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ABSTRACT

EmotiondetectionusingEEGsignalshasadvantagesineliminatingsocialmaskingtoobtainabetter
understandingofunderlyingemotions.Thispaperpresentsthecognitiveresponsetoemotionalspeech
andemotionrecognitionfromEEGsignals.Aframeworkisproposedtorecognizementalstatesfrom
EEGsignalsinducedbyemotionalspeech:First,speech-evokedemotioncognitiveexperimentis
designed,andEEGdatasetiscollected.Second,power-relatedfeaturesareextractedusingEEMD-
HHT,whichismoreaccuratetoreflecttheinstantaneousfrequencyofthesignalthanSTFTand
WT.Anextensiveanalysisofrelationshipsbetweenfrequencybandsandemotionalannotationof
stimulusarepresentedusingMICandstatisticalanalysis.ThestrongestcorrelationswithEEGsignals
are found in lateralandmedialorbitofrontalcortex (OFC).Finally, theperformanceofdifferent
featuresetandclassifiercombinationsareevaluated,andtheexperimentsshowthattheframework
proposedinthispapercaneffectivelyrecognizeemotionfromEEGsignalswithaccuracyof75.7%
forvalenceand71.4%forarousal.
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INTRoDUCTIoN

Emotionplaysanimportantroleinhumanmentallife.Itisaconsciousmentalexperiencereflecting
thepersonalsignificanceofinternalandexternalevents.Humanspeechconveysnotonlylinguistic
messages,butalsoemotionalinformation.Speechisoneoftheprincipalconveyerstoexpressone’s
emotionduringhumansocialcommunication.Theabilitytoidentifyvocalexpressionsofemotionor
attitudeinspeechisoneofthebasiccognitivefunctionsofhumanbeings.Althoughemotionalspeech
areasubiquitousasfacialexpressions,farlessisknownaboutthebrainmechanismsofemotion
perceptioninthespeechthanemotionalfacialexpressions.

Emotiondetectionusingphysiologicalresponseshaveadvantagesoneliminatingsocialmasking
toobtainabetterunderstandingofunderlyingemotions.Electroencephalography(EEG)signalsare
thesummationoftheactivitiesofbillionsofneuronsinthecerebralcortex,whichcandirectlyreflect
brainactivities.EEGisnoninvasiveandprovideshightemporalresolutionwhichcanreflecteffective
emotionalchangesinbrain.Furthermore,advancesinwearability,price,portabilityandease-to-use,
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emotionrecognitionbasedonEEGhasreceivedextensiveattentioninnumerousfieldssuchasaffective
brain-computerinterface(BCI),neuroscience,healthcare,emotionalcompanionshipande-learning.

Multi-channel EEG provides population measures of neurons that allow us to uncover the
complexcognitiveprocessesofemotionalinformationintegrationandprocessing.Thefundamental
goalofdecodingmentalstatesfromEEGrecordingsistoidentifyemotionsinEEGdata,which
correspondtotheexperimentaltaskorstimulusbyusingmachinelearningclassifiers.Theresearch
aboutemotionrecognitionfromEEGisstillprogressingandfewstudiesregardtoemotiondetection
fromspeech-evokedEEGsignals.ThispaperfocusesonEEG-basedmentalstaterecognitioninduced
byemotionalspeech.

OurEEG-basedemotionrecognitionframeworkmainlyincludestwomodules:featureextraction
andclassification.Variousfeatureshavebeenextractedfromdifferenttypeofdomains(time-domain,
frequency-domain,time-frequencydomain)forEEGanalysis.Thisresearchwilllimitthescopeof
discussiontotime-frequencyanalysisandrecognition.Power-relatedfeaturesfromdifferentfrequency
bandsofEEGareoftenusedduringclassification.Themostcommonlyusedanalyticaltechniqueis
short-timeFouriertransform(STFT),wavelettransform(WT).

Inthiswork,EnsembleEmpiricalModeDecompositionandHilbert-HuangTransform(EEMD-
HHT)arefirstappliedtoanalyzethetime-frequencydistributionofEEGsignalsandcorresponding
featuresareextracted for classification.Comparedwith the traditionalPwelch frequency feature
extractionmethodbasedonSTFT,HHTcanprocessnon-stationary signals andobtainpractical
instantaneousfrequencies,whichismoreaccuratetoreflecttheactualfrequencyofthesignal.EEMD
isanadaptivedecompositionmethod,whichavoidsthelimitationofselectingthemotherwaveletand
settingthenumberofdecompositionlayersinWT.Then,maximalinformationcoefficient(MIC)is
appliedtomeasuretherelationshipbetweenfrequencybandpowerandthelevelofarousalorvalence.
Next,theauthorsreducethefeaturedimensionsbyusingstatisticaltesttodeterminewhetherthe
energyofelectrodessignificantlyvaryunderdifferentconditions.Finally,threeclassifiersareused
forclassification.

Theremainingofthispaperisorganizedasfollows:First,theauthorsbrieflyintroducerelevant
researchesonemotionrecognitionbasedonEEGsignals.Second,theauthorsdescribethespeech-
evokedemotioncognitiveexperimentprotocolandEEGdatasetcollection,followedbythefeature
extractionmethodbasedonEEMD-HHT.Third,therelationshipbetweenbandpowerandthelevel
ofemotionratingwillbepresented.Fourth,theclassificationresultsareprovidedanddiscussedin
ResultsandDiscussionsection.Finally,theauthorsconcludethefindingsanddiscussfuturedirections.

RELATED woRK

EEGsignalscanprovide insights intorelationshipbetweenemotionalstatesandbrainactivities.
Numerous studies have estimated the changes in human emotional state respond to multimedia
stimulus(Alarcao & Fonseca, 2017). Common stimulus for inducing emotion include images
(InternationalAffectivePictureSystemandGenevaAffectivePictureDatabase),sound(International
AffectiveDigitizedSoundSystem)andmusicorfilmvideo.TherehavebeenseveralwidelyusedEEG
datasetsforemotionanalysis,includingDEAP(Koelstraetal.,2011),MAHNOB-HCI(Soleymani,
Lichtenauer,Pun,&Pantic,2011),SEED(Zheng,Liu,Lu,Lu,&Cichocki,2018;Zheng&Lu,2015).
DEAPutilized40one-minutelongmusicvideosasstimulus.Theaccuraciesof2-classesemotion
recognitiononDEAPdatasetwere57.7%forvalenceand62.5%forarousal(Koelstraetal.,2011).
(Thammasan,Moriyama,Fukui,&Numao,2017)usedPSDfeatureandSVMtoclassifyemotion
andachievedperformanceof73.3%forarousaland72.5%forvalenceonDEAPdataset.(Bo,Ma,
Liu,Xu,&Li,2019)designedathree-stageexperimentalparadigmoflong-timemusicstimuliand
gotanaccuracyof66.8%forvalenceand59.5%forarousal.However,noneofthesedatasetsare
derivedfromemotionalspeechstimulus.LackofEEGdatasetinducedbyemotionalspeechlimits
theexplorationofcognitivemechanismsoflanguage’sroleinemotionconceptacquisition.
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