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1.INTRODUCTION
Speechemotionrecognitionisoneofthenewresearchscopeintheeraofhumanmachineinteraction.[1,6]Itcan
takenspeechasinputandidentifythecorrespondingemotion.Theapplicationofemotionrecognitionare
monitoringofpsychophysiologicalstateofindividuals,Educationalinstitutions,softwareengineeringetc.
Featureextraction:
Therichamountofinformationpresentsinthesignals,wecanextracttherelevantorrobustfeaturesfrom speech
usingfeatureextractiontechniques.Thequalityofemotionrecognitionisdependsuponthefeaturesextracted
from thespeech.[8]Thefeaturescanbeprosodicandspectralfeatures.Onlyconsiderationofprosodicorspectral
isnotenoughtoidentifytheemotioninveryefficientmanner.Sointhisweproposethecombinationofboth
spectralandprosodicfeatureswhichgivestherecognizeratebetterthanthepreviousworkout.
Thefeaturesconsiderhereareprosodicfeatureslikefundamentalfrequency,formants,energyandspectral
featuresareMFCC,Skewness[2].Theperformanceoftheemotionrecognitionsystem dependsonthefeatures
thatareused.ThemultipleclassificationalgorithmsusedforthespeechemotionrecognitionareSupportVector
Machine,ArtificialNeuralNetwork,[3]GaussianMixtureModel,andHiddenMarkovModel.
From thefig1Thespeechsamplesaretakenasinput.Preprocessingisthefirststeptobedonewiththespeech
samplesarepreprocessingfrom whichnoisecanberemoved.[4]Nextfrom thenoisefreesamplesthefeatures
areextracted.Thesefeaturesarefurtherpassedtotheclassifieralgorithm.Theclassifierthenclassifiesthe
emotionsaccordinglyandoutputstheemotions.

Fig1.WorkingModelOfSpeechEmotionRecognitionSystem.
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Abstract-AutomaticEmotionalRecognization(AER)isoneofmostresearchissueinspeechprocessing.Theapplications
suchasliedetection,medicine,e-learningandsoon.Inthispaper,weproposeamulticlassSVM classification,whichis
usedtorecognitiontheemotions.However,weconsideremotionslikeanger,fear,happyandneutral.Thefeaturesextract
from speechsignalsplaysaprominentroletoidentifytheemotion.Thecombinationofbothspectralfeatureslike(MFCC,
SKEWNESS)and prosodic features like (pitch,formants,zero-crossings)provides good Accuracyin recognition of
emotions.Moreover,weusethedatabasetoconsiderdifferentcombinationsarebothmaleandfemalesspeakers.Our
resultsshowthestabilityandgoodrateofrecognizationforemotions.
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Thispaperisorganizedasfollows.SectionIIContainsthedatabasethatusedinthisproposedsystem.SectionIII
discussabouttheclassificationalgorithm,thatusedclassifytheemotions.ThesectionIVisdisplaytheresults
thatareclassifiedbythealgorithm.SectionVallaboutconclusionandfuturescope.

2.DATABASE
Thedatabaseusedinthispaperis,IITKGP-SESC.ItwasrecordatAllIndiaRadioIndia.Alltheartistshadthe
professionalexperienceof8–12years.[5]Theyconsider15sentencesforinterpretingtheemotions10sentences
havebeenspokenbyeachartistinthechosenemotions.Finally2400utteranceshavebeenutteredingrandtotal.
Thenumberofwordsandsyllablesinthesentenceswerevaryingfrom 3–6and11–18respectively.Theduration
ofthedatabasewasaround36minutes.Thefouremotionsconsideredforcollectingtheproposedspeechcorpus
were:Anger,Happy,Fear,andNeutral.
Afterfeatureextractionthedatabaseisdividedintotrainingandtestingdatasets.Thedatabaseincludesboth
maleandfemalevoicespeechsamples.Thetabularresultsshowsthatthedifferentcombinationoftrainingand
testingdata.Thetrainingdurationconsideredis30secondsandthetestingdurationof3seconds.

3.CLASSIFICATIONALGORITHM
SVM isoneofthewidelyusedclassificationalgorithm forpatternrecognitionandmachinelearningareas.Under
limitedtrainingdata,itproducesthemoreeffectiveoutcomescomparedtoallotherclassifiers.Soweconsiderthe
supportvectormachine to classifythe emotions in this paper.SVM is basicallyimplemented forbinary
classificationproblems.Anditprovidesgoodcompetenceinclassifyingbinaryclassproblemsandidentifiesthe
labels.
Inthispaperweconsiderfouremotionclasseslike,fear,anger,neutralandhappy.Thenwehavechosen
multiclassSVM methodologyforclassificationtheemotions.Alreadyseveralapproacheshavebeenlistedoutfor
multiclassclassification.
Thepopularapproachesareoneagainstallandoneagainstoneapproach.Inoneagainstallapproachone
emotionisselectedasoneindividualclassandremainingallemotionsaregroupedtogetherassecondclass.SVM
classificationdrawsahyperplanebetweenthisoneclassandremainingallclasses.Thisprocesscontinuesuntil
allclassesareclassified.Inoneagainstonemethodchoosethetwoclassesinrandom mannerandapplybinary
classificationbetweentheclasses.Andthisprocesscontinuestillallthecombinationsoftheclassesaretaken
andapplythenbinaryclassificationbetweenthem.Stillthisisanopenandbroadlyemergentareaofresearch.The
classesareinanymachinelearningalgorithmsorpatternrecognitionisgenerallybiginnumber.Weneedmuch
capableandprecisemulticlassclassificationmethodologies.
InthemidstofexistingmethodswehavechosenanapproachcalledDendogram BasedSupportVectorMachine
(DSVM)[12].TheproposedDSVM modelhavetheworkingoutofthebothAgglomerativeHierarchicalClustering
(AHC)ofclassesandprovidestheefficientbinaryclassificationinSVM.TheTrainingphaseofDSVM needs(p-1)
SVMsforp-classproblem andthetestingphaseofDSVM requireanoptimalsetofSVMsselectedfrom therootof
theclassificationthroughthechosenclassbetweentheleafnodes.ThemajortwostepsinDSVM methodarefirst
computationofclustersforclassesknown.Andthensecondisassociatingasupportvectormachineateach
nodeoftheclassificationobtainedbyclustersfrom firststep.Considerasetofsamplesc1,c2,c3...,cnlabeled
eachonebyyiϵ{x1,x2,...,xk},wherek≤n.[12]DSVM methodconsistsofcalculateskgravitycentersforthek
knownclassesinthefirststep.ThenAgglomerativeHierarchicalClusteringisappliedoverthesekcenters.

C11,C12,C1N C21,…C2N CM1,...CMN.
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Fig2Dendogram BasedSupportVectorMachineClassificationModel

TheaboveFigure2showsthatclassificationcompletedbyAgglomerativeHierarchicalClusteringalgorithm over
thepclasses.TheneachSVM isrelatedtoanodeandtrainedwiththeelementsofthetwosubsetsofthisnode.
Forexample,weconsiderclusteringof4classesasSVM1.Andthencategorize theelementsof{c3,c4}as
positivesandelementsof{c1,c2,}asnegatives.ThisprocessisrepeatedforeverySVM relatedtoanodeinthe
classification.Finally,wewilltrainthe(p−1)classesSVM forp-classproblem.Dendogram BasedSupportVector
MachinetoclassifythepatternquerythenpresentsittotherootSVM whichprovidesanoutputeitherleftorright
ontheclassification.Thisprocessrepeatedforeveryselectednodeinthesystem oftheclassificationuntil
incomingtoaleafwhichtoendwithrelatedclassforourpatternquery.

4.RESULTS
Table1:MaleTraining+MaleTesting:

Emotions Anger Fear Happy Neutral
Anger 89.7 1.78 2.76 3.67
Fear 74.5 0 1.98 25.4
Happy 55.9 4.56 94.5 1.09
Neutral 87.2 0 98.7 15.6

Table2:MaleTraining+FemaleTesting:
Emotions Anger Fear Happy Neutral
Anger 2.67 1.34 3.56 94.8
Fear 1.80 5.67 0 89.7
Happy 0 13.5 6.98 97.6
Neutral 1.54 0 0 100

Table3:FemaleTraining+FemaleTesting:
Emotions Anger Fear Happy Neutral
Anger 74.2 7.48 28.3 3.84
Fear 25.7 47.0 17.8 8.04
Happy 16.8 56.7 0 25.6
Neutral 64.8 5.64 6.89 20.3

Table4:FemaleTraining+MaleTesting:
Emotions Anger Fear Happy Neutral
Anger 5.40 1.48 67.8 1.58
Fear 2.48 0 34.5 0
Happy 0 7.64 56.2 7.86
Neutral 3.67 0.83 45.7 25.7

From theresultsweobservedthattheemotionrecognitionrateisincreasedwhenthetrainingandtestingset
sampledatafrom samegenderandcomparetothedifferentgendersamplesdata.

5.FUTURESCOPE:
Inthisfieldofresearchtoidentifytheemotionrecognitionfrom speechsignalsdependsupontherobustfeatures
extractionandselection.Sowiththeserobustfeaturestoapplyvariousclassificationalgorithmstoproducethe
resultsveryeffectiveaccuracy.
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