
DOI: 10.4018/IJEHMC.2018010103

International Journal of E-Health and Medical Communications
Volume 9 • Issue 1 • January-March 2018


Copyright©2018,IGIGlobal.CopyingordistributinginprintorelectronicformswithoutwrittenpermissionofIGIGlobalisprohibited.



35

A Comparative Study of FFT, DCT, 
and DWT for Efficient Arrhytmia 
Classification in RP-RF Framework
Tea Marasović, Faculty of Electrical Engineering, Mechanical Engineering, and Naval Architecture (FESB), University of 
Split, Split, Croatia

Vladan Papić, Faculty of Electrical Engineering, Mechanical Engineering, and Naval Architecture (FESB), University of 
Split, Split, Croatia

ABSTRACT

Computer-aided ECG classification is an important tool for timely diagnosis of abnormal heart
conditions.Thispaperproposesanovelframeworkthatcombinesthetheoryofcompressivesensing
withrandomforeststoachievereliableautomaticcardiacarrhythmiadetection.Furthermore, the
paperevaluatesthecharacterizationpowerofFFT,DCTandDWTdatatransformationsinorderto
extractsignificantfeaturesthatwillbringtheadditionalboosttotheclassificationperformance.The
experiments–carriedoutoverMIT-BIHbenchmarkarrhythmiadatabase,followingthestandards
andrecommendedpracticesprovidedbyAAMI–demonstratethatDWTbasedfeaturesexhibitbetter
performancescomparedtoothertwofeatureextractiontechniquesforarelativelysmallnumberof
randomprojectedcoefficients,i.e.afterconsiderable(approx.85%)dimensionalityreductionofthe
inputsignal.Theresultsareverypromising,suggestingthattheproposedmodelcouldbeimplemented
forpracticalapplicationsofreal-timeECGmonitoring,duetoitslow-complexity.

KEyWoRDS
Compressive Sensing, DCT, DWT, ECG Classification, FFT, MIT-BIH, Random Forest, Random Projection

1. INTRoDUCTIoN

Theelectrocardiogram(ECG) isanon-invasive technique that ismostwidelyusedasaprimary
diagnostictoolfordetectingcardiovasculardiseases.TheECGisanelectricalsignalthatreflects
theelectricalactivitypassingthroughtheheartmuscle,measuredbyplacingelectrodesatthebody
surface.Itischaracterizedbyfivepeaksandvalleys,labelledbysuccessivelettersofthealphabetP,
Q,R,SandT.ThePwaverepresentstheexcitationoftheatriaortheupperchambersoftheheart,
whiletheQRSwave(orcomplex)andTwaverepresenttheexcitationoftheventriclesorthelower
chambersoftheheart.Figure1showstheschematicrecordofthenormalheartbeat.Anydeviation
fromthenorminaparticularECGmeasurement–manifestingitselfinaformofanirregularheartbeat
pattern,alsoknownascardiacarrhythmia–mightbeanindicationofpossiblyseriouscardiacissue
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orabnormality.Timelydetectionandidentificationofcardiacarrhythmiasmayhelpsavepatients’
livesandenhancetheirqualityoflivingthroughmoreeffectivetreatment.

Uptonow,anumberofmethodsforautomaticarrhythmiaclassificationintheECGsignalshave
beenpreviouslyreportedintheliterature(Luz,Schwartz,Cámara-Chávez,&Menotti,2016).These
mainly focuson lineardiscriminantanalysis (Sharma&Singh,2014),artificialneuralnetworks
(Ebrahimzadeh, Ahmadi, & Safarnejad, 2016; Sarkaleh & Shahbahrami, 2012), support vector
machines(Khazaee&Zadeh,2014),mixture-of-expertsalgorithms(Übeyli,2008)andstatistical
Markovmodels(Liang,Zhang,Tan,&Li,2014).Themostdifficultproblemfacedduringautomated
ECGclassificationisthatthereisagreatvarietyofmorphologiesamongtheheartbeatsbelonging
tooneclass,evenforthesamepatient(Osowski&Linh,2002).Moreover,heartbeatsbelongingto
differentclassescanbemorphologicallysimilartoeachother.Therefore,aneffectivefeatureextraction
techniqueisneededtoproducesuchrepresentationoftheoriginalECGsignalthatwillsuppress
thedifferencesamongtheECGwaveformsofthesameclassand,atthesametime,emphasizethe
differencesforthewaveformsbelongingtodifferenttypesofarrhythmias.Variousfeatureshavebeen
usedbyotherresearcherstocharacterizearrhythmiasincluding:morphologicalfeaturesandheartbeat
time intervals (de Chazal & Reilly, 2006), statistical and mixture modelling features (Afkhami,
Azarnia,&Tinati,2016),temporalfeatures(SyamaUday,Mohanalin,&Devi,2016),frequency
domain features (Gothwal, Kedawat, & Kumar, 2011; Ganesh Kumar & Kumaraswamy, 2014),
hybridfeatures(Muthuvel,Suresh,Alexander,&Veni,2014),Hermitepolynomials(Ebrahimzadeh,
Ahmadi,&Safarnejad,2016)andwavelettransformcoefficients(Sarkaleh&Shahbahrami,2012).

Randomforest,proposedbyBreiman(2001),isaschemeforbuildingapredictorensemblewith
asetofdecisiontreesthatgrowinrandomlyselectedsubspacesofdata.Inrecentyears,randomforest
classifierishotinthemachinelearningcommunityduetoitsexcellentclassificationperformance,
itsefficiencyintrainingandtestinganditsuncannyabilitytohandleaverylargenumberofinput
variableswithoutoverfitting.Ashighlightedbyvariousempiricalstudies,randomforesthasemerged
asastrongcontendertostate-of-the-artmethods,suchasneuralnetworksandsupportvectormachines.
Infact,itisconsideredtobeoneofthemostaccurategeneral-purposelearningalgorithmsavailable.
Nevertheless,therehaveonlybeenafewstudiesutilizingrandomforestalgorithmforclassificationof
ECGheartbeatpatterns(Emanet,2009;GaneshKumar&Kumaraswamy,2012;Marasović&Papić,

Figure 1. A typical ECG signal with P, Q, R, S and T marked
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