

0( ) = andthenumberofextremaisequalordifferbyatmostonefrom
thezero-crossingthend t

1 ( ) isanIMFotherwiserepeatstepIuntilsatisfyingthecondition.
Step-VI:Findouttheresiduer t s t d t

1 1( ) = ( )− ( ) .Lastresidualwillbeconsideredasthetrend.

AfterobtainingalltheIMFsfromtheinputsignals t( ) ,againitisreconstructedby:

s t d t r t
i n

i

n

( ) = ( )+ ( )
=
∑
0

 (1)

wheren isthenumberofIMFsanditisorthogonaltoeachother(Sahani&Dash,2018).
Averagepower(AP)ofthefirstsixIMFsiscalculatedforsummarizingtheinformationofthe

signal.Thiscanbeusedasthefeaturevectorforclassification.IntheproposedworkAPiscalculatedby:

AP
IMF IMF IMF IMF IMF N

N
l l l l l=
( )+ ( )+ ( )+ ( )+ + ( )2 2 2 2 21 2 3 4 ......

 (2)

where l =1,2,3,4,5,6andN isthelengthofeachIMF.
Againthecoefficientofdispersion(CD)iscalculatedanditmeasurestherelativevariationof

asignal.Mostlyitisusedtomeasurethevariabilityintwoormoreseries.CDoffirstsixIMFsis
calculatedbyrelativedispersion(Abdallaetal.,2019).TheCDfeaturevectorisobtainedbyequation5:
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3.3. Principal Component Analysis (PCA)
Sometime the classifier’s performance may affect due to the high dimension feature set. In
dimensionalityreductiontechniquethedataencodingapproachisappliedforobtainingareduced
andcompresseddataset.PCAisastatisticaldimensionreductiontechniqueinwhichtheredundant
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informationfromthedatasetisremovedfordecreasingthenumberoftheattribute.Itconvertsthe
observedcorrelatedvariablesintolinearlyuncorrelatedvariables.Thesesetofvaluesareconsidered
asprincipalcomponents.Itworksinsuchawaythatthefirstprincipalcomponenthasthelargest
possiblevarianceandeachsubsidingcomponenthasthehighestpossibletomatchwithlargescale
RBFNmodelinthiscase.Itissensitivetotherelativescalingoftheoriginalvariables.(Moreira,
deLeonFerreira,&Horváth,2019).Stepsinvolvedinfindingdimensionallyreducedfeaturevector
usingPCAisdiscussedinthefollowingsteps:

Step 1:Standardization

Theaimofthisstepistostandardizetherangeofthecontinuousinitialvariablessothateach
oneofthemcontributesequallytotheanalysis.Morespecifically,thereasonwhyitiscriticalto
performstandardizationpriortoPCA,isthatthelatterisquitesensitiveregardingthevariancesof
theinitialvariables.Thatisiftherearelargedifferencesbetweentherangesofinitialvariables,those
variableswithlargerrangeswilldominateoverthosewithsmallwhichwillleadtobiasedresults.
So,transformingthedatatocomparablescalescanpreventthisproblem.Mathematicallyitcanbe
donebysubtractingthemeanm fromthevalueofeachvariablev thendividingtheresultbythe
standarddeviationd :

S
v m

d
=
− 

Aftercompletingthestandardizationallthevariableswillbetransferredtothesamescale.

Step 2:CovarianceMatrixcomputation

Theaimofthisstepistounderstandhowthevariablesoftheinputdatasetarevaryingfrom
themeanwithrespecttoeachother,orinotherwords,toseeifthereisanyrelationshipbetween
them.Becausesometimes,variablesarehighlycorrelatedinsuchawaythattheycontainredundant
information.So,inordertoidentifythesecorrelations,wecomputethecovariancematrix.

Step 3:Computetheeigenvectorsandeigenvaluesofthecovariancematrixtoidentifytheprincipal
components

Eigenvectorsandeigenvaluesarethelinearalgebraconceptsthatweneedtocomputefromthe
covariancematrixinordertodeterminetheprincipalcomponentsofthedata.Principalcomponents
arenewvariablesthatareconstructedaslinearcombinationsormixturesoftheinitialvariables.
Thesecombinationsaredoneinsuchawaythatthenewvariables(i.e.,principalcomponents)are
uncorrelatedandmostoftheinformationwithintheinitialvariablesissqueezedorcompressedinto
thefirstcomponents.

Step 4:Featurevector

Asit isderivedinthepreviousstep,computingtheeigenvectorsandorderingthembytheir
eigenvaluesindescendingorder,thenfindtheprincipalcomponentsintermofsignificance.Inthis
step,itisdecidedthatwhetherallthesecomponentsarekeptordiscardingthoseelementsthathave
lesssignificance(ofloweigenvalues),andformwiththeremainingonesamatrixoffeaturevectors.
So,thefeaturevectorissimplyamatrixthathasascolumnstheeigenvectorsofthecomponentsthat
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hasbeendecidedtokeep.Thismakesitthefirststeptowardsdimensionalityreductionbecauseifwe
choosetokeeponlypeigenvectors(components)outofn,thefinaldatasetwillhaveonlypdimensions.

Step 5:Recastthedataalongtheaxesoftheprincipalcomponent

Inthisstep,whichisthelastone,theaimistousethefeaturevectorformedusingtheeigenvectors
ofthecovariancematrix,toreorientthedatafromtheoriginalaxestotheonesrepresentedbythe
principalcomponents(hencethenamePrincipalComponentsAnalysis).Thisisdonebymultiplying
thetransposeoftheoriginaldatasetbythetransposeofthefeaturevector.

Thefeaturesareselectedasdescribedandusedforclassification.Theclassificationtechnique
isexplainedinthefollowingsection.

3.4. Radial Basis Function Network
Radialbasisfunctionnetwork(RBFN)consistsofaninputlayer,ahiddenlayerandalinearoutput
layeraspresentedinFigure2.IntheproposedRBFNtotalof10numbersofinput,7hidden,and4
outputneuronsareconsidered.Theinputneuronsizeissameasthenumberoffeatures.Theclassifier
classifiestotalfourtypesofECGclass.Sotheoutputneuronsizeis4.Total7hiddenneuronsare
thereinhiddenlayerbecauseifweusemorenumberofneuronsthenthereisachanceofoverfitting.
Alsobyusingtoofewneuronsinhiddenlayerwillcreatetheunderfittingproblem.Overfittingand
underfittingwillaffecttheperformanceoftheclassifier(Hagan,Demuth,&Beale,1997).Inthis
case,theGaussiankernelisusedasakernelfunction.Thehiddenlayerdependsonanon-linear
RBFkernelfunction(Phooi&Ang,2006;Ram&Mohanty,2019).Theoutputofthenetworkis
foundasthedistancebetweentheinputvectorandthevectorofthecenteroftheGaussianfunction
andcanbeexpressedas:
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whereR istheRBF,c
j
isthecenter, x c

j
− isthedistancebetweeninputandthecenter.x x x

j1 2
, ,... 

are the inputneurons, y y y
j1 2

, ....  are theoutputneuronsand w w w
j1 2

, ,...  are theweightsof the
network.Thetargetoutputisobtainedbyupdatingthecorrespondingweights.Theoutputtoweight
andinputisgivenas:

Figure 2. Structure of RBF Network
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y R x c w
j j
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wherew
j
istheweightofthejthcenterandNisthelengthofthedata.Thenetworkisoperatedwith

thekernelfunctionthatisGaussianandisexpressedas:
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exp
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22σ
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whereσ isthewidthofthecenter.

4. RESULTS

FourtypesofECGhasbeenconsideredinthisworkforclassification.Thedataiscollectedfromthe
MIT-BIHdatabaseandcorrespondingsignalsareshowninFigure3throughFigure6.Aftersuccessive
decompositionusingEMD,IMFandresidualforfourtypesofECGarepresentedinFigure7through
10.FirstsixIMFsareconsideredforcalculationofAP,andCD.Thefeaturevectorofsize12that
obtainedfromAPandCDissubjectedtoPCA.Itreducesthefeaturevectorsizeto10andthisnew
featurevectorisconsideredforclassificationusingRBFN.

Figure 3. Normal ECG signal

Figure 4. LBBB ECG
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Figure 5. APB ECG

Figure 6. RBBB ECG

Figure 7. IMFs and residual of normal ECG

Figure 8. IMFs and residual of LBBB ECG
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InthenormalECGplot,itcanbenoticedthattheshapeofallwavesissmoothandnotnotched
andpeaked.ButinLBBBECGtheQRSdurationismorethan120millisecond.InAPBECGtheP
wavegenerallylooksabnormalandtheQRScomplexlooksnarrow.InRBBBECGtheQRSpattern
appearsintermittently.

About80%oftheECGdataisconsideredasthetrainingsetandrest20%dataisconsideredas
thevalidationdataset.Performanceoftheclassifierisfirstlymeasuredbytheconfusionmatrixas
presentedinTable1.

Basedontheobtainedconfusionmatrixtheperformanceismeasuredbycalculatingsensitivity,
specificity,andaccuracyforeachclassofarrhythmia.Theseperformancemeasuringparametersare
calculatedby:

sensit
TrP

TrP FlN
.=

+
 (9)

spec
TrN

TrN FlP
.=

+
 (10)

Acc
TrP TrN

N
.=

+
∗100  (11)

Figure 9. IMFs and residual of APB ECG

Figure 10. IMFs and residual of RBBB ECG
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HereTrP=TruepositiveandTrN=TrueNegative,FlP=Falsepositive,FlN=Falsenegative,
N=numberofsamples.Alltheseperformancemeasuringparametersfortheproposedclassifierare
presentedinTable2.

DISCUSSIoN

Inordertoprovethattheperformanceoftheproposedworkisbetter,theresultshavebeencompared
withsomeearlierworkswhichwerepresentedintheliterature.Table3displaysthiscomparisonand
fromthistableitcanbenoticedthatEMDwithAP,CD,andPCAisperformingbetterascompared
toothermethods.Thecomputationaltimefortheproposedworkis3.323352second.

Babaoğluetal.used18featureswhichwasreducedbyusingPCAandclassified itbyusing
SVM to detect coronary arterydiseases. Classification accuracy obtained by them was 79.17%.
ThesameSVMwithBPSOandgeneticalgorithm(GA)wasusedbyBabaoğluetal.andtheyhave
achievedbetterresult(81.46%)ascomparedtoSVMwithPCA.Abdouetal.firstdecomposedand
detectedmaineventsofthecardiacsignalbyusingEMD.Thentheyhaveclassifieddifferenttypesof
arrhythmiabyusingPNNclassifierand67%accuracywasobtainedbythem.WaveletECGfeatures

Table 1. Confusion matrix of RBFN classifier

Beat Type Normal LBBB APB RBBB

Normal 495 5 8 0

LBBB 0 66 2 0

APB 40 8 200 2

RBBB 1 1 1 24

Table 2. Classification result of RBFN classifier

Class Sensitivity (%) Specificity (%) Accuracy (%)

Normal 97.44 88.08 93.55

LBBB 97.05 98.12 98.12

APB 80 98.17 92.84

RBBB 88.88 99.75 99.41

Average 90.84 96.03 95.98

Table 3. Comparison of the result obtained from the proposed work with other methods

Reference Features Classifier Accuracy (%)

(Babaoğluetal.,2010) PCA SVM 79.17

(Babaogluetal.,2010) BPSO+GA SVM 81.46

(Abdouetal.,2018) EMD ANN 67

(Gutiérrez-Gnecchietal.,2017) Wavelet PNN 92.75

(deAlbuquerqueetal.,2018) Graphpartitions OPF,SVM 91.22

Proposed work EMD RBFN 95.98
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areclassifiedwithPNNclassifierbyGutiérrez-Gnecchietal.andtheyhaveobtainedbetterresult
(91.75)ascomparedtoSVMwithdifferenttypesoffeatures.OPFandSVMclassifierwasusedby
deAlbuquerqueetal.forclassificationofdifferenttypesofarrhythmia.Theyhaveclassifiedfive
typesofarrhythmiasintheirworkand91.22%classificationaccuracywasachievedbythem.

CoNCLUSIoN

Anautomaticcomputer-aideddiagnosissystemcanidentifytheproblemearlierbeforeanycritical
stage.RBFNbasedautomaticclassificationoffourtypesofarrhythmiaECGsignalisperforming
satisfactorilyinthiswork.TheEMDbasedsignaldecompositiontechniqueisperformingbetteras
comparedtoothermethods.Anaveragesensitivity,specificity,andaccuracyof90.84%,96.03%,and
95.98%areachievedrespectively.Theobtainedclassifiersperformanceresultiscomparedwiththe
previousworksanditcanbenoticedthattheproposedsystemisprovidingabetterresultandcanbe
usedindiseasedetectionanddiagnosissystem.Butthisclassifierperformancewillaffectwhenthe
datasetsizewillbelarge.Atthisstage,thenumberofhiddenlayersisrequiredtoincrease.Further
extensioncanbedoneforclassifyingdifferenttypesofcardiacabnormalitiesbyusingtheneural
networkwithmorenumbersofhiddenlayers.Also,anoptimizedmethodisnecessarytobeusedfor
betteraccuracyandiskeptforfuturework.
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