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The smain sprinciple  sbehind sthe sspeaker srecognition ssystem sis sthat  sof sfeature sextraction sand  

smatching. sFeature sextraction sdeals swith sthe sextraction sor sreading  sof simportant  scharacteristics sor 

sfeature sfrom sa shuman sspeech ssignal. sThose scharacteristics smight  sbe spitch, sor sfrequency, swhich 

sare sunique sto sdifferent  spersons. sSpeaker srecognition smethods scan salso  sbe sdivided sinto  stext-

independent  sand stext-dependent  smethods. sIn sa stext-independent  ssystem, sspeaker smodels scapture 

scharacteristics sof ssomebody’s sspeech swhich sshow sup sirrespective sof swhat  sone sis ssaying. sIn sa 

stext-dependent  ssystem, son sthe sother shand, sthe srecognition sof sthe sspeaker’s sidentity sis sbased  son 

shis sor sher sspeaking  sone sor smore sspecific sphrases, slike spasswords, scard snumbers, sPIN scodes, setc. 

sAll sspeaker srecognition ssystems shave sto  sserve stwo  sphases. sThe sfirst  sone sis sreferred sto  sthe 

senrolment  ssession sor straining sphase swhile sthe ssecond sone sis sreferred sto  sas sthe soperation ssession 

sor stesting sphase. sIn sthe straining sphase, seach sregistered sspeaker shas sto  sprovide ssamples sof stheir 

sspeech sso  sthat  sthe ssystem scan sbuild sor strain sa sreference smodel sfor sthat  sspeaker. sIt  sconsists sof stwo 

smain sparts. sThe sfirst  spart  sconsists sof sprocessing seach spersons sinput  svoice ssample sto  scondense sand  

ssummarize sthe scharacteristics sof stheir svocal stracts. sThe ssecond spart  sinvolves spulling seach 

sperson's sdata stogether sinto  sa ssingle, seasily smanipulated smatrix. sThe stesting  ssystem smirrors sthe 

straining  ssystem sarchitecture. sFirst  sthe sinput  ssignal sis sanalyzed, sand sthen sit  sis scompared sto  sthe sdata 

sstored sin sthe scodebook. sThe sdifference sis sused sto  smake srecognition sdecision. 

Keyword: sSpeaker srecognition, sManipulated sMatrix 
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 sCHAPTER1 

 sINTRODUCTION 

Interpersonal scommunication sis san sinteraction swhich sinvolves sthe sexchange  sof sreciprocal sideas 

sand semotions. sGestures sand ssound sare sa sway sof sconveying sinformation sin sa shuman-to-human 

sinteraction. sSpeech, sa sspecial sform sof ssound, sis sone sof sthe sfundamental sways sof sconveying  

sinformation sbetween speople. sWords sare snot  ssole scomponent  sof sspeech. sAcoustic sproperties sof 

sspeech salso  scarry simportant  saffective sfeatures. sEmotions sexist  sin severy spart  sof sthe sspeech.  

sEmotions sin sspeech sare stransmitted sfrom sone scommunicator sto  sanother sduring san sinteraction. sAs 

sa sresult  sof sexchange sof semotions sduring  san songoing sconversation, semotional sstate sof sa sspeaker 

smay seasily strigger san sinterlocutor semotional sstate sresulting sin sa schange sin sthe sspeech sstyle sor 

stone. sEmotional sstates sare stransferred sand smutually sshaped sthrough sthis sprocess. 

sCommunication sinvolves sa ssource sand sa sreceiver. sSpeaker sis sthe ssource sand sthe slistener sis sthe 

sreceiver. sIn sa sdyadic sconversation, sparticipants sare sboth ssource sand sreceiver sin sturns. sOn sthe 

ssource sside, svocal strack splays simportant  sroles. sIn sthe svocal sfold, sspeech sis sshaped sin sa sway swhich 

sreflects sthe semotional sstate sof sthe sspeaker. sOn sthe sreceiver sside, sheard sspeech ssignal sis sexposed sto 

sa sseries sof stransformations sin sthe sauditory ssystem. sAuditory ssystem sconverts sthe svoice sin sa sway, 

swhich sallows sus sto  sperceive scontent  sand scontext. sSpeech semotion srecognition sresides son sthe 

sreceiver sside swhich saims sat  srecognizing sthe sunderlying semotional sstate sof sa sspeaker. sAcoustic 

spart  sof sspeech scarries simportant  sclues sabout  semotions. sEach semotion shas sunique sproperties sthat 

smake sus srecognize sthem. sMain stask sof sa sspeech semotion srecognition salgorithm sis sto  sdetect  sthe 

semotional sstate sof sa sspeaker sfrom sspeech. sGeneral sautomatic sspeech semotion srecognition 

salgorithm scomposed sof stwo  sparts swhich sare sfeature sextraction sand sclassification sstages. sProsodic 

sand sspectral sfeatures sof sspeech sare sthe smost  spopular sfeatures sthat  sare sused sin sspeech semotion 

srecognition salgorithm. sIntonation, spause, sstress, spitch sand  srhythm sare sprosodic sfeature 

sexamples. sSpectral sfeatures sinvestigate sfrequency scomponents sof sspeech ssignal. sUsed 

sclassification salgorithm svaries sfrom salgorithm sto  salgorithm. sSupport  svector smachines, sGaussian 

smixture smodels, shidden sMarkov smodel sand sneural snetworks sare sthe smost  spopular sclassification 

salgorithms sused sin sspeech semotion srecognition stask. sAutomatic  sspeech semotion sresearch 

sgenerally sfocuses son sthe sselection sof sright  sfeature sset  sand sto  sdetect  sin swhich semotion swhich 

sfeatures sare smore saffective. sDifferent  sfrom sthese sstudies, sin sthis sstudy, shuman sauditory ssystem sis 

sinvestigated. sOur sbrain sinvestigates sthe sinput  sfrom sour sauditory ssystem. sThere sare smany 

sauditory smodels sthat  scan ssimulate sthe sprocess sin sour sear. sIn sthis sstudy sone sof sthe smodels sis 

sinvestigated sand sits soutput  sis sused sto  sremove sthe semotional scondition sof sa sspeaker. sThe soutput  sof 
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sthe sauditory smodel sis snamed  sas smodulation stransfer sfunction. sYet, sthere sis snot  sany smodel sthat  sis 

sable sto  stell show sour sbrain sevaluate sthe sdata sfrom sthe sauditory ssystem sand sextracts sthe semotions,  

sthis sstudy saims sto  sconstitute sa smachine slearning  salgorithm swhich srecognize semotions susing  sthe 

sfeatures sextracted sfrom sa scomputational smodel sof shuman sauditory ssystem. sIn sthe sscope sof sthis 

sstudy, sselected sGerman, sPolish sand  sEnglish sdatabases sare sapplied  smachines. sBesides smachines,  

sto  smake scomparison, sGerman sdatabase sis sapplied  sto  shuman slisteners swho  sdo  snot  sknow sany 

sGerman sto  smeasure shuman semotion srecognition srate susing  sonly sacoustic  scues. sComparison 

sresults sare sgoing sto sverify sthe ssuccess srate sof sa scomputational smodel sof shuman-like sspeech 

semotion srecognition salgorithm. 

Emotions splay sa scrucial srole sin smodulating show shumans sexperience sand sinteract  swith sthe soutside 

sworld sand shave sa shuge seffect  son sthe shuman sdecision smaking sprocess. sThey sare san sessential spart 

sof shuman ssocial srelations sand stake srole sin simportant  slife sdecisions. sTherefore sdetection sof 

semotions sis scrucial sin shigh slevel sinteractions. sEach semotion shas sunique sproperties sthat  smake sus 

srecognize  sthem. sAcoustic ssignal sgenerated sfor sthe ssame sutterance sor ssentence schanges sprimarily 

sdue sto  sbiophysical schanges striggered sby semotions. sThis srelation sbetween sacoustic scues sand  

semotions smade sspeech semotion srecognition sone sof sthe strending stopics sof sthe saffective scomputing 

sdomain.  sThe smain sreason sof sa sspeech semotion srecognition salgorithm sis sto  sidentify sthe semotional 

scondition sof sa sspeaker sfrom srecorded sspeech ssignals. 

1.1Speech semotion srecognition ssystem: 
 sSpeech semotion srecognition sis snothing  sbut  san sapplication sof sthe spattern srecognition ssystem sin 

swhich spatterns sof sderived sspeech sfeatures ssuch sas sPitch, sEnergy, sMFCC sare smapped susing 

sclassifier slike sANN, sSVM, sHMM setc. 

 

 

 

 sFig.1 sBlock sdiagram sof sspeech semotion srecognition ssystem 

The ssystem scontains sfive smajor smodules: sspeech sinput  sdatabase, sfeature sextraction, sfeature 

sselection, sclassifier s& srecognized soutput  sas sillustrated sin sfigure s– s1 sabove. sOverall,  sthe ssystem sis 

sbased son sdeep sanalysis sof sthe sgeneration smechanism sof sspeech ssignal, sextracting ssome sof 

sfeatures swhich scontain sinformation sabout  sspeaker’s semotion s& staking sappropriate spattern 

srecognition smodel sto  sidentify sstates sof semotion.  sTypically, sa sset  sof semotion shaving s300 

semotional sstates. sWhenever, ssignal sis spassed  sto  sthe sfeature sextraction s& sselection sprocess, sthe 

sextracted sspeech sfeatures sare sselected sin sterms sof semotion srelevance. sAll sover sprocedure 

srevolves saround sthe sspeech ssignal sfor sextraction sto  sthe sselection sof sspeech sfeatures 

scorresponding sto  semotions. sForward sstep sis sgeneration sof sdatabase sfor straining sas swell sas stesting  

Speech sinput  s Output  s Classifier s Feature 

sselection s 

Feature 

sextraction s 
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sof sextracted sspeech sfeatures. sAt  sthe send, sdetection sof semotions shas sbeen sdone susing sclassifier 

swith sthe susage sof spattern srecognition salgorithm. sThe sSpeech semotion srecognition sis ssimilar  sto 

sthe sspeaker srecognition ssystem sbut  sdifferent  stypes sof sapproach sto  sdetect semotions smake sit  ssecure 

s& sintelligent. sThe sevaluation sof sthe ssystem sis sdepending son snaturalness sof sthe sinput  sdatabase. 

1.2 sMotivation 
Emotions are fundamental for humans, impacting perception and everyday activities such as 

communication, learning and decision-making. They are expressed through speech, facial 

expressions, gestures and other non-verbal clues. Speech emotion recognition refers to 

analysing vocal behaviour as a marker of affect, with focus on the nonverbal aspects of 

speech. Its basic assumption is that there is a set of impartially measurable parameters in 

voice that replicate the affective state a person is presently expressing. This assumption is 

supported by the fact that most affective states involve physiological reactions which in turn 

modify the process by which voice is produced. For example, anger often produces changes 

in respiration and increases muscle tension, influencing the vibration of the vocal folds and 

vocal tract shape and affecting the acoustic characteristics of the speech. So far, vocal 

emotion expression has received less attention than the facial equivalent, mirroring the 

relative emphasis by pioneers such as Charles Darwin. In the past, emotions were considered 

to be hard to measure and were consequently not studied by computer scientists. Although 

the field has recently received an increase in contributions, it remains a new area of study 

with a number of potential applications. These include emotional hearing aids for people with 

autism; detection of an angry caller at an automated call centre to transfer to a human; or 

presentation style adjustment of a computerised e-learning tutor if the student is bored. A new 

application of emotion detection proposed in this dissertation is speech tutoring. Especially in 

persuasive communication, special attention is required to what non-verbal clues the speaker 

conveys. Untrained speakers often come across as bland, lifeless and colourless. Precisely 

measuring and analysing the voice is a difficult task and has in the past been entirely 

subjective. By using a similar approach as for detecting emotions, this report shows that such 

judgements can be made objective.  

1.3 sChallenges 
This ssection sdescribes ssome sof sthe sexpected schallenges sin simplementing sa sreal stime sspeech 

semotion sdetector. sFirstly, sdiscovering swhich sfeatures sare sindicative sof semotion sclasses sis sa 

sdifficult  stask. sThe skey schallenge, sin semotion sdetection sand sin spattern srecognition sin sgeneral, sis sto 

smaximise  sthe sbetween-class svariability swhilst  sminimising  sthe swith sin sclass svariability sso  sthat 

sclasses sare swell sseparated. sHowever, sfeatures sindicating sdifferent  semotional sstates smay sbe 
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soverlapping, sand sthere smay sbe smultiple sways sof sexpressing sthe ssame semotional sstate. sOne 

sstrategy sis sto  scompute sas smany sfeatures sas spossible. sOptimisation salgorithms scan sthen sbe sapplied  

sto  sselect  sthe sfeatures scontributing smost  sto  sthe sdiscrimination swhile signoring  sothers, screating  sa 

scompact  semotion scode sthat  scan sbe sused sfor sclassification. sThis savoids smaking sdifficult  sa spriori 

sassumptions sabout  swhich sfeatures smay sbe srelevant. sSecondly, sprevious sstudies sindicate sthat 

sseveral semotions scan soccur ssimultaneously s[14]. sFor sexample, sco-occurring semotions scould  

sinclude sbeing  shappy sat  sthe ssame stime sas sbeing  stired, sor sfeeling  sexcited stouched sand ssurprised,  

swhen senquiry sgood snews. sThis srequires sa sclassifier sthat  scan sinfer smultiple stemporally sco-

occurring semotions. sThirdly, sreal-time sclassification swill srequire schoosing  sand simplementing 

sefficient  salgorithms sand sdata sstructures. sDespite sthere sexisting ssome sworking ssystems,  

simplementations sare sstill sseen sas schallenging sand  sare sgenerally sexpected sto  sbe simperfect  sand 

simprecise. 

1.4 sProblem sstatement sof sspeech semotion srecognition: 
Emotion sRecognition susing sspeech sstarted sfrom saffective scomputing sby sPicard's. sIt shas sbig sarea 

sof sapplications ssuch sas sin sRobotics, sexpert  sSystem,  sand spsychology sand  sfor sautistic speople. 

sVarious sclassifications sand sclustering  smechanism sare sthere swhich swork sefficiently sin sthe sfields 

sof sspeech sprocessing. sThe sproblem sstatement  scan sbe smore srectified sand ssaid sas: 

In sdigital sworld, semotion srecognition sis sone sof sthe srecent  stopics. sMany sresearch swork shas sbeen 

sdone sinto  semotion srecognition sfrom sspeech sbut  sproblem sis sto  shave shigh scorrectness srate. 

sDetecting  sthe smotion sof sspeech sis snot  sthe seasy sas sit  sseems sto  sbe. sWe stried sto  simprove sthe saccuracy 

sof sthe ssystem swith snoisy ssignals. sThis swork shas sbeen sdone sto  scategorize sthree semotion snamely 

sHappy, sFear sand sSad susing sSVM salgorithms. sNoise slevels sare staken sso  sthat  sthe semotion scan sbe 

sidentified  seven sthough sif sthe svoice  ssignal sis shighly snoised sor sother semotion. 

1.5 sSOFTWARE sUSED 
1.5.1 sMATLAB: 
MATLAB sstands sfor smatrix slaboratory. sIt  sis sa shigh srecital slanguage sfor stechnical scomputing. sIt 

sinvolves scomputation, svisualization sand  sprogramming slanguage senvironment. sFurthermore, 

sMATLAB sis sa scontemporary sprogramming slanguage senvironment: sit  shas sclassy sdata sstructures, 

scontains sbuilt-in sediting sand  sdebugging stools, sand ssupports sobject  s- soriented sprogramming.  

sThese sinfluences smake sMATLAB san sexcellent  stool sfor steaching sand sresearch. 

1.5.2 sWHY sUSE sMATLAB 
MATLAB smay sbehave sas sa scalculator sor sas sa sprogramming slanguage. 
MATLAB sassociation snicely scalculation sand sgraphic splotting. 

MATLAB sis scomparatively seasy sto  slearn. 

MATLAB sis snot  saccumulated, serrors sare seasy sto  sfix. 

MATLAB sis simproved sto  sbe srelatively sfast  swhen sperforming smatrix soperations. 
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MATLAB sdoes shave sapproximately sobject  soriented selements. 

1.5.3 SPROCEDURE SOF SSOFTWARE SINSTALLATION 

STEP S1: sOpen sthe ssetup.exe sapplication sfile, sif syou scan ssee sthe suser scontrol snotice sclick  sYes. sfirst 

ssetup swindows ssee simage, swait  sfor s1-2 sminutes sautomatically sopen sthe sinstall swindows. sWe sare 

sjust  sdisplay sone sby sone sstep sfound simage ssee sthis simage. 

STEP s2: sAfter sopen sthe smath sworks sinstaller swindow. sChoose sthe soption sInstall swithout  susing  

sthe sinternet, sand sclick  sNext. 

 sSTEP s3: sAfter sclicked  snext  ssee sthe slicense sterms sagreement  sof sMatlab sclick sYes sand sNext. 

 sSTEP s4: sDisplay sthe sFile sinstallation skey swindow, sthen senter sthe sserial snumber sor slicence skey sand  

sclick sNext. 

 sSTEP s5: sChoose sthe sinstallation stype. sRecommended sselect  sthe sTypical sand sclick  sNext. 

STEP s6: sFolder sSelection swindow sset  syour sinstallation spath, sif sdon’t  shave sspace sin syour sc: sthen 

schoose sthe sanother sdrive sof spath sto  sBrowse sto  sset  snew spath. sRecommended sdefault  spath sis 

sautomatically sgenerated sclick sNext. 

STEP s7: sConfirmation scheck sthe slist  sof sproducts sand sclick sNext. sStart  sthe sinstalling sprocess. 

STEP s8: sStart  sthe sinstall sprocess s0%…. s10%…43%… swait  s10-15 sminutes.. s93% scomplete sthe 

sprocess swait  s3-5 sminutes smore..93% scomplete sthe sprocess swait  s3-5 sminutes smore. 

STEP s9: sFinish...MATLAB  sinstalled ssuccessfully. 

1.6Types sof semotion sin sspeech ssignal s: 

1.6.1 sAnger 

1.6.2 sFear s 

1.6.3 sSadness s 

1.6.4 sHappiness 

1.6.5 sDigust  s 

1.6.6 sBoredom s 

1.6.1Anger 
Anger srequires shigh senergy sto  sbe sexpressed. sDefinition smeaning sof sthe sanger sis ssimple  sextreme 

sdispleasure. sIn scase sof sanger, saggression sincreases sin swhich scontrol sparameter sweakens. sAnger  

sis sstated sto  shave sthe shighest  senergy sand spitch slevel swhen scompared swith sthe semotions sdisgust, 

sfear, sjoy sand ssadness s(Ververidis s& sKoropoulos, s2006). sThe swidest  sobserved spitch srange sand  

shighest  sobserved srate sof spitch schange sare sother sfindings sabout  sthe semotion slabel sanger swhen 

scompared swith sother semotions. sBesides sa sfaster sspeech srate sis sobserved sin sangry sspeeches 

s(Burkhardt  s& sSendlmeier, s2000) 

1.6.2 sFear s 
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In semotional sdimension, sfear shas ssimilar sfeatures sto sanger. sHigh spitch slevel sand sraised sintensity 

slevel sare scorrelated swith sfear s(Ververidis s& sKoropoulos, s2006). sIt  sis sstated sthat  sfear shas sa swide 

spitch srange. sHighest  sspeech srate sis sobserved  sin sfear sspeeches s(Murray s& sArnott, s1993). sThe spitch 

scontour strend sseparates sfear sfrom sjoy. sAlthough sthe spitch scontour sof sfear sresembles sthe ssadness 

shaving san salmost  sdownwards sslope s,emotion sof sjoy shave sa srising sslope(Ververidis s& 

sKoropoulos, s2006). 

1.6.3. sSadness 

In semotional sdimension, ssadness srequires svery slow senergy. sIn saddition, svalence sdegree sis 

snegative. sSadness sexhibits sa spattern sthat  sis snormal sor slower sthan snormal saverage spitch, sa snarrow 

spitch srange sand sslow stempo  s(Murray s& sArnott, s1993). sSpeech srate sof sa ssad sperson sis slower sthan 

sthe sneutral sone s(Ververidis s& sKoropoulos, s2006). 

 s1.6.4. sHappiness s 

Happiness sexhibit  sa spattern swith sa shigh sactivation senergy,  sand spositive svalence. sStrength sof sthe 

shappiness semotion smay svary. sIn sthe semotional sstate shappiness sor sjoy, spitch smean, srange sand  

svariance sincreases s(Ververidis s& sKoropoulos, s2006). sIn s(Murray s& sArnott, s1993), sit  sis sstated 

sthat  sfundamental sand sformant  sfrequencies sincreases sin scase sof ssmile. sMoreover, samplitude  sand  

sduration salso  sincrease sfor ssome sspeakers. 

1.6.5 sDisgust 

In s(Ververidis s& sKoropoulos, s2006) sa slow sintensity slevel, slow smean spitch slevel sand sa sslower 

sspeech srate sis sobserved  swhen sdisgust  sis scompared swith sthe sneutral sstate. sDisgust  sis sstated sthe 

slowest  sobserved sspeech srate sand sincreased spause slength s(Murray s& sArnott, s1993). 

1.6.6. sBoredom s 

Boredom sis sa snegative semotion swith snegative svalence sand slow sactivation slevel ssame sas ssad. sA 

slowered smean spitch sand sa snarrow spitch srange swith sa sslow sspeech srate sare sdefined sas sthe 

sproperties sof sa sbored sexpression s(Burkhardt  s& sSendlmeier, s2000). 

1.7 sAcoustic sFeatures sWidely sUsed sIn sEmotion sRecognition: 

As smentioned spreviously, sextraction sof sspeech sfeatures sis sa svery simportant sprocess sin sspeech 

semotion srecognition. sSpeech sfeatures scan sbe sseparated sinto  snumerous scategories. sIn s(E. sAyadi set 

s13 sal., s2011), sspeech sfeatures sare sdivided sinto  s4 scategories; sspectral scontinuous, squalitative sand  

sTEO-based. sContinuous sfeatures sare spitch, senergy sand sformants. sQuantitative sfeatures sare 

sdescribed  sas svoice squality sfeatures swhich sare sharsh, stense sand sbreathy svoices. sMost  spopular 

sacoustic sfeatures sused sin semotion srecognition sprocess sare soutlined sbelow. 
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1.7.1 sPitch sfeatures 

 sPitch sis sthe sfundamental sfrequency sof sthe sglottal sexcitation. sPitch sdepends son sthe stension sof sthe 

svocal sfolds sand ssubglottal sair spressure. sPitch sfrequency sis sone sof sthe swidely sused  sfeatures sin 

semotion sfrom sspeech sapplications. sPitch sfrequency sis salso  sknown sas sthe sfundamental sfrequency.  

sThe stime selapsed sbetween ssuccessive svocal sfond sopenings sdetermine sthe sfundamental sfrequency 

s(Ververidis s& sKoropoulos, s2006). sFrom spitch sfeatures sgiven sfeatures scould sbe sextracted swhich 

sare smin, smax, smean, sstandard sdeviation, srange sat  sthe sturn slevel, sslope s(mean sand smax) sin sthe 

svoiced ssegments, sregression scoefficient  sand sits smean ssquare serror sand smaximum scross-variation 

sof sF0 sbetween stwo  sadjoining svoiced ssegments s(inter-segment) sand swith seach svoiced  

ssegment(intra-segment) s(Vidrascu s& sDevillers, s2005). s 

1.7.2Teager senergy soperator s 

Produced snumber sof sharmonics sdue sto  sthe snon-linear sair sflow sin sthe svocal stract  sis sanother suseful 

sacoustic sfeature. sIn scase sof sanger, sthe sfast  sair sflow scauses snonlinear sstress s(Teager, s1990). sIn s(E. 

sAyadi set  sal., s2011), sit  swas sstated sthat  sTEO-based sfeatures scan sbe sused sto  sdetect  sstress sin sspeech. 

1.7.3 sVocal stract sfeatures s 

Formants sare sa svocal stract  sfeature. sEach sformant  shas sits sown sbandwidth sand scenter sfrequency 

s(Ververidis s& sKoropoulos, s2006). sSlackened sspeech scan sbe sdistinguished sfrom san sarticulated 

sspeech susing sformant  sfeatures. sOther swidely sused sfeature sis sthe senergy sof sa scertain sfrequency 

swhich scorresponds sto  sthe scritical sbands sof sthe shuman sear s(Ververidis s& sKoropoulos, s2006). s 

1.7.4 sSpectral sfeatures s 

Mel-frequency scepstrum scoefficients, slinear spredictive scoding sand  slog sfrequency spower 

scoefficients sare sthe smost  spopular sspectral sfeatures. sMean sand sstandard sdeviation sof s13 sMel 

sfrequency scepstral scoefficients s(MFCC) sare sset  sas sdiscriminating sfeatures sin smany sstudies. s(D. 

sWu, sParsons, s& sNarayanan, s2010). s 

1.7.5 sDuration sfeatures s 

Mean sand sstandard sdeviation sof sthe sduration sof svoiced sand sunvoiced ssegments, sratio  sbetween sthe 

sduration sof sunvoiced sand svoiced ssegments sare s(D. sWu set  sal., s2010) sduration sfeatures. s 

1.7.6 sEnergy sfeatures 

 sEnergy smean, sstandard sdeviation, smaximum, s25% sand s75% squantiles, sand sthe sinter squantile 

sdistance sare sthe spopular senergy sbased sfeatures sused sin sspeech semotion srecognition stask s(D. sWu 

set  sal., s2010). 

1.8 sTable son sprevious swork son sSpeech semotion srecognition: 
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Reference Corpus s Feature sset  s Classificati

on smethod s 

Emotion s Accuracy s 

(Petrushin, 

s2000) 

140 

sutterances 

sper 

semotional 

sstate sat  s22-

kHz/16 sbit. 

Pitch, svocal 

senergy, 

sfrequency 

sspectral 

sfeatures, 

sformants, 

sspeech srate 

sand spausing 

Neural 

sNetwork 

Happiness, 

sanger,sadness, 

sfear, sand 

sneutral 

70% 

(Nogueiras, 

sMoreno, 

sBonafonte, 

s& sno, s2001) 

Spanish 

sINTERFAC

E sDatabase 

Instant  

svalues sand  

scontours sof 

spitch sand  

senergy. 

Hidden 

ssemi 

scontinuous 

sMarkov 

smodels 

Anger, sdisgust, 

sfear, sjoy, 

ssadness sand 

ssurprise, sneural 

70% 

(Ang set  sal., 

s2002) 

Collected 

sover sthe 

stelephone 

sand ssampled  

sat  s8 skHz. 

Duration sand  

sspeaking 

srate sfeatures, 

spause 

sfeatures, 

spitch 

sfeatures,ener

gy sfeatures, 

sand sspectral 

stilt  sfeatures s 

Decision 

stree 

Neutral, 

sannoyed, sfrus- 

strated, stired, 

samused 

71.7% 

(Nwe set  sal., 

s2003) 

Six sBurmese 

sand ssix 

sMandarin 

sspeakers 

sgenerated 

s720 

sutterances 

Logarithmic 

sFrequency 

sPower sCoe 

sfficients 

Hidden 

sMarkov 

sModel 

Anger, sDisgust, 

sFear, sJoy, 

sSadness sand  

sSurprise 

77.1% 

(Schuller, 

sRigoll, s& 

sLang, s2003) 

Six sBurmese 

sand ssix 

sMandarin 

sspeakers 

sgenerated 

s720 

sutterances 

Logarithmic 

sFrequency 

sPower sCoe 

sfficients 

Hidden 

sMarkov 

sModel 

Anger, sDisgust, 

sFear, sJoy, 

sSadness sand  

sSurprise 

77.8% 

(M. sM. sH. sE. 

sAyadi, 

sKamel, s& 

sKarray, 

s2007) 

Berlin 

semotional 

sspeech 

sdatabase 

12 smel 

sfrequency 

scepstrum 

scoefficient  

sMFCC, s12 

sdelta scoef-  

sficients, s0th 

scepstral scoe 

sfficient, sand 

sthe sspeech 

senergy. 

Gaussian 

smixture 

svector 

sautoregress

ive smodel 

Anger, 

sboredom, sfear, 

shappiness,sadn

ess, sand sneutral 

76% 
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(Casale, 

sRusso, 

sScebba, s& 

sSerrano, 

s2008) 

Berlin 

sDatabase sof 

sEmotional 

sSpeech 

15 slog 

senergy 

scoefficient, 

sthe s12 

scepstral 

scoefficients 

sC1 sC12, sthe 

spitch speriod, 

sand sthe 

svoicing 

sclass. 

Support  

sVector 

sMachine 

Surprise, 

sjoy,anger, sfear, 

sdisgust, 

ssadness, 

sneutral 

92% 

(S. sWu, sFalk,  

s& sChan,  

s2009) 

Berlin 

semotional 

sspeech 

sdatabase 

Spectro-

temporal 

sfeatures, 

strajectories 

sof spitch sand  

sintensity 

Support  

sVector 

sMachine 

Surprise, 

sjoy,anger, sfear, 

sdisgust, 

ssadness, 

sneutral 

88.6% 

(Iliou s& 

sAnagnostop

oulos, s2010) 

Berlin 

semotional 

sspeech 

sdatabase 

sspeaker 

sdependent 

133 sfeatures 

sfrom spitch,  

smel sfre-  

squency 

scepstral 

scoefficients, 

senergy sand  

sformants. 

probabilisti

c sneural 

sNet- swork 

Surprise, 

sjoy,anger, sfear, 

sdisgust, 

ssadness, sneutra 

94% 

1.9 sObjective sof sresearch swork: 

The sobjective sof sresearch swork sare: 

1. To  sperform sextensive sliterature sreview sof sspeech semotion srecognition. 

2. To  sstudy sand sanalysis sthe svarious sfeature, sdatabase, smachine slearning  salgorithm sof 

sspeech semotion srecognition. 

3. The smain sobjective sof sthis sthesis sis sto  suse sSupport  sVector sMachine s(SVM) sclassifier sto 

sclassify sseven sdifferent  semotions shappiness, sanger, ssadness, sboredom, sdisgust, sneutral, 

sfear. 

1.10 sApplication sof sspeech semotion srecognition 

Applications sof semotion sclassification sbased son sspeech shave salready sbeen sused sto  sfacilitate 

sinteractions sin sour sdaily slives. s 

For sexample 

1. sIn scall scentres sapply semotion sclassification sto  sprioritize simpatient  scustomers. s 

2. sA swarning  ssystem shas sbeen sdeveloped  sto  sdetect  sif sa sdriver sexhibits sanger sor saggressive  

semotions. s 
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3. sFor sdistance slearning, sto  sindentifying sstudents semotion stimely sand  staking  sappropriate saction 

scan simprove sthe squality sof steaching. 

4. sEmotion ssensing shas salso  sbeen sused sin sbehaviour sstudies ssound sfeatures shave sbeen swidely 

sexplored sin sboth sthe stime sdomain sand sthe sfrequency sdomain. 

 

1.11 sTHESIS sORGANIZATION s 

The sthesis sis sorganised sas sfollows: 

 Chapter s1 sDiscuss sthe sintroduction sand soverview sof sthe sentire sthesis, sintroduction sof 

sspeech semotion srecognition ssystem, stype sof semotion, svarious sfeature sof sit, sdatabase sand  

smachine salgorithm sof sspeech semotion srecognition. 

 Chapter s2 sThis schapter sexplains sthe sliterature sreview sof sspeech semotion salgorithm susing  

sSVM salgorithm. 

 Chapter s3 sThis schapter sexplains sthe scontribution sof scognitive sscience sin sspeech semotion 

srecognition. 

 Chapter s4 sThis schapter sexplains sthe smethodology sused sfor sspeech semotion srecognition. 

 Chapter s5 sThis schapter sexplains sthe ssimulation sresults sof sspeech semotion srecognition. 

 Chapter s6 sThis schapter sexplains sthe sconclusions sof swork sdone sand sfuture sscope sof sthe 

swork. 
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CHAPTER s2 

 

 sLITERATURE sREVIEW 

 
To  scarry sout  sthis swork, sextensive  sliterature shas sbeen sgone sthrough. sIn sthis ssection, swe spresent  sin 

sdetail sdifferent  spapers swhich shave sbeen staken sinto  sconsideration. sThey sprovide sa sclear spicture sof 

sthe sresearch swhich sis sgoing  son semphasis shas sbeen sput  son sliterature srelated sto  sspeech semotion 

srecognition susing sSVM. 

Wootaek Lim et al., (2017): investigated that with rapid developments in the design of deep 

architecture models and learning algorithms, methods referred to as deep learning have come 

to be widely used in a variety of research areas such as pattern recognition, classification, and 

signal processing. Convolutional Neural Networks (CNNs) especially show remarkable 

recognition performance for computer vision tasks. In addition, Recurrent Neural Networks 

(RNNs) show significant success in various sequential data processing tasks. In this study, we 

explore the result of the Speech Emotion Recognition (SER) algorithm based on RNNs and 

CNNs trained using an emotional speech database. The main goal of our work is to suggest a 

SER method based on concatenated CNNs and RNNs without using any fixed hand-crafted 

features. By applying the proposed methods to an emotional speech database, the 

classification result was verified to have better accuracy than that achieved using 

conventional classification methods. 

Pavitra Patel et al., (2017): investigated that speech has several characteristic features such 

as naturalness and efficient, which makes it as attractive interface medium. It is possible to 

express emotions and attitudes through speech. In human machine interface application 

emotion recognition from the speech signal has been current topic of research. Speech 

emotion recognition is an important issue which affects the human machine interaction. 

Automatic recognition of human emotion in speech purposes at identifying the basic 

emotional state of a speaker from the speech signal. The minimum error rate classifier (i.e. 

Bayesian optimal classifier) and Gaussian mixture models (GMMs) and are popular and 

active tools for speech emotion recognition. Normally, GMMs are used to perfect the class-

conditional distributions of acoustic features and their issues are assessed by the expectation 

maximization (EM) algorithm formed on a training data set. Then, classification is performed 

to minimize the categorization error w.r.t the estimated class conditional distributions. We 

call this method the EM-GMM algorithm. In this paper, we establish a boosting algorithm for 

constantly and accurately estimating the class-conditional GMMs. The resulting algorithm is 

http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Wootaek%20Lim.QT.&newsearch=true
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named the Boosted-GMM algorithm. Our speech emotion recognition experiments display 

that the emotion recognition rates are efficiently and expressively increased by the Boosted-

GMM algorithm as related to the EM-GMM algorithm. 

Prajakta P. Dahake et al., (2016):  investigated that in human computer interaction, speech 

emotion recognition is playing a pivotal part in the field of research. Human emotions consist 

of being angry, happy, sad, disgust, neutral. In this paper the features are extracted with 

hybrid of pitch, formants, zero crossing, MFCC and its statistical parameters. The pitch 

detection is done by cepstral algorithm after comparing it with autocorrelation and AMDF. 

The training and testing part of the SVM classifier is compared with different kernel function 

like linear, polynomial, quadratic and RBF. The polish database is used for the classification. 

The comparison between the different kernels is obtained for the corresponding feature 

vector. 

Ritu D.Shah and Dr. Anil. C.Suthar (2016): In this paper methodology for emotion 

recognition from speech signal is presented.  Some of sound features are removed from 

speech signal to analyze the features and behaviour of speech. The system is used to identify 

the basic emotions: Anger, Neutral, Happiness and Sadness. It can provide as a basis for 

advance designing an application for human like interaction with machines through and 

improving the efficiency of emotion and natural language processing. In this, formant, 

energy, Mel Frequency Cepstral Coefficients (MFCC) has been used for feature extraction 

from the speech signal. Support Vector Machine (SVM) are used for recognition of emotional 

states. English datasets are used for study of emotions with SVM Kernel functions. Using this 

analysis the machine is trained and designed for detecting emotions in real time speech. 

Finally results for various combination of the features and on various databases are compared 

and explained. 

 

Kunxia sWang set sal., s(2015): sRecently,  sstudies shave sbeen sperformed son sharmony scharacteristics 

sfor sspeech semotion srecognition. sIt  sis sfound sin sour sstudy sthat  sthe sfirst- sand ssecond-order 

sdifferences sof sharmony sfeatures salso  splay san simportant srole sin sspeech semotion srecognition. 

sInvestigational sresults sshow sthat  sthe soffered sFourier sparameter s(FP) sfeatures sare seffective sin 

srecognising svarious semotional sstates sin sspeech ssignals. sThey simprove sthe srecognition srates sover 

sthe smethods susing sMel sfrequency scepstral scoefficient  s(MFCC) sfeatures sby s16.2, s6.8 sand s16.6 

spoints son sthe sGerman sdatabase s(EMODB), sChinese selderly semotion sdatabase s(EESDB) sand 

sChinese slanguage sdatabase s(CASIA). sIn sparticular, swhen scombining sFP swith sMFCC, sthe 

http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Prajakta%20P.%20Dahake.QT.&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Kunxia%20Wang.QT.&newsearch=true
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srecognition srates scan sbe sfurther simproved son sthe saforementioned sdatabases sby s17.5, s10 sand s10.5 

spoints, srespectively. 

Rahul sB.Lanjewar set sal., s(2015): sinvestigated sthat  sthe skinship sbetween sman sand smachines shas 

sbecome sa snew strend sof stechnology ssuch sthat  smachines snow shave sto  srespond sby sconsidering sthe 

shuman semotional slevels. sThe ssignal sprocessing  sand smachine slearning  stechnologies shave sboosted 

sthe smachine sintelligence sthat  sit  sgained sthe scapability sto  sunderstand shuman semotions.  

sIncorporating  sthe saspects sof sspeech sprocessing  sand spattern srecognition salgorithms san sintelligent  

sand semotions sspecific sman-machine  sinteraction scan sbe sachieved  swhich scan sbe sharnessed sto 

sdesign sa ssmart  sand ssecure sautomated shome sas swell sas scommercial sapplication. sThis spaper 

semphasizes son simplementation sof sspeech semotion srecognition ssystem sby sutilizing sthe sspectral 

scomponents sof sMel sFrequency sCepstrum sCoefficients s(MFCC), swavelet  sfeatures sof sspeech sand 

sthe spitch sof svocal straces. sThe sdifferent  smachine slearning salgorithms sused sfor sthe sclassification 

sare sGaussian sMixture sModel s(GMM) sand sK- sNearest  sNeighbour s(K-NN) smodels sfor sthe 

srecognition sof ssix semotional scategories snamely sneutral, sangry, sfearful, ssad, ssurprised sand shappy,  

sfrom sthe sstandard sspeech sdatabase sBerlin semotion sdatabase s(BES) sfollowed sby sthe scomparison 

sof sthe stwo salgorithms sfor sperformance sanalysis swhich sis ssupported sby sthe sconfusion smatrix. 

 

S. sLalitha set sal., s(2015): sinvestigated sthat  semotion srecognition sfrom sspeech shelps sus sin 

simproving  sthe seffectiveness sof shuman-machine sinteraction. sThis spaper spresents sa smethod sto 

sidentify ssuitable sfeatures sin sDWT sdomain sand simprove sgood saccuracy. sIn sthis swork, s7 semotions 

s(Berlin sDatabase) sare srecognized susing sSupport  sVector sMachine s(SVM) sclassifier. sEntropy sof 

sTeager sEnergy soperated sDiscrete sWavelet  sTransform s(DWT) scoefficients, sLinear sPredictive 

sCepstral sCoefficients s(LPCC), sMel sEnergy sSpectral sDynamic  sCoefficients s(MEDC), sZero 

sCrossing sRate s(ZCR), sshimmer, sspectral sroll soff, sspectral sflux, sspectral scentroid, spitch, sshort 

stime senergy sand sHarmonic sto  sNoise sRatio  s(HNR) sare sconsidered sas sfeatures. sThe sobtained  

saverage saccuracy sis s82.14 s%. sEarlier  swork sdone son semotion srecognition susing sDWT scoefficients 

syielded san saccuracy sof s63.63 s% sand s68.5% sfor s4 semotions son sBerlin sand sMalayalam sdatabases 

srespectively. sThe sproposed salgorithm sshows sa ssignificant  sincrease sin saccuracy sof sabout  s15% sto 

s20% sfor s7 semotions son sBerlin sdatabase. sAlso, s100% sefficiency shas sbeen sachieved sfor sfour 

semotions swith sSimple sLogistic sclassifier sof sWEKA s3.6 stool. 

 

Qirong sMao set sal., s(2014): sinvestigated sthat  san sessential sway sof shuman semotional sbehaviour  

sunderstanding, sspeech semotion srecognition s(SER) shas sattracted sa sgreat  sdeal sof sattention sin 

shuman-centered ssignal sprocessing. sAccuracy sin sSER sheavily sdepends son sfinding sgood saffect- 

http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.S.%20Lalitha.QT.&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Qirong%20Mao.QT.&newsearch=true
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srelated, sdiscriminative sfeatures. sIn sthis spaper, swe spropose sto  slearn saffect-salient  sfeatures sfor sSER 

susing sconvolutional sneural snetworks s(CNN). sThe straining sof sCNN sinvolves stwo sstages. sIn sthe 

sfirst  sstage, sunlabeled ssamples sare sused sto  slearn slocal sinvariant  sfeatures s(LIF) susing sa svariant  sof 

ssparse sauto-encoder s(SAE) swith sreconstruction spenalization. sIn sthe ssecond sstep, sLIF sis sused sas 

sthe sinput  sto sa sfeature sextractor, ssalient  sdiscriminative sfeature sanalysis s(SDFA), sto slearn saffect-

salient, sdiscriminative  sfeatures susing  sa snovel sobjective sfunction sthat  sencourages sfeature 

ssaliency, sorthogonality, sand sdiscrimination sfor sSER. sOur sexperimental sresults son sstandard 

sdatasets sshow sthat  sour sadvance sleads sto  sstable sand sstrong srecognition sperformance sin scomplex 

sscenes s(e.g. sand senvironment  sdistortion sand swith sspeaker sand slanguage svariation) sand  

soutperforms snumerous swell-established sSER sfeatures. s 

Monica sFeraru  sand sMarius sZbancioc  s(2013): sinvestigated san simproved sversion sof sthe 

sclassical sKNN salgorithm swhich sassociates sto  seach sparameter sfrom sthe sfeatures svectors sweights 

saccording sto stheir sperformance sin sthe sclassification sprocess. sWe sobtained sthe srecognition 

spercents sof semotions saround s65-67%, sfor sthe sRomanian slanguage, son sthe sSROL sdatabase, swhich 

sare scomparable swith sthe sresults sfor sother slanguages, swith snon-professional svoice sdatabase. sThis 

sis sthe sfirst  sstudy swhen sthe sparameters sare sextracted son sthe ssentence slevel. sUntil snow, sthe sanalysis  

swas smade son sthe sphoneme slevel. 

 

Thapanee sSeehapoch sand sSartra sWongthanavasu s(2013): sstudied sthat  sautomatic srecognition 

sof semotional sstates sfrom shuman sspeech sis sa scurrent  sresearch stopic swith sa swide srange. sIn sthis 

spaper san sattempt  shas sbeen smade sto  srecognize  sand sclassify sthe sspeech semotion sfrom sthree 

slanguage sdatabases, snamely, sBerlin, sJapan sand sThai semotion sdatabases. sSpeech sfeatures 

sconsisting sof sFundamental sFrequency s(F0), sEnergy, sZero  sCrossing sRate s(ZCR), sLinear  

sPredictive sCoding s(LPC) sand sMel sFrequency sCepstral sCoefficient  s(MFCC) sfrom sshort-time 

swavelet  ssignals sare scomprehensively sinvestigated. sIn sthis sregard, sSupport  sVector sMachines 

s(SVM) sis sutilized sas sthe sclassification smodel. sEmpirical sexperimentation sshows sthat  sthe 

scombined sfeatures sof sF0, sEnergy sand sMFCC sprovide sthe shighest  saccuracy son sall sdatabases 

sprovided susing sthe slinear skernel. sIt  sgives s89.80%, s93.57% sand s98.00% sclassification saccuracy 

sfor sBerlin, sJapan sand sThai semotions sdatabases, srespectively. 

Yixiong sPan set sal., s(2012): sstudied sthat  sSpeech sEmotion sRecognition sis sa srecent  sresearch sarea sin 

sthe sfield sof sHuman sComputer sInteraction s(HCI). sHere swe srecognize sthree semotional sstates: 

shappy, ssad sand sneutral. sThe sdiscovered sfeatures scontain: slinear spredictive sspectrum scoding  

s(LPCC), smel-energy sspectrum sdynamic scoefficients s(MEDC), senergy, spitch smel-frequency 

sspectrum scoefficients s(MFCC). sOur sself sbuilt  sChinese semotional sdatabases sand sa sGerman 

http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Monica%20Feraru.QT.&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Marius%20Zbancioc.QT.&newsearch=true
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sCorpus s(Berlin sDatabase sof sEmotional sSpeech) sare sused sfor straining sthe sSupport  sVector 

sMachine s(SVM) sclassifier. sFinally sresults sfor sdifferent  scombination sof sthe sfeatures sand son 

sdifferent  sdatabases sare scompared sand sexplained. sThe soverall sexperimental sresults sreveal sthat  sthe 

sfeature scombination sof sMFCC+MEDC+ sEnergy shas sthe shighest  saccuracy srate son sboth sChinese 

semotional sdatabase s(91.3%) sand sBerlin semotional sdatabase s(95.1%). 

Mansour sSheikhan set sal., s(2012): sinvestigated  sthat  srecognition sof semotional sspeech,  sthe 

sperformance  sof sautomatic  sspeech srecognition s(ASR) ssystems sis sdegraded ssignificantly. sTo  

simprove sthe srecognition srate sof sASR ssystems,  swe scan sneutralize  sthe sMel-frequency scepstral 

scoefficients s(MFCCs)  sof semotional sspeech sas sthe smost  sfrequently sused  sfeatures sin sASR.  sIn 

sthis sway,  sthe sneutralized sMFCCs sare sused  sin sa shidden sMarkov smodel s(HMM)-based sASR 

ssystem sthat  shas sbeen strained sby snon semotional sspeech. sIn sthis spaper, sthe sfrequency srange sthat  

sis smost  saffected  sby semotion sis sdetermined,  sand  sthe sfrequency swarping  sis sapplied  sin sthe 

scalculation sprocess sof sMFCCs. sThis swarping sis sperformed sin sMel sfilter  sbank smodule  sand/or 

sdiscrete scosine stransform s(DCT) smodule sin sthe sprocess sof sMFCCs’ scalculation.  sTo  sdetermine 

sthe swarping  sfactor, sa scombined sstructure susing  sdynamic  stime swarping s(DTW) stechnique sand  

smulti-layer sperception s(MLP) sneural snetwork sis sused. sExperimental sresults sshow sthat  sthe 

srecognition srate sin sanger sand shappiness semotional sstates sis simproved  swhen sthe swarping  sis  

sperformed  sin seach sof sthe smentioned  smodules swhen sthe sMFCCs sare scalculated.  sAlso, swhen sthe 

swarping sis sperformed  sin sboth sthe sMel sfilter  sbank sand sthe sDCT smodules,  sthe srecognition srate sof 

sspeech sin sanger  sand shappiness semotional sstates sis simproved sby s6.4 sand  s3.0%, srespectively. 

 

Simina sEmerich sand sEugen sLupu s(2011): sstudied sthe srecognition sof sthe sinternal semotional 

sstate sof sa sperson splays san simportant  srole sin sseveral shuman-related sfields. sThe spresent  sapproach 

sproposes sthe sclassification sof s7 semotions s(happiness, sanger, sfear, sboredom, ssadness, sdisgust  sand  

sneutral) sby susing sthe sspeech ssignal. sDifferent  swavelet  sdecomposition sstructures sare sused sfor 

sfeature svector sextraction. sThe smodels swere strained sand stested swith sa sSupport  sVectors sMachine 

sclassifier. sThe sextracted sfeatures swere sestimated sover sthe swhole sutterance. sThis schoice swas 

smade, sdue sto  sthe sfact  sthat  sin sthe sliterature sglobal sstatistics sis sgenerally sthought  sto  sbe smore ssuitable 

sfor sthis sarea sof sapplications. sIn sfuture, swe sintend sto  sintroduce, sother svoice sparameterization sin 

sorder sto  sminimize sthe sconfusion sbetween sstates. sWe salso  splan sto  sinvestigate sother swavelet  

stechniques sthat  scan sbe sused sto  sovercome ssome sof sthe sdeficiencies sin sthe smethods spresented. 

MoatazEl sAyadi sand sMohamed sS.Kamel s(2011): sinvestigated sthat  sincreasing sattention shas 

sbeen sdirected sto  sthe sstudy sof sthe semotional scontent  sof sspeech ssignals, sand shence, smany ssystems 

shave sbeen sproposed sto  sidentify sthe semotional scontent  sof sa sspoken sutterance. sThis spaper sis sa 
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ssurvey sof sspeech semotion sclassification saddressing sthree simportant  saspects sof sthe sdesign sof sa 

sspeech semotion srecognition ssystem. sThe sfirst  sone sis sthat  swhile shigh sclassification saccuracies 

shave sbeen sobtained sfor sclassification sbetween shigh-arousal sand slow sarousal semotions, sN-way 

sclassification sis sstill schallenging. sMoreover, sthe sperformance sof scurrent  sstress sdetectors sstill 

sneeds ssignificant  simprovement. sThe saverage sclassification saccuracy sof sspeaker-independent  

sspeech semotion srecognition ssystems sis sless sthan s80% sin smost  sof sthe sproposed stechniques. sIn 

ssome scases, ssuch sas, sit  sis sas slow sas s50%. sFor sspeaker-dependent  sclassification, sthe srecognition 

saccuracy sexceeded s90% sonly sin sfew sstudies. sMany sclassifiers shave sbeen stried sfor sspeech 

semotion srecognition ssuch sas sthe sHMM, sthe sGMM, sthe sANN, sand sthe sSVM. sHowever, sit  sis shard 

sto  sdecide swhich sclassifier sperforms sbest  sfor sthis stask sbecause sdifferent  semotional scorpora swith 

sdifferent  sexperimental ssetups swere sapplied. sMost  sof sthe scurrent  sbody sof sresearch sfocuses son 

sstudying  stheir srelations sto  sthe semotional scontent  sof sthe sspeech sutterance sand  smany sspeech 

sfeatures. sNew sfeatures shave salso  sbeen sdeveloped ssuch sas sthe sTEO-based sfeatures. sThere sare salso 

sattempts sto  semploy sdifferent  sfeature sselection stechniques sin sorder sto  sfind sthe sbest  sfeatures sfor sthis 

stask. sHowever, sthe sconclusions sobtained sfrom sdifferent  sstudies sare snot  sconsistent. sThe smain 

sreason smay sbe sattributed sto  sthe sfact  sthat  sonly sone semotional sspeech sdatabase sis sinvestigated sin 

seach sstudy. sMost  sof sthe sexisting sdatabases sare snot  sperfect  sfor sevaluating sthe sperformance  sof sa 

sspeech semotion srecognizer. sIn smany sdatabases, sit  sis sdifficult  seven sfor shuman ssubjects sto 

sdetermine sthe semotion sof ssome srecorded sutterances; se.g. sthe shuman srecognition saccuracy swas 

s67% sfor sDED, s80% sfor sBerlin, sand  s65% sin. sThere sare ssome sother sproblems sfor ssome sdatabases 

ssuch sas sthe slow squality sof sthe srecorded sutterances, sthe ssmall snumber sof savailable sutterances, sand 

sthe sunavailability sof sphonetic stranscriptions. sTherefore, sit  sis slikely sthat  ssome sof sthe sconclusions 

sestablished sin ssome sstudies scannot  sbe sgeneralized  sto  sother sdatabases. sTo  saddress sthis sproblem,  

smore scooperation sacross sresearch sinstitutes sin sdeveloping  sbenchmark semotional sspeech 

sdatabases sis snecessary. sIn sorder sto  simprove sthe sperformance sof scurrent  sspeech semotion 

srecognition ssystems, sthe sfollowing spossible sextensions sare sproposed. sThe sfirst  sextension srelies 

son sthe sfact  sthat  sspeaker-dependent  sclassification sis sgenerally seasier sthan sspeaker-independent  

sclassification. sAt  sthe ssame stime, sthere sexist  sspeaker sidentification stechniques swith shigh 

srecognition sperformance ssuch sas sthe sGMM-based stext-independent  sspeaker sidentification 

ssystem sproposed sby sReynolds. sThus, sa sspeaker-independent  semotion srecognition ssystem smay sbe 

simplemented sas sa scombination sof sa sspeaker sidentification ssystem sfollowed sby sa sspeaker-

dependent  semotion srecognition ssystem. 

Iulia  sLefter set sal., s(2010): sstudied  spossibilities sfor senhancing  sthe sgenerality, sportability sand  

srobustness sof semotion srecognition ssystems sby scombining sdatabases sand sby sfusion sof sclassifiers. 
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sIn sa sfirst  sexperiment, swe sinvestigate sthe sperformance sof san semotion sdetection ssystem stested son sa 

scertain sdatabase sgiven sthat  sit  sis strained son sspeech sfrom seither sthe ssame sdatabase, sa sdifferent  

sdatabase sor sa smix sof sboth. sWe sobserve sthat  sgenerally sthere sis sa sdrop sin sperformance swhen sthe stest 

sdatabase sdoes snot  smatch sthe straining  smaterial, sbut  sthere sare sa sfew sexceptions. sLikewise, sthe 

sperformance  sdribs swhen sa smixed squantity sof sacted sdatabases sis sused sfor straining  sand stesting sis 

scarried sout  son sreal-life srecordings. sIn sa ssecond sexperiment  swe sstudy sthe seffect  sof straining sseveral 

semotion sdetectors, sand sfusing sthese sinto  sa ssingle sdetection ssystem. sWe sobserve sa sdrop sin sthe 

sEqual sError sRate s(EER) sfrom s19.0 s% son saverage sfor s4 sindividual sdetectors sto  s4.2 s% swhen sfused  

susing sFocal. 

 

Aditya sBihar sKandali set sal., s(2008): sinvestigated sa smethod sbased son sGaussian smixture smodel 

s(GMM) sclassifier  sand sMel-frequency scepstral scoefficients s(MFCC) sas sfeatures sfor semotion 

srecognition sfrom sAssamese sspeeches. sFor straining sand stesting sof sthe smethod, sdata scollection sis 

scarried sout  sin sformat  s(Assam, sIndia), swhich sconsisted sof sacted sspeeches sof sone sshort  semotionally 

sbiased ssentence srepeated s5 stimes swith sdifferent  sstyles sby s27 sspeakers s(14 sMale sand s13 sFemale)  

sfor straining sand sone slong semotional sspeech sby seach sspeaker sfor stesting. sThe sexperiments sare 

sperformed sfor sthe scases sof s(i) stext-independent  sbut  sspeaker-dependent  sand s(ii) stext-independent  

sand sspeaker-independent. sFrom sobservations sof sthe sresults spresented sin sthe stables swe sfind  sthat 

sthe ssurprise semotion sis sthe smost  sdifficult  sone sto sdisambiguate sfrom sother semotions, ssince 

ssurprise  smay sbe sexpressed salong  swith sany sother semotion ssuch sas sangry-surprise, sfear-surprise,  

shappy-surprise, setc. 

Hao sHu set sal., s(2007): sinvestigated sthat  sspeech semotion srecognition sis sa schallenging  syet  

simportant  sspeech stechnology. sIn sthis spaper, sthe sGMM ssuper svector sbased sSVM sis sapplied  sto  sthis 

sfield  swith sspectral sfeatures. sA sGMM sis sskilled sfor seach semotional sutterance, sand sthe sequivalent  

sGMM ssuper svector sis sused sas sthe sinput  sfeature sfor sSVM. sExperimental sresults son san semotional 

sspeech sdatabase sshow sthat  sthe sGMM ssuper svector sbased sSVM soutperforms sstandard sGMM son 

sspeech semotion srecognition. sGMM sKL sdivergence  skernel swas sshown sto  sproduce sbetter 

sperformance  sthan sother scommonly sused skernels sin sthe ssuggested ssystem. sThe sresults spropose 

sthat  sthe sgender sinformation sshould sbe sconsidered sin sspeech semotion srecognition, sand sdetermine 

sthat  sthe sGMM ssuper svector sbased sSVM ssystem ssignificantly soutperforms sstandard sGMM 

ssystem. sFor sthe scommonly sconfused semotional sstates, sother stype sof sfeatures, ssuch sas sprosodic 

sand svoice svalue sfeatures scan sbe smerged  swith sour sproposed smethod sto  simprove sthe semotion 

srecognition sperformance sin sfuture swork. 

 

http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Aditya%20Bihar%20Kandali.QT.&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.Hao%20Hu.QT.&newsearch=true
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Suja sP set sal., s(2005): sHuman sface scommunicates simportant sinformation sabout  sa sperson’s 

semotional scondition. sIn sthis spaper san sapproach sfor sfacial sexpression srecognition susing swavelet  

stransform sfor sfeature sextraction sand sneural snetwork sclassifier sfor sfive sbasic semotions sis 

sproposed. sThe sstrength sof sthe salgorithm sis sthe sreduction sin sfeature ssize sand suse sof sless snumber sof 

simages sfor straining sthe snetwork, scompared sto  sexisting ssimilar sapproaches. sStatic simages sof sthe 

sCohn-Kanade sFace sExpression simage sdatabase shave sbeen sused sfor sexperimentation. sThe sfacial 

sexpression sinformation sthat  sare smostly sconcentrated son smouth, seye, seyebrow sand smouth sregions 

sare ssegmented sfrom sthe sface. sThen sthe slow-dimension sfeatures sare sacquired susing s2-level 

sKarhunen sLoeve stransform sand sDiscrete sWavelet  sTransform. sA sneural snetwork sclassifier sis 

sconstructed sto  scategorize sthe semotions. sThe sneural snetwork sbased sclassifier  syielded san saverage 

saccuracy sof s96.4%. sThe sexpressions sthat  sare srecognized sare sanger, ssurprise, sdisgust, shappiness 

sand ssadness. 

 

B. sSchuller set sal., s(2004): sThey sintroduce sa snovel sapproach sto  sthe scombination sof sacoustic 

sfeatures sand slanguage sinformation sfor sa smost  srobust  sautomatic srecognition sof sa sspeaker's 

semotion. sSeven semotional sstates sare sclassified sduring sthe swork. sFirstly sa smodel sfor sthe 

srecognition sof semotion sby ssound sfeatures sis spresented. sThe sresulting sfeatures sof sthe ssignal,  

sspectral scontours, senergy sand spitch sare sranked sby stheir squantitative scontribution sto  sthe sestimate 

sof san semotion. sNumerous sdifferent  sclassification stechniques scontaining slinear sclassifiers, sneural 

snets, ssupport  svector smachines sand sGaussian smixture smodels sare scompared sby stheir sperformance  

swithin sthis stask. sMoreover san smethod sto  semotion srecognition sby sthe sspoken scontent  sis 

sintroduced sapplying sbelief snetwork sbased sspotting sfor semotional skey-phrases. sFinally sthe stwo 

sinformation ssources sare sintegrated sin sa ssoft  sdecision sfusion sby susing  sa sneural snet. sThe sgain sis 

sevaluated sand scompared sto  sother sadvances. sTwo  semotional sspeech scorpora sused sfor sevaluation 

sand straining sare sexplained sin sdetail sand sthe sresults sachieved sapplying sthe spropagated snovel 

sadvance sto  sspeaker semotion srecognition sare sobtainable sand sdiscussed. 

Tin sLay sNwe set sal., s(2003): sinvestigated sthat  semotion sclassification sof sspeech ssignals, sthe 

spopular sfeatures semployed  sare sstatistics sof sfundamental sfrequency, sduration sof ssilence, senergy 

scontour sand svoice squality. sConversely, sthe sperformance sof ssystems semploying sthese sfeatures 

sdegrades ssignificantly swhen smore sthan stwo  scategories sof semotion sare sto  sbe sclassified. sA stext 

sindependent  smethod sof semotion sclassification sof sspeech sis spurposed. sThe sproposed smethod 

smakes suse sof sa sdiscrete shidden sMarkov smodel s(HMM) sas sthe sclassifier  sand sshort  stime slog 

sfrequency spower scoefficients s(LFPC) sto  scharacterize sthe sspeech ssignals. sThe semotions sare 

sclassified sinto  ssix scategories. sThe scategory slabels sused sare, sthe stypical semotions sof sFear, sJoy,  

http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=%22Authors%22:.QT.B.%20Schuller.QT.&newsearch=true
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sSadness, sAnger, sDisgust, sSurprise sFear, sJoy, sSadness sand sAnger. sA sdatabase sconsisting sof s60 

semotional sutterances, seach sfrom stwelve sspeakers sis sconstructed sand sused sto  stest  sand strain sthe 

sproposed ssystem. sPerformance sof sthe sLFPC sfeature sfactors sis scompared swith sthat  sof sthe slinear 

sprediction sCepstral scoefficients s(LPCC) sand sthe smel-frequency sCepstral scoefficients s(MFCC)  

sfeature sparameters susually sused sin sspeech srecognition ssystems. sResults sshow sthat  sthe sproposed 

ssystem syields san saverage saccuracy sof s77% sand sthe sbest  saccuracy sof s95.7% sin sthe sclassification sof 

ssix semotions. s 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

CHAPTER s3 

 

CONTRIBUTION sOF sCOGNITIVE sSCIENCE 

 
3.1 scomprehensive sdefinition sfor semotion s 

Providing sone scomprehensive sdefinition sfor semotion sis sa shard stask. sMy sfavourite sdefinition sfor 

semotion sis sthat, semotion sis sa sway sof srepresenting  sones scircumstances, smood sor srelations sto 

sothers. sEmotion sis sa sway sof scharacterizing sstates sof smind slike sjoy, sanger, slove, shate sderived sfrom 
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snatural sinstinctive  sstate sof smind s(Gordon, s1990). sEmotion shas smany sforms sand  smany sdifferent  

srepresentations. sRecent  sbrain sresearch sshows sthat, sthere sis sa spart, swhich splays san simportant  srole 

sin sexpressed sand sembodied semotions s(Gordon, s1990). sThe samygdale sis sa ssmall sstructure sin sthe 

slimbic ssystem, swhich sresides son sbrains smedial stemporal slobe. sIt  sis srevealed sthat  swhen spictures sof 

streating sfaces sare sshown sto  san sindividual, ssome sneurons sare sactivated sfrom sthis scluster 

s(Scheingold, s2010). sMoreover, sthis sregion shas sa smajor srole sin srecognizing semotional sresponses 

slike sfacial sexpressions. sIn sthe sliterature, sthere sare ssome sdifferent  sperspectives sabout  stheories 

sabout  semotions. sEvolutionary stheory sis sin sthe smiddle sin sDarwinian sperspective s(Izard, s1984). sIt 

sis sstated sthat  swithout  sevolutionary shistory, semotions scannot  sbe sunderstood. sAs san sexample, 

sinnate sneed sfor ssurvival sforces sthe semotions swhen swe ssee sa sbear. sSecond sperspective  sis 

sJamessian sperspective. sIt  sclaims sthat, sa sbodily schange swhich scaused sby san soutside sstimuli sis 

srequired sin sorder sto  sexperience semotions s(James, s1994). sOur sadrenaline sproduction sincreases 

sinvoluntarily swhen swe ssee sa sbear, swhich sresults sin sfear sas san semotion. sIn scognitivists saspect, 

sphysiological schanges sare sexperienced simmediately sand simperceptivity swhen sa sbear sis sseen.  

sSocio-constructivist  sperspective sstates sthat  semotions sare sproducts sof sculture s(Parkinson, s1996). 

sIn sthis saspect, sculture simposes sus sthat  sbear sis sfrightening sand swhen s 

3.2 sInteresting sapproach sto semotions 

you ssaw sa sbear, syou sshould sfear. sAn sinteresting sapproach sto semotions sis sthe s3.2dimensions sof 

semotions. sEmotional sspace sis sconstituted sby stwo sdimensions snamely; svalence sand sarousal.  

sValence srepresents sthe slevel sof spleasantness sor sunpleasantness. sArousal sor swith sits sother sknown 

sname sactivation sis sthe slevel sof sbodily senergy. sNeutral sremains sin sthe smiddle sof stwo  sdimensional 

sspace. sHappy sand sanger sboth shave shigh sactivation slevel. sHowever, shappy shas sa spositive svalence 

svalue sand sanger shas sa snegative svalence svalue. sEmotion sspace sis simportant  sin sembodied semotions 

ssince, semotional sspace shas sa srepresentation sin sphysical slevel sat  sthe shuman sbody. sIn shigh 

sactivation slevel sand snegative svalence  slevel semotions ssuch sas sfear sand sanger, swe sfeel sshortness sof 

sbreath sand sthe strembling s(Hatsimoysis, s2003). sWhen sone sis sfearful, sthe seye sbrow smuscles sgrow 

stense, swhereas sif sone sfeels sjoyful, sthe smuscles sin sthe scheck swill sform sa ssmile sposition. sIn sthis 

ssection, sarguments sabout  sembodied semotions swill sbe sdiscussed. sMind-body srelation sis sinduced 

sto  sbody-emotion sin sthis scase. sMain sarguments sin sembodied  semotions sare sgenerally sabout 

sJamessian sperspective. sHe sclaims sthat  swhen swe sperceive  ssome sbodily schanges sbecause s5 sof 

soutside  sstimuli, semotions soccur. sOur sfeelings sfor sthe ssame schanges sare semotions. sOn sthe sother 

shand, sthere sare smany sopposing sideas. sThey sstated sthat, semotions sare smore slike sjudgments sor 

sthoughts, sthan sperceptions s(Hatsimoysis,  s2003). sOn smy sviewpoint  sthis sview sis strue sif swe sare 
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strained sfor sthat  scase. sSuch sthat, sin sa sclash, ssoldiers semotions sare srelated swith stheir sbody sstatus. 

sWhen sa sbody sreaction soccurs, sunconsciously sour sbrain sforces sus sinto  san semotional sstate. sIt  sis 

shard sto  sjudge semotions sin smost  sof sthe scases. sI sdefend sthe sidea sthat  semotions sare sbased son 

sperceptions sof spatterned schanges sin sthe sbody. sEmotional sdimension sis sa sgood sproof sfor sthese 

spatterned schanges. sSix sbasic semotions s(anger, sdisgust, sfear, sjoy, ssadness, ssurprise) shave sunique 

sbody spatterns. sAnger, sdisgust, sfear sand  ssurprise  sreside son sthe supper shalf sof sthe semotional sspace. 

sAll srequires sa shigh sactivation slevel swhich smeans, sour sheart  spulse srate sincreases. sSince sall sbasic 

semotions shave sa sunique sbody spattern sembodied  semotion sthesis sis ssupported. sYet, sthere sare ssome 

sopposing  sideas sto  sthis sapproach. sIn s(Hatsimoysis, s2003), ssome sopposing  sarguments sare 

sprovided. sI shave sbriefly sdiscussed sthe smost  sinteresting sones. sCritics spoint  sout  sthat  ssome semotions 

sdo  snot  sinvolve sbodily schange  sat  sall. sDoes sguilt  sor slonelyness shas sany srelation swith sbody 

smovement  s(Hatsimoysis, s2003)? sLong sstanding  semotions scorrelation swith sthe sbody schanges 

sover stime. sIf ssomeone sis sin slove sfor sa slong stime, sdoes she salways shave sa shigh sheart  srate? sValence 

slevel sof sthe slover schanges sover stime. sOther scritics scome sfrom sanother spoint. sAll sperceived sbodily 

schanges sare snot  semotions. sSport  smakes speople shappy. sExercise scauses sa schange sin sthe sarousal 

slevel, swhich smake sthem sto  sperceive shappier. sIn sthe sliterature, smany semotional smodes shave sbeen 

sdeveloped. sThe saim sof sthese smodels sis sto  sgenerate san sartificial sagent, swho shas sembodied  

semotions. sThese smodels stry sto  sgenerate semotions susing  senvironment  sand sbody. sThese sartificial 

scharacters sshould sbe supset  swhen sthey slost  smoney sjust  slike sreal shumans. sIn s(Bartneck, s2002), 

ssuccess scondition sof san semotion smodel sis sdefined ssuch sthat, sgenerated smodel sshould sshow sthe 

sright  semotion sin sthe sright  stime swith sright  sintensity. sThe sOCC s(Ortony, sClore, s& sCollins, s1990) sis 

sa scomplex syet  swell-known semotional smodel. sThe sOCC smodel sis sable sto  sdistinguish s22 sdifferent  

semotional scategories. sIn sthis smodel,  seach semotion shas sa sweight. sIt  sis sexpected sthat  sweights 

sshould  snot  schange srapidly,  ssince sa sregular spersons semotional sstate sdo  snot  schange srapidly. sThe 

sOCC smodel shas sfive sphases. sThe sname sof sfirst  sphase sis sclassification. sIn sthe sclassification sphase,  

sevent  sor san saction sis sevaluated sby sthe scharacter. sEach sobject  sor san sevent  shas sa srelation swith 

sparticular semotions. sNext  sphase sis sthe squantification sphase. sEvery sevent  sor saction srequires 

sdifferent  semotions sto  sbe sactivated swith sdifferent  sintensity slevels. sIn sthis sphase, sintensity slevels sof 

sthe sactivated semotions sare sdetermined. sFollowing sphases sname sis sinteraction. sIn sthe sinteraction 

sphase, sshift  sfrom sone semotional sstate sto  sother sone sis smodelled. sFor sa sperson swho  sis ssurfing son sthe 

sinternet, sspeed sof sthe sinternet  sis simportant. sIf sthe sspeed sof sthe sinternet  sdrops sthis speople sget 

sangry. s 

3.3 sOCC smodel 
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If syou sgive sthis sa sfood sthat  she sloves, shis sanger swill sfade sslowly. sInteraction sphase smodels sthis 

ssmooth stransition. sNext  sphase sis smapping. sAs smentioned  sOCC smodel scould sdistinguish s22 

sdifferent  semotions. sIn sthe sclassification sphase, sactivated semotions swere sselected. sIn sthis sphase, 

sfirst  sphysical sstate sis sdetermined, sand sthen sappropriate semotions sare sselected sfrom sthe sactivated 

semotions. sFacial sexpression scould snot  sexpose sall semotions sbut  ssome sof sthem. sFinal sphase sis sthe 

sexpression sphase. sIn sthe sexpression sphase, semotions sare sexposed swith sall spossible schannels. sThe 

sOCC smodel sis sdesigned sto  smimic shuman slike semotions. sEach sOCC smodel shas sa scharacter. 

sConsistency sis simportant  sto sgenerate sa sstable scharacter. sIf sbanana smake sa scharacter shappy, sthen 

sin sthe snext  stime sshould scharacter srequired sto  sbe shappy? sIf sa sbanana sis sgiven safter sone sanother, 

sthen shappiness slevel swill sdrop sto  sneutral slevel. sOn sthe sother shand, sif sbanana sis sgiven safter sa 

scertain stime sagain sa shigh slevel sof shappiness sshould sbe sgenerated. sDistributed semotion sis sa 

sframework swhich sinherits sall saspects sof semotion sand  sinvestigates sa s6 sfull spicture sof semotion 

samong speople sand senvironment  s(Hollan, sHutchins, s& sKirsh, s2000). sWe slive sin sa svery sdynamic 

ssociety sand  semotion splays sa scrucial srole sto  sshape sthese srelations. sInstead sof sresizing  sthe sconcept 

sof semotion sto  sindividuals, sit  smust  sbe srelated swith sthe sinteractions sbetween sindividuals 

s(Parkinson, s1996). sEmotion sis sdistributed samong speople. sOne sgroup smember scan sfire sthe 

semotions sof sall sgroup smembers sor sone smembers ssadness smakes sother smembers sto  sfeel ssad.  

sMimicking sof semotions sis sobserved svery sfrequently sin sintimate sgroups. sBy sthe stime, sclose 

sfriends ssmile seven slook ssimilar. sDifferent  sfrom smimicking semotions, ssame sevent  smay scause 

sdifferent  semotions son sdifferent  speople. sOne sevent  smay smake sa speople sfeel shappy son sthe sother 

shand, smade sothers ssad. sRain sis sa sgood sexample. sSlight  srain smake sa sfarmer shappy, son sthe sother 

shand, smade sa sbasketball splayer sunhappy. sIn s(Glazer, s2003), sdistributed semotion sis ssegmented 

sinto  s3 stitles. sEmotion sis sdistributed sacross smembers sof ssocial sgroups. sEmotions sare sshared 

ssocially. sOne sindividuals semotion smay sdistribute samong sthe ssocial sgroup. sEmotion sis 

scoordinated sbetween sexternal smaterial sor senvironmental sand sinternal sstructures. sPeople scan sload 

stheir semotions sinto  sphysical sstructures sand scan sload sthem sback. sPhotographs sare sgood sexamples 

sfor sthis scase. sWhen syou slook sat  syour sphotographs, syou smemorize sthe spast  sevent, spast  semotions 

syou shave sfelt  sat  sthis sevent. sEmotion sis sdistributed sthough stime. sEmotions sare stime-varying  

sperceptions. sWhen san sevent  soccurred, syour semotions sare sgenerally ssharper. sPeople smay srespond 

ssome sevents soverreactions sat  sthe sbeginning  sof sthe sevent. sYears slater, swhen syou sremember sthe 

ssame sevent, syou scould sassess sevent  sas san sadventure sand syou scould sfeel shappy. sOther stendency sis 

sthat  sgenerally sgrief, sfear sturns sto  srage sand sanger. sEmbodied smind sthesis sclaims sthe sargument  sthat 

snature sof sour smind sis slargely sdetermined  sby sthe sform sof sthe shuman sbody. sEmbodied  semotion 

sargument  sclaims sthat  swhen swe sperceive ssome sbodily schanges sbecause sof soutside  sstimuli,  
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semotions soccur. sThis sargument  sgeneralizes sthe sembodied semotion sargument. sWe scan sresize sthe 

sargument  sinto  sthe sform sthat, semotions sare sonly sperceptions. sIn sthe sbig  spicture, smost  sof sit  sis strue. sIt 

sis sfact  sthat, swe sreact  sunconsciously sto  sthe smost  sof sthe sevents. sThis sreaction sgives sbirth sto  ssome 

semotions. sSome sscientific sstudies salso  sshowed sthat, sthere sis sa sregion sin sour sbrain, swhich scontrols 

sembodied semotions. sEmbodied semotion sframework sis simportant  sin slevel sof sdesigning sa shuman-

like srobot. sWithout  semotions,  sit  sis shard sto  scall sa srobot  shumanoid. sEmbodied semotions sframework 

soffers sa sbasic smodel. sEmbodiment  sthesis senables sthe stransformation sof senvironmental sinputs son 

sbody sto  semotions. sWe ssurvive sin sa ssocial ssociety. sThese ssocial srelations sare sgenerally sshaped sby 

semotional sstate sof sours. sIn sa ssociety, semotions sflows sthough sinteraction. sEmotions smix swith seach 

sother sand sturn sinto  sother semotional sstates. sEmotions sare sjust  slike scolors. sDifferent  sfrom scolors, 

semotions shave sonly stwo  sprimary sunits, svalence sand sactivation. sIn sa shappy ssociety, svalence sflows 

sone sindividual sto  sothers. sSince semotions sare sdistributed sover stime, svalence slevel salways schanges.  

sEmbodied semotions sare sdirectly srelated swith sdistributed semotions. sEach ssocial sinteraction shas sa 

spattern sin sour sbody. sThe sconcept  sof sbed, shave ssome seffects son sour sbody swhich sresults sin ssome 

semotions. sJust  slike sthis, ssocial sinteraction sgenerates ssome sconcepts sand sthese sconcepts shave 

sbody spatterns sin sour sbody. sIn sa scognitive ssystem, sembodied sand sdistributed scognition 

scomplement  seach sother. sIn sa stelephone scall sof sa stwo  sperson, sgenerated semotion smodel sis sgoing sto 

sbe sin sclosed sloop sform. sWhat  syou shear sfrom sthe sspeaker shas ssome seffects son syour sbody, swhich 

sgenerate san semotional sstate. sWith sthis semotional sstate, syou sgenerate sa sspeech. sSpeech semotion 

srecognition salgorithms stake spart  sin sthis stask san simportant  srole. sWhen syou shear ssomething syou 

smust  sconvert  sspeech ssignal sinto  san semotion. sIn sthis sclosed sloop scycle, sfirstly, sdetected semotion 

sgenerates sa sbody spattern sin syour sbody. sNext  stime syou sspeak, sand sother slistener sextracts sthe 

semotion. s 

3.4Distributed semotions 

Distributed semotions stake spart  sin sthe stransformation sof sextracted semotions sinto  sbody spatterns. 

sEmbodied  semotions sare sresults sof sbody spatterns. sAs sseen, sall sconcepts sare srelated sto  s7 seach sother. 

sAlthough sthe srelationship sbetween semotion sand scognition sis somitted sfor sa slong stime, srecent 

sstudies sespecially son smagnetic sresonance simaging s(MRI), shas sprovided simportant  scues. sBesides 

sbeing sdependent, sboth shave smany scommonalities sas sbeing sembodied  sand  sdistributed. sYet, sthere 

sare snot  sany scommon sview sabout  semotions, sthere sis sa srelative sagreement  supon scognition. 

sProcesses srelated swith smemory, sattention, slanguage sand sproblem ssolving sis sknown sas scognition 

s(Pessoa, s2008). sWhen sthe sdistinction sbetween semotion sand  scognition sis sprojected sinto  sbrain,  

saffect  sis sbeing  srelated swith sunconscious sprocessing sand  ssub scortical sactivity. sOn sthe sother shand,  
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scognition sis srelated swith sthe sconscious sprocessing sand scortical sinvolvement. sEmotional svisual 

sexpressions ssuch sas swatching sa swar sscene sresults sin san sincreased sactivity sin svisual scortex 

s(Pessoa, s2008). sIn saddition sto  sthat, semotional scontent  shas san seffect  son sattention. sDetection sof 

shappy sand sanger sfaces sare smore srapid swhen scompared swith sneutral sones s( sEastwood, s2001). 

sThese sresults scould sbe sevaluated ssuch sthat, samygdala shas ssome seffects son scognitive sprocess. sIt 

sarises stwo  spossibilities. sFirst  sis sthat, sexcitation sin samygdala shas san senhancement  seffect  son svisual 

sprocessing smodule. sSecond spossibility sis sthat, samygdala sresults sin senhancement  sin sthe spart  sof 

sbrain swhich sare sresponsible  sfor sattention. sAnother sresearch shas sprovided sinteresting  

sinformation. sEmotional sfaces sevoke sresponses sin sthe samygdala salthough sattention shas smajor son 

sanother sstimuli s(Anderson, sChristoff, sPanitz, sRosa, s& sGabrieli, s2003). sThis sshows sthat, 

scognitive sand semotional sprocesses soccurs sindependently.  sBesides sattention sand  sperception, sin 

smemory sevent, semotional scontent  shas san seffect. sStudies shave sshown sthat  shumans sare sbetter sat 

sremembering  semotionally sarousing sinformation. sIn sa sstudy, ssubjects sare sexposed sto  stwo  svideos. 

sFirst  svideo  scomposed sof sneutral sfilm sclips sand sthe ssecond sone scontains semotional scontent  s(Cahill 

set  sal., s1996). sAfter s3 sweeks sof swatching sthese sclips, ssubjects swere sbetter sat  sremembering  

semotional sones salthough sboth sclips swere staken sfrom sthe ssame ssource. sAt  srecent  syears, shuman sto 

shuman sinteraction sis sbeing sreplaced sby shuman smachine sinteraction. sSuch sshift  sforces smachines 

sto  sbehave slike shumans. sIn sorder sto  saccomplish ssuch sa stask, semotion srecognition sand sgeneration 

sof sa scounter semotional sstate sare sthe scrucial spart  sof ssuch sdevices. sSuch sa ssystem srequires san 

sinterdisciplinary sfield swhich sfuses sartificial sintelligence, spsychology, sphilosophy. sDesign sand  

sdevelopment  sof shuman slike smachines sare spossible swith s 

 

3.5 sDesign sand sdevelopment 

cognitive ssystems. sIn sthe sfigure s2.1, sa shuman smachine sdialog sflowchart  sis sprovided. sGiven 

scognitive ssystem sis sbased  son san sinteraction swith sspeech. sSpeech sis sone sthe smain ssource sof 

scommunication. sSpeech sboth scarries scontent  sand snon-verbal selements ssuch sas semotions.  

sTherefore, sa shuman slike smachine sshould  sboth shave sspeech srecognition salgorithm sand sspeech 

semotion srecognition salgorithm. sIn sthe sgiven smodel,  sinformation sfrom sspeech srecognition sand 

sspeech semotion srecognition sblocks sis scombined sin sartificial sintelligence schat  sbox. s. sIn sthe sspeech 

ssynthesizer, sgenerated ssentence swill sbe sconverted sto  semotional sspeech. sIn sthe sscope sof sthis 

sthesis, sspeech semotion srecognition stask sis saccomplished. sRecognition sof semotion sis scrucial sin san 

sinteraction. sDifferent  sfrom smany sother sspeech semotion srecognition salgorithms, sa shuman 

sauditory smodel sis sused. sAuditory smodel soutputs s8 sare stransformed sinto  sfeature ssets. sAuditory 
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smodel sis sa scomputation smodel sof shuman sear. sYet, sthe sprocess sof semotion srecognition sin sthe sbrain 

shas sno  smodel. sIn sorder sto smeasure ssimilarity sof sresults, slistening stest sis sapplied son shumans. sA 

sGerman sspeech sdataset  sis sapplied sboth sto  scomputers sand shumans. sIn sthe sdeveloped 

scomputational smodel sis scontent sfree. sTherefore, shuman sevaluators sare sselected sfrom sthe speople 

swho  sdo  snot  sknow sany sGerman. sOutput  sresults sof ssubjective sand sautomatic  sspeech semotion 

srecognition stasks sare scompared swith seach sother. sComparison sof sresults shave sprovided  simportant 

sinformation sboth son sthe ssource sand sreceiver sside. 

 

 

 

 

 

 

 

 

 

 

 

CHAPTER s4 

METHODOLOGY SUSED SFOR SSPEECH 

EMOTION SRECOGNITION 

4.1 SSPEECH S 

A srecord sof semotional sspeech sdata scollections sis sundoubtedly suseful sfor sresearchers sinterested sin 

semotional sspeech srecognition. sIt  sis sevident  sthat  sresearch sinto  semotional sspeech srecognition sis 

slimited  sto  scertain semotions, sbecause sthe smajority sof semotional sspeech sdata scollections 

sencompass s5 sor s6 semotions, salthough sthere sare smany smore semotion scategories sin sreal slife. sTwo 
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sspeech scorpora swere sused sin sthis sinvestigation: sthe sfirst  sDatabase sof sEmotional sSpeech sand  

scontains ssemantic sunits smade sup sof ssentences; sthe ssecond, sin sEnglish, sis scalled sSpeech sUnder  

sSimulated sand sActual sStress sand scomprises ssemantic sunits smade sup sof ssingle swords. 

4.2 sEmotion srecognition 
 s 4.7 s 4i3 

 s .ii3Emotion s .iidetection s .ii3from s .ii3the s .ii3speech s .ii3signal s .ii3is s .ii3a s .ii3relatively s .ii3new s .ii3field s .ii3of s .ii3research, s .ii3that  s.ii3has  

s .ii3many s .ii3potential s .ii3applications s .ii3in s .ii3the s .ii3current  s .ii3scenario. s .ii3In s .ii s 3human s .ii s 3we s .ii3can s .ii3easily s .ii3identify s .ii3the 

s .ii3emotion s .ii3of s .ii3a s .ii3person s .ii3by s .ii3interacting s .ii3with s .ii3each s .ii3other. s .ii3But  s .ii3in s .ii3human-computer s .ii3interaction 

s .ii3systems, s .ii3emotion s .ii3recognition s .ii3is s .ii3not  s .ii3as s .ii3easy s .ii3task. s .ii3Emotion s .ii3system s .ii3could s .i s i3provide s .ii3users s .ii3with 

s .ii3improved s .ii3services s .ii3by s .ii3being  s .ii3versatile s .ii3to  s .ii3their s .ii3emotions. s .ii3In s .ii3virtual s .ii3world, s .ii3emotion 

s .ii3recognition s .ii3could s .ii3 shelp s .ii3in s .ii3simulating s .ii3more s .ii3realistic s .ii3interaction. s .ii3Emotion s .ii3in s .ii3speech s .ii3is s .ii3quite 

s .ii3limited s .ii3we s .ii3are s .ii3not  s .ii3one s .ii3per s .ii3cent  s .ii3sure s .ii3that  s .ii3always s .ii3we s .ii3can s .ii3find s .ii3the s .ii3emotion s .ii3of s .ii3a s .ii3person. 

s .ii3Currently,  s .ii3researchers s .ii3are s .ii3still s .ii3debating s .ii3regarding  s .ii3the s .ii3recognition s .ii3of s .ii3emotion s .ii3in s .ii3speech s .ii3for 

s .ii3accuracy. s .ii3There s .ii3is s .ii3also  s .ii3considerable  s .ii3apprehension s .ii3as s .ii3to  s .ii3the s .ii3best  s .ii3algorithm s .ii3for s .ii3classifying  

s .ii3emotion, s .ii3and s .ii3which s .ii3emotions s .ii3to s .ii3class s .ii3together s .ii3or s .ii3what  s .ii3can s .ii3be s .ii3their s .ii3feature. s .ii3In s .ii3this s .ii3project  

s .ii3we s .ii3use s .ii3K-Means s .ii3and s .ii3Support s .ii3Vector s .ii3Machines s .ii3(SVM) s .ii3algorithm s .ii3to  s .ii3classify s .ii3opposing  

s .ii3emotions. s .ii3We s .ii3separate s .ii3the s .ii3speech s .ii3by s .ii3speaker s .ii3gender s .ii3to  s .ii3investigate s .ii3the s .ii3relationship  s .ii3between 

s .ii3gender s .ii3and s .ii3emotional s .ii3content  s .ii3of s .ii3speech. s .ii3Here s .ii3we s .ii3extract  s .ii3a s .ii3variety s .ii3of s .ii3temporal s .ii3and s .ii3spectral 

s .ii3features s .ii3from s .ii3human s .ii3speech. s .ii3In s .ii3this s .ii3We s .ii3use s .ii3pitch s .ii3relating s .ii3statistics, s .ii3Mel s .ii3Frequency 

s .ii3Cepstral s .ii3Coefficients s .ii3(MFCC) s .ii3algorithms. s .ii3The s .ii3emotion s .ii3recognition s .ii3accuracy s .ii3of s .ii3these 

s .ii3experiments s .ii3is s .ii3quite s .ii3high s .ii3accuracy s .ii3as s .ii3comparison s .ii3to  s .ii3other s .ii3algorithm.  s .ii3This s .ii3process s .ii3also  

s .ii3allows s .ii3us s .ii3to  s .ii3de s ii3develop s .ii3criteria s .ii3to  s .ii3class s .ii3emotions s .ii3together. s .ii3In s .ii3this s .ii3algorithm s .ii3our s .ii3system 

s .ii3accuracy s .ii3is s .ii3more s .ii3high. 
 s 

 s4.3 sEmotion sclassification s 
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 sFig4.1 sClassification sschema sfor sspeech semotion srecognition 
 s 
 

4.4 SSPEECH SEMOTION SRECOGNITION 

Speech semotion srecognition sis sbasically sperformed sthrough spure ssound sprocessing swithout 

slinguistic sinformation. sIn sterms sof sacoustics, sspeech sprocessing stechniques soffer sextremely 

svaluable sinformation sderived smainly sfrom sprosodic sand sspectral sfeatures. sSometimes sthe 

sprocess sis sassisted sby sAutomatic  sSpeech sRecognition s(ASR) ssystems, swhich scontribute sto 

sclassification susing slinguistic sinformation. sHowever, sthe suse sof sASR sis slimited sdue sto  sfact  sthat 

smost  sof sthe sexperiments sin sthe sfield shave sbeen sassessed susing  sdatabases sof snon-spontaneous sand  

spredefined sspeech sand sthus, sthere sis sno  sneed sfor sspeech srecognition. sAfter ssound sprocessing sand 

sfeature sacquisition, sit  sis squite scommon sto  sfollow sa sfeature sselection sin ssearch sfor sthe s“golden sset” 

sof ssound sfeatures. sFinally, ssuch sa splethora sof sclassification salgorithms shas sbeen sevaluated sfor 

sspeech semotion srecognition, sthat  sattempting  stheir  scomparison sin sthis spaper sis, sunfortunately, san 

simpractical stask. sThis sis salso  sdue sto  sthe sfact  sthat  sthere sis sa slack sof suniformity sin sthe sway sthese 

smethods sare sevaluated s(different  stest  ssets, sfeature svectors sand sevaluation sframeworks) sand, 

stherefore, sit  sis sinappropriate sto smake sdirect  scomparisons sor sexplicitly sdeclare swhich smethods 

sdemonstrate sthe shighest  sperformance. sIn sthe snext  ssections, sa sbrief sclassification sof spapers sthat 

sfollow sthe sbasic sprocessing spipeline s(as shighlighted sin sFig. s1) sare ssurveyed sand scategorized  

saccording sto  stheir smajor smethodology sfor sfeature sprocessing(with sor swithout  slinguistic 

sinformation), sas swell sas stheir sclassification sschema sfor semotion srecognition. 
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 sFig4.2 sSpeech semotion srecognition spipeline s 

 

 

 

 sFig4.3 sSegmental sand sSuprasegmental sfeatures sin sa sspeech ssignal 

 

 

 

4.5 SMACHINE SLEARNING SALGORITHMS SUSED SIN SSPEECH 

SEMOTION SRECOGNITION 
 
There sare svarious stypes sof sclassification smethods semployed sfor susing sin sthe stask sof semotion 

srecognition sfrom sspeech. sHidden sMarkov smodels s(HMM), ssupport  svector smachines s(SVM), 
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sGaussian smixture smodels sand sartificial sneural snetworks sare sso  sfar sthe smost  spopular sclassifiers 

s(E. sAyadi set  sal., s2011). sAlthough sHidden sMarkov sModel shas smany sdesign sissues ssuch sas 

sdetermining sthe soptical snumber sof sstates, sthe stype sof sobservations sand soptimal snumber sof 

sobservation ssymbols s(E. sAyadi set  sal., s2011) sperformance sof sHMMs sfor sspeech semotion 

srecognition stask sis ssatisfactory. sIn s(Nwe set  sal., s2003), sempirical sassessments sof smany sstate 

snumbers sare stested. sIt  sis sclaimed sthat  sa sfour sstate sHMM sgives sthe soptimal sperformance sto 

sdetermine sthe snumber sof sstates. sHMM sis sgenerally sused sto  smodel sthe stime sdependency sof sthe 

ssystem. sIn s(Nwe set  sal., s2003), sit  sis sclaimed  sthat  sframe ssize sof s16 sms sand soverlapping sduration s9 

sms sgives sthe sbest  sresults. sThe sbest  saverage srates swere s78.5% sand s75.5% sfor sBurmese sand  

sMandarin sdatabases, srespectively. sThis scompares sfavorably swith srespect  sto  shuman saccuracy 

srate, swhich swas s65.8%. sGaussian smixture smodels srepresent  sfeatures swith sjoint  sprobability 

sdensity sfunctions sGMMs sare smore sappropriate sfor sspeech semotion srecognition swhere sonly 

sglobal sfeatures ssuch sas smean sand svariance sof sthe sfundamental sfrequency sare sused s(E. sAyadi set 

sal., s2011). sSince sGMM sis sbased son sthe sassumption sthat  sall svectors sare sindependent, sit  scannot 

smodel stemporal spatterns. sDetermining sthe snumber sof smixture smodel sis san simportant  sproblem 

swith sGMMs. sIn s(Schuller set  sal., s2004), s74.83% saverage sclassification saccuracy sfor sspeaker 

sdependent  sapproach sand s89.12% sfor sspeaker-dependent  sapproach sis sobtained susing sa ssixteen 

scomponent  sGMMs. sThis scorresponds sto  sa sperformance sthat  sis scomparable sto  sHMMs. sSupport 

svector smachine sis sa ssupervised  slinear sclassifier. sDetermining  sa sway sto  schoose sthe skernel ssize sis 

sthe sproblem sof sthe sSVM. sSince sthere sis snot  sany scertain sway sto  schoose sproper skernel ssize, sit  sis snot 

sguaranteed sto  ssegment  sthe stransformed sfeatures scorrectly s(E. sAyadi set  sal., s2011). sSVM sclassifier  

swas semployed sin s(Schuller set  sal., s2004). sFor sspeaker sindependent  sapproach, sclassification 

saccuracy swas s76.12. sSpeaker sdependent  sresult  swas s92.95%. sAnother spopular sclassifier sis sthe 

sartificial sneural snetwork s(ANN). sANNs sare sknown sto  sbe sef- sfective sin snon-linear smappings s(E. 

sAyadi set  sal., s2011). sIn s(Petrushin, s2000), sa stwo  slayer sneural snetwork sis sused. sA sclassification 

sresult  sfor snormal sstate sis s55-65%, sfor shappiness sis s60-70%, sfor sanger sis s60-80% sand sfor sfear sis 

s25-50%. sAmong sthe sother sclassifiers, sANN sprovides sthe sworst  sperformance. s 

 

4.6 SDATABASE SOF SEMOTIONAL SSPEECH 
 

This sdatabase scomprises s6 sbasic  semotions s(anger,  sboredom, sdisgust, sanxiety, shappiness sand 

ssadness) sas swell sas sneutral sspeech. sTen sprofessional snative sGerman sactors s(5 sfemale sand s5 smale) 

ssimulated sthese semotions, sproducing s10 sutterances s(5 sshort  sand s5 slonger ssentences), swhich scould  

sbe sused sin severyday scommunication sand  sare sinterpretable sin sall sapplied semotions. sThe srecorded 
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sspeech smaterial sof sabout  s800 ssentences swas sevaluated swith srespect  snaturalness sand 

srecognisability sin sa sforced-choice sautomated slistening stest  sby s20-30 sjudges. sAfter sselection, sthe 

sdatabase scontained sa ssum sof s494 ssentences s(286 svoiced sby swomen sand s208 sby smen). sThe 

ssentences swere snot  sequally sdistributed samong  sthe sa svariety sof semotional sstates: s64 shappy; s79 

sbored; s78 sneutral; s53 ssad; s127 sangry, s55 sfrightened; s38 sdisgusted. sAs swell sas sbeing sgrouped sfor 

sthe sclassification sof sthe s7 sdifferent  semotional sstates s(7EMOTIONS) sthe ssentences sin sthe 

sdatabase swere salso  sgrouped sin ssuch sa sway sas sto  smake sa sdistinction sbetween sthe sfollowing sgroups 

sof sstates: sActivation: s(anger, sdisgust, sfear, shappiness) s- s(boredom, ssadness) s- s(neutral); sEmotion: 

s(anger, sboredom, sdisgust, sfear, shappiness, ssadness) s- s(neutral); sEvaluation: s(anger, sboredom, 

sdisgust, sanxiety, ssadness) s- s(happiness) s- s(neutral). 

 

4.7 sFeatures sselection:- s 

Whereas sit  swould sappear, sintuitively,  sthat  sa slarge snumber sof sfeatures swould simprove sthe 

sdiscrimination scapabilities sof sa sclassification ssystem, sin sreality svarious sstudies shave sshown sthat 

sthis sis snot  salways strue. sBy sreducing sthe ssize sof sthe sclassification svector, sthe ssystem sis sprovided  

swith sa smore scompact  sand smore seasily sinterpretable sset  sof sdata, sthe sperformance sof sthe slearning 

salgorithm sis simproved  sand sthe sspeed sof sthe ssystem sincreased  s. sThe smain sfeature sselection 

smethods sare sdivided sinto  swrapper smethods sand sfilter smethods. sWrapper smethods sestablish sthe 

sset  sof scomponents sby sinteracting swith sthe sclassification salgorithm:  sthey sare smore saccurate sbut 

srequire smore scomputing stime. sFilter smethods sare sindependent  sas sthey sdo  snot  srequire sinteraction 

swith sthe sclassification salgorithm sand sare sthus sfaster. sWhen sthere sis sa slarge samount  sof straining  

sdata, sfilter smodels sare sa sgood schoice son saccount  sof stheir scomputational sefficiency sand stheir  

sindependence sof sthe slearning salgorithm. sOne smethod sused sto  seliminate sredundant  sand 

sinsignificant  scomponents sis sto  sidentify scomponents sthat  sare sclosely scorrelated s 
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 sFig s4.4 sA stypical sarchitecture sfor sa scombined sclassifier sor sa svoting sscheme 

 

with sa sclass sbut  snot  swith seach sother. sAnalysis scan sbe sin sthe sform sof sforward sselection, sstarting  

swith san sempty slist  sand sat  seach sstep sinserting sa snew sattribute suntil sthe sincrease sin sperformance  

sdrops sbelow sa spre-established sthreshold, sor sby sbackward selimination, sstarting sfrom sa svector 

scontaining sall sthe scomponents sand seliminating sthe sworst  sstep sby sstep. sThere sare salso  smore 

scomplicated ssearch smethods, sincluding sthe sbest  sfirst  smethod, swhich skeeps sa slist  sof sall sthe ssubsets 

sof scomponents sevaluated, sordered saccording sto  sperformance smeasures sin ssuch sa sway sthat sa 

sprevious sconfiguration scan sbe srevisited. sGenetic sAlgorithms sare sa ssearch smethod sbased son sthe 

sprinciple sof snatural sselection. sIn sthis spaper, sof sthe sfeature sselection stechniques sprovided sby 

sWEKA, swe sused sCFS sSubset  sEval. sThis salgorithm suses sas sa sfeature sassessor sCorrelation-based 

sFeature sSelection, swhich stries sto  srecognize sand sdiscard smechanism sthat  sare sclosely scorrelated 

swith sone sanother. sTo  sdetermine sthe sbest  ssubset  swe sused sa sbest-first  ssearch sstrategy sand sa 

sstratified s10 scross svalidation sprocedure. sWe sthus shad s10 sdifferent  ssets sof sselected sparameters. sA 

sparameter sx smay sbe sselected sfor sclassification sin sall s10 ssubsets, swhile sanother sparameter sy smay 

sbe sselected sfor sclassification sin sonly s9 sout  sof sthe s10 ssubsets, sa sfurther sfeatures sz smay sbe sselected 

sin sonly s1 sof sthe s10 ssubsets, sand sso  son. sConsidering  sthe sparameters sselected sfor sthe sa svariety sof 

ssubsets, swe screated san scombined  sof sparameters s“1-10”, swhich swill scontain sall sthe sparameters 

sselected sfor sclassification sin sat  sleast  sone sof sthe ssubsets, sthe saggregate s“2-10” swhich scontains sall 
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sthe sparameters sselected sfor sat  sleast  s2 sof sthe ssubsets, sand sso  son sup sto  sthe saggregate s“10” swhich 

scontains sonly sparameters sselected sfor sclassification sin sall sof sthe s10 ssubsets sconsidered. 

 

4.8 SFEATURES SDISCRETIZATION 
In ssome scases sthe scontinuous sdomain sof sthe scomponents sof sthe sfeature svector sselected sis 

sunsuitable sfor scertain sclassification salgorithms. sIn sorder sto  sfully sdevelop sthe sperformance sof 

sthese salgorithms sit  smay sbe ssuitable sto sdiscretize sthe scontinuous sdomain sof sthe svarious 

scomponents. sThere sare sunverified  sdiscretization smethods ssuch sas sequal-frequency sbinning, sand  

ssupervised smethods, ssuch sas sthe salgorithms sproposed sby sFayyad sand sIrani sand sKononenko. sIn 

sthis spaper sboth stechniques swere sused sto  sidentify sthe simprovement  sin sperformance sthat  scan sbe 

sobtained swhen sclassifying semotional sstates. 

 

4.9 SFEATURES SNORMALIZATION 
 

Starting  sfrom sthe soriginal sdata, snew sattributes scan sbe sobtained  sso  sas sto  spresent  sthe sdata sin sa sform 

sthat  sis smore sappropriate sfor sthe slearning sscheme sused. sOne stechnique sfrequently sused sfor sthis 

sreason sis sdata snormalization. sThe smost  scommonly sused sdata snormalization stechniques sare sthose 

swhich stry sto sensure sthat  sall sthe scomponents sfall swithin sa spredefined srange. sIn sthis swork swe sused 

sthe smin-max sand sz sscore stechniques. s 

 

4.10 sEmotional sTraining sSet 

Survey sthe screative swriting, sit  sbecomes sevident  sthat  semotion sdetection sin sspeech sis smostly 

sassessed susing sdigital ssources sthat  sare sdatasets srather sthan sdatabases. sDatasets sare ssmall sscale 

collections sof smaterial screated sto sfocus son sa sspecific sresearch sand smost  simportantly sthey sare snot 

swidely savailable. sCollections sthat  sare savailable sto  sthe scommunity stend sto  sfull sfill srequirements 

srelated sto  svalidity sand sgeneralization sand, stherefore, sthe sterm s“database” sis sthe 

most  sappropriate sfor sthem. sGenerally, sit  sis sextremely sdifficult  sto  sproduce sa sdatabase srepresenting  

sthe snatural sspeech sof sa sman sor sa swoman sin scompletely snatural sconversation. sMany sexamples sof 

shumans stalking  sexist, sbut  svery sfew sof sthem sillustrate sspeech sin sa snatural senvironment. sIn sthe 

slatter scase, ssome sdatabases suse scorpora s(i.e. slarge scollections) sof sspontaneous sspeech, susually 

sconsisting sof sclips sfrom slive stelevision, sradio  sprograms sor scall scenters, swith snatural sspeech 

srecorded sin sreal-world ssituations. sOn sthe sother shand, ssuch sdatabases sare snot  sdistributed seasily,  

ssince stheir sassessment  sand sprocessing scould sraise sserious sethical sor scopyright  sissues. 
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Thus, sin smost  scases, sspeech sdatabases/datasets suse sacted sspeech, ssince sthe seasiest  sway sto  scollect  

semotional sspeech sis sto  shave sactors ssimulate sit. sHowever, ssome squestions sare sraised srelated sto  sthe 

snaturalness sof sthe soutcome. sThere sare smany sreasons sto  ssuspect  sthat  sthere sare ssignificant 

sdifferences sbetween sacted sand sspontaneous sspeech. sActors soften ssimply sread sthe sutterances sor 

sthe spassages, sfailing sto  swhole sheartedly sparticipate sin stheir srole. sThis scould seasily slead sto sthe 

srecoding sof sinaccurate scharacteristics sin sthe sspeech ssignals. sMoreover, sactors smay snot  scapture 

sthe soriginal scontext-related sreal-world semotions sor sexaggerate sin stheir sacting, smaking semotion 

srecognition sin sacted sspeech seasier sthan sin sspontaneous. sIt  sshould sbe snoted sthat  sthere sare 

snumerous ssmaller sexperimental sdatasets, swhich sare snot  spublicly savailable. sAs smentioned sabove, 

scapturing sa sfaithful,  sdetailed srecord sof shuman semotion, sas sit  sappears sin sreal slife, sis san sincredibly 

schallenging stask. sspeech. sThe sassembly sof sdatabases s(or sdatasets) shas snot  straditionally sbeen 

sconsidered sa shigh-profile sor sintellectually schallenging sarea. sFocus sis sexplicitly splaced sin sgood 

squality srecording sand  slarge ssamples sthat  susually scontain shigh sarousal semotions s(e.g. sanger, 

ssadness), swhile sreal shuman semotions sare sleft  srelatively soff-focus. s 

 
FIFIG  

4.11 sEmotion srecognition salgorithm 

 

4.11.1 sSupport sVector sMachine s(SVM) s 
The sSVM sis sa shigh sdimensional svector ssupervised  slearning smethod sthat  sis sbased  son semotion 

sassumptions. sIt  spredicts sthat  sthe spresence s(or sabsence) sof sa sspecified sfeature sof sa sclass sis snot 

srelated sto sthe spresence s(or sabsence) sof sall sother sfeatures. sIt  sis svery ssimple sto  sprogram sand sexecute 

sit, sits sparameters sare ssimple sto  sassume, seven son svery slarge sdatabases slearning sor straining sis svery 

sfast  sand seffective sand sits saccuracy sis srelatively sbetter sin scomparison sto sthe sother stechniques. sThe 

semotion srecognition sprocess salong swith straining sand  stesting sphases. 

In sdeveloped  sspeech semotion srecognition salgorithm,  sfeatures sare sextracted susing  sa sstate-of-art 

scomputational sauditory smodel. sExtracted sfeatures sare sclassified susing sa sgenerated sbinary stree sas 

sgiven sin sthe sfigure. sIn seach sbranch, saudio  ssamples sare sclassified sinto  stwo  ssegments. 

sSegmentation sis simplemented susing sprincipal scomponent  sanalysis. sIn ssegmentation salgorithm,  

saudio  ssamples sfirst  sprojected, sthen stheir sdistance sto  stest  ssample sis smeasured susing  sEuclidean 

sdistance. sUsed scomputational sauditory smodel sgenerated stotal sof s286 smodulation sfiltered ssignals.  

sFrom seach smodulation sfiltered ssignal, s2 sfeatures sare sextracted swhich sare ssignal’s smean sand  

ssignal’s sstandard sdeviation. sWhen stwo  sfeatures sare sfused, stotal slength sof sthe sfeature svector 

sbecomes s572. sAt  sfirst, sextracted sfeature svector ssize sis sreduced susing scomponent  sanalysis. sSVM 

sis sa sbinary sclassification salgorithm swhich sseparates sthe sdata sfinding sa shyperplane sthat  smaximizes 
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smargins. sIn sthis ssection, sgiven sbinary stree sis sapplied swith sSVM sin. sBinary stree sgiven sin sfigure s4.1 

sis sprocess sby ssix sdifferent  sSVM’s. sEach sSVM sis strained sseparately. sSVM skernels swere sset  sas 

slinear skernel. sFirst  sbranch sis sthe sclassification sof sexcited sand snon-excited semotions. sTable sresults 

sare sderived swith sleave-one-out  smethod son sBerlin sSpeech sEmotion sTest. sIn stable s4.8 

ssegmentation sresults sof sexcited, snon-excited semotions sis sprovided. sClassification swith sSVM shas 

sa shigher ssuccess srate swith s97.16%. sSecond sbranch sis ssegmentation sof sneutral sand ssad sboredom 

semotions. sIn stable s4.9, ssuccess srate sof sneutral, ssad-boredom sis sgiven. sThird sbranch sis sthe 

ssegmentation sof ssad sand sboredom semotions. sRates sare sgiven sin stable s4.10. sSegmentation sof 

sexcited semotions sis sprocessed sin stwo slevels. sFirst  ssegmentation sis shappy-anger sand  sfear-disgust. 

sResults sare sgiven sin stable s4.11. sSuccess srate sof sfear-disgust  sis sgiven sin stable s4.13. sFinal sbranch sis 

sthe ssegmentation sof shappy sand sanger semotions. sClassification srate sis sgiven sin stable s4.12 swhich sis 

sequal sto  s87%. sCompared swith sother salgorithms, ssegmentation s.These sresults shave sshown sthat, 

sSVM sprovides shigher sclassification saccuracy. sIn saddition sto  sthat  sfeatures sextracted sfrom 

sauditory smodel sare sdiscriminant  sto  ssegment  shappy sand  sanger sthan sextracted sshort  stime sspectral 

sfeatures. i3SVM s .ii3are s .ii3also  s .ii3called s .ii3as s .ii3maximum s .ii3margin s .ii3classifiers. s .ii3Firstly, s .ii3the s .ii3SVM s .ii3theory s .ii3is 

s .ii3used s .ii3to  s .ii3solve s .ii3binary s .ii3classification s .ii3problems s .ii3, s .ii3rendering s .ii3SVM s .ii3ideal s .ii3for s .ii3the s .ii3case s .ii3under 

s .ii3consideration, s .ii3hence s .ii3we s .ii3apply s .ii3a s .ii3psychologically-inspired  s .ii3binary s .ii3cascade s .ii3classification 

s .ii3schema s .ii3for s .ii3identifying s .ii3or s .ii3to  s .ii3make s .ii3a s .ii3classifier s ii3. s .ii3In s .ii3this s .ii3we s .ii3use s .ii3two  s .ii3different  s .ii3kernels. 

 s .ii3Let  s .ii3gi s.ii3be s .ii3the s .ii3ith s .ii3training s .ii3vector. 

1. s .ii3Gaussian s .ii3radial s .ii3basis s .ii3function s .ii3kernel: 

 sTSVM s(gi s .i3, s .ii3gj s .ii3) s .ii3= s .ii3ex_((−_vi s .ii3− s .ii3vj)^2)/σ2 s .ii3 s e s 

 s .ii3where s .ii3σ s.ii3is s .ii3a s .ii3scaling s .ii3factor; s .ii3and 

2. s .ii3Linear s .ii(Homogeneous): 

 sTSVM s(vi s i3, s .ii3vj s .ii3) s .ii3= s .ii3v s .ii3Si s .ii3vj 

For s .ii3various s .ii3S s.ii3values, s .ii3for s .ii3male s .ii3subjects, s .ii3female s .ii3subjects, s .ii3and s .ii3both s .ii3genders. 

SVM s .ii3with s .ii3Gaussian s .ii3radial s .ii3basis s .ii3function s .ii3kernel s .ii3are s .ii3tested s .ii3for s .ii3various s .ii3σ s.ii3values s .ii3with s .ii3σ s.ii3∈ s .ii3(0, 

s.ii310], s ii3The s .ii3best  s .ii3performance s .ii3is s .ii3obtained s .ii3for s .ii3σ s.ii3= s .ii31. s .ii3For s .ii3the s .ii3case s .ii3of s .ii3SVM s .ii3with s .ii3Gaussian s .ii3radial 

s .ii3basis s .ii3function s .ii3kernel s .ii3the s .ii3two  s .ii3genders s .ii3exhibit  s .ii3the s .ii3same s .ii3pattern: s .ii3emotion s .ii3recognition s .ii3accuracy 

s .ii3reaches s .ii3at  s .ii3a s .ii3fast  s .ii3rate s .ii3its s .ii3maximum s .ii3for s .ii3σ s.ii3= s .ii31, s .ii3 

 

Classification Happiness Neutral Boredom Sadness Anger 

 

Happiness 99.7 0 0 0 1.7 

Neutral 2.9 90.5 1.5 0 0 

Boredom 0 9.5 91.0 11.4 0 
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Sadness 0 0 6.0 88.6 0 

Anger 

 

4.5 0 0 0 90.1 

 

Table2. sConfusion smatrix s(%) sfor sthe sSVM swith sGaussian sradial s.basis sfunction s.ii3kernel 

s(σ3=1) 

 

Classification Happiness Neutral Boredom Sadness Anger 

 

Happiness 92.6 6 0 0 1.6 

Neutral 0 98.9 1.3 0 0 

Boredom 0 1.1 88.5 11.5 0 

Sadness 0 0 8.9 88.5 0.8 

Anger 

 

1.6 0 0 0 87.7 

 s .ii3 
 

Table s .i3. s .iiConfusion s .ii3matrix s .ii(%) s .ii3for s .ii3the s .ii3linear s .ii3SVM 

 

 

Speaker-independent  s .ii3emotion s .ii3recognition s .ii3accuracy s .ii3of s .ii3SVM s .ii3with s .ii3Gaussian s .ii3radial s .ii3basis 

s .ii3function s .ii3kernel s .ii3for s .ii3various s .ii3σ s.ii3values, s .ii3for s .ii3male s .ii3subjects, s .ii3female s .ii3subjects, s .ii3and s .ii3both s .ii3genders 

s .ii3whereas s .ii3it  s .ii3decreases s .ii3strictly s .ii3at  s .ii3a s .ii3slower s .ii3rate s .ii3for s .ii3greater s .ii3σ s.ii3values. s .ii3The s .ii3confusion s .ii3matrix s .ii3for s .ii3σ 

s.ii3= s .ii31 s .ii3is s .ii3exhibited s .ii3in s .ii3Table s .ii32 s .ii3and s .ii3the s .ii3related s .ii3accuracy s .ii3equals s .ii392.4%. s .ii3Male s .ii3emotion s .ii3recognition 

s .ii3accuracy s .ii3is s .ii3consistently s .ii3greater s .ii3than s .ii3female s .ii3emotion s .ii3recognition, s .ii3with s .ii3exception s .ii3of s .ii3extreme 

s .ii3low s .ii3and s .ii3high s .ii3σ s.ii3values. s .ii3The s .ii3lower s .ii3bound s .ii3accuracy s .ii3presented s .ii3by s .ii3SVM s .ii3with s .ii3Gaussian s .ii3radial 

s .ii3basis s .ii3function s .ii3kernel s .ii3is s .ii350.7% s .ii3and s .ii3can s .ii3be s .ii3attributed s .ii3to  s .ii3poor s .ii3parametrization. s .ii3Linear s .ii3SVM 

s .ii3has s .ii3the s .ii3advantage s .ii3of s .ii3no  s .ii3need s .ii3for s .ii3parametrization s .ii3. s .ii3The s .ii3corresponding s .ii3confusion s .ii3matrix s .ii3is 

s .ii3sketched s .ii3in s .ii3Table s .ii33. s .ii3It  s .ii3achieves s .ii3an s .ii3emotion s .ii3recognition s .ii3accuracy s .ii3equal s .ii3to  s .ii395.5%. s .i 

 

 

 

 

 

 

 

Chapter s5 

Simulation sResults sand sDiscussion 

5.1 sEmotion srecognition sbased son sspeech sanalysis: 
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The sintroduction sto  sthe stheory scontains sa sreview sof semotion sinventories sused sin svarious sstudies 

sof semotion srecognition sas swell sas sthe sspeech scorpora sapplied, smethods sof sspeech 

sparameterization, sand sthe smost  scommonly semployed sclassification salgorithms. sIn sthe scurrent 

sstudy sthe sEMO-DB sspeech scorpus sand sthree sselected sclassifiers, sthe sk-Nearest  sNeighbour s(k-

NN), sthe sArtificial sNeural sNetwork s(ANN) sand sSupport  sVector sMachines s(SVMs), swere sused sin 

sexperiments. sSVMs sturned sout  sto sprovide sthe sbest  sclassification saccuracy sof s75.44% sin sthe 

sspeaker sdependent  smode, sthat  sis, swhen sspeech ssamples sfrom sthe ssame sspeaker swere sincluded sin 

sthe straining scorpus. sVarious sspeaker sdependent  sand sspeaker sindependent  sconfigurations swere 

sanalyzed sand scompared. sEmotion srecognition sin sspeaker sdependent  sconditions susually syielded  

shigher saccuracy sresults sthan sa ssimilar sbut  sspeaker sindependent  sconfiguration. sThe simprovement  

swas sespecially swell sobserved sif sthe sbase srecognition sratio  sof sa sgiven sspeaker swas slow. sHappiness 

sand sanger, sas swell sas sboredom sand sneutrality, sproved sto sbe sthe spairs sof semotions smost  soften 

sconfused. 

 

5.2 sResults sof sexperiments: 

Results sfor sall sthree sclassifiers swere sevaluated sbased son sthe smean sclassification saccuracy, sboth 

sfor sthe swhole scorpus sand sfor seach sspeaker sindependently. sThe sbest  sresult  sin sthe sSIF 

sconfiguration swas s68.7% sand swas sachieved swith sthe sSVM sclassifier. sThe sother stwo  sclassifiers 

syielded sworse sresults: s63.22% sand s56% sfor sthe sk-NN sand sANN, srespectively. 

With sregard sto sthe sSI-i sand  sSD-i sconfigurations, sthe sresults swill sbe sdescribed sseparately sfor seach 

sof sthe sclassifiers. sConfusion smatrices sfor sthe sclasses sbeing srecognized swill sbe spresented sand 

sanalyzed stoo. s 
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Table4. sClassification sevaluation sfor svarious svalues sof sγ s(in srows) sand sC s(in scolumns) sfor 

sthe sSVM sclassifier s(values sin spercentages). sResults sfor sthe sconfiguration sselected sas 

soptimal sare sprinted sin sbold. 

 

 

Fig s5.1 sEmotion sclassification serror sfor svarious sk sfor sthe sk-NN sclassifier, sfor sspeaker 

sdependent sand sspeaker sindependent sconfigurations. 

 sThe sfollowing  ssection sthe sresults swill sbe ssummarized, sdiscussed, sand  scompared swith sother 

sstudies. 

 s5.3 sk-NN salgorithm 

 sThe stotal sresults sfor sthe sk-NN sclassifier sare sshown sin sTable s5. sIt  scan sbe sobserved sthat  sfor si s< s5 sthe 

sclassification saccuracy sfor sthe sSD-I sconfigurations sis s1–2 spercentage spoints s(p.p.) shigher sthan 
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sfor sthe sspeaker sindependent  sconfiguration, swhile sthe sperformances sfor si s= s5and si s= s6are salmost 

sequal s(within sthe sconfidence slevel sof sthe stest). sThe simpact  sof sadding sspeaker ssamples sto  sthe 

straining sset  swas shighly sdependent  son sthe sevaluated sspeaker. sThe sgeneral strend swas sthat  sspeakers 

swho  swere sclassified swith shigh sresults sin sSI- sdid snot  simprove stheir sresults sin sthe sSD-i 

sconfiguration, sor seven sshowed sa sslight  sdrop. sOn sthe sother shand, sspeakers swith slow sresults sin sSI-i 

s(e.g., sspeakers s#11 sand s#16) sperformed smuch sbetter swhen stheir  ssamples swere spresent  sin sthe 

straining sset. sThe sgain sfor sSD-i sreached sover s9 sp.p. sin ssome scases. sit  scan sbe sseen sthat  sthe saverage 

sclassification sperformance sfor seach sspeaker shas sonly sa ssmall svariation. sThe shighest  sdifferences 

sare sfor si s= s4, s5, s6, swhere sthe svariation sof saverage sclassification saccuracy sis scaused sby. 

 

 
 

Table5. sClassification sresults s(in spercentages) sfor svarious snumbers sof sspeaker ssamples s(i) 

sin sthe straining sset sfor sthe sk-NN sclassifier. 

 

 

 s 
Fig s5.2 sEmotion sclassification serror sfor svarious sconfigurations sfor sthe sk-NN sclassifier 

 

The selimination sof sspeakers sfrom sthe stest  sset. sThe sincrease sfor si s= s5 sis scaused sby sthe selimination 

sof sthe spoorly sclassified sspeaker s#16. sThe sdecrease sfor si s= s6, son sthe sother shand, sis scaused sby sthe 

selimination sof sspeaker s#8, swhose sclassification serror swas svery slow. sThe sconfusion smatrix sshown 

sin sTable s5 spresents sa shigh srate sof smisclassification sbetween shappiness sand  sanger, sequal sto  sabout 
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s50%, sfor sboth sSI sand sSD sconfigurations. sWe sbelieve sthat  sthe sreason sfor sthis sis sthat  sboth semotions 

sare scharacterized sby shigh sarousal sand  sare stherefore sdifficult  sto  sdistinguish. sFurther sinvestigation 

sof sthe sresults sfor seach sspeaker sin sSI-1 srevealed sthat  sfive sout  sof snine sspeakers sdid snot  shave seven 

sone scorrectly sclassified  ssample sof shappiness. 

 
 

Table6. sConfusion smatrices sfor sthe sSI-1 s(upper) sand sSD-1 s(lower) sconfigurations sfor sk-NN 

s(in spercentages sof srecognitions). sThe sdiagonals sshow sthe spercentages sof scorrectly  

srecognized semotions. 

 

 
 sFig s5.3 sEmotion sclassification serror sfor svarious sconfigurations sfor sthe sANN sclassifier. 

 

The sresults sof sthe sother sfour sshowed sthat  s20% sof sanswers swere scorrect. sIn scontrast, sthe ssituation 

sof sclassifying sanger  sas shappiness swas svery srare. sIt  sis ssupposed sthat  sin sthe sk-NN sclassifier sanger  

swas srepresented sby sa sset  sof svectors s(potential s“neighbours”) snot  saccompanied  sby srepresentatives 

sof shappiness, swhilst  shappiness swas soften saccompanied  sby srepresentatives sof sanger. sIt  sis 

snoticeable, showever, sthat  sthe srecognition sof shappiness sincreased sfrom s19.42% sto  s25.19% swhen 
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sswitching  sto  sthe sspeaker sdependent  sconfiguration, swhich sprobably scaused  san sincrease sin sthe 

s“distinct” srepresentatives sof shappiness. 

 

5.4 sSVM salgorithm 

As sshown sin sTable s7, sfor si s= s1, s. s. s. s, s4 sthe srecognition saccuracy sof sthe sSVM sclassifier svariates sat 

sthe slevel sof s69% sfor sSI-i sand s72% sfor sSD-i. sThese sresults sare ssignificantly sbetter sthan sthose sfor 

sthe sk-NN sand sANN. sSimilarly sto  sthe sprevious sclassifiers, sthe sspeaker sdependent  sconfiguration 

simproves sthe srecognition saccuracy sby sca. s3 sp.p. sFor si s= s5, s6 sthe sincrease sis sonly sminor. sFigure 

sshows sthe sresults sof semotion srecognition sfor sthe smost  scharacteristic sspeakers. sThe shighest  sgain 

swas sagain sobserved sfor sspeaker s#16, sfor swhom sit  sreached s21 sp.p. sin sthe scase sof si s= s4. sSpeaker s#15 

salso  syielded  sa sremarkable simprovement. sFor sthe sother sspeakers sthe sSD sconfiguration sdid snot 

simprove sthe sresults smuch. 

 
Table7. sConfusion smatrices sfor sthe sSI-1 s(upper) sand sSD-1 s(lower) sconfigurations sfor sthe 

sANN s(in spercentages sof srecognitions). sThe sdiagonals sshow sthe spercentages sof scorrectly  

srecognized semotions. 
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Fig s5.4: sEmotion sclassification serror sfor svarious sconfigurations sfor sthe sSVM sclassifier. 

 

Table sshows sconfusion smatrices sfor sthe sSVM sin sconfigurations sSI-1 sand sSD-1. sThe shigh 

srecognition srate sof ssadness scompared sto  sthe sother semotions sis snoticeable. sThis sis sthe smost  swell 

srecognized semotion sand sthe sone sthat  sis sleast  sfrequently smisclassified sas sother semotions. sThe 

srecognition sof shappiness simproved sfurther. sFear sand sboredom sare ssometimes sconfused swith 

sneutral semotion, sin sboth sconfigurations. sFor sexample, sin sthe scase sof sspeaker s#3, swhose sneutral 

semotion swas srecognized swith sa s100% ssuccess srate, s61% sof ssamples sof sboredom swere sclassified  

sas sneutral. sOn sthe sother shand, sfor sspeaker s#10, swhose sboredom swas srecognized  swith sa s78% 

scorrect-classification srate, s51% sof ssamples sof sneutral semotion swere srecognized sas sboredom. 
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Table8. sConfusion smatrices sfor sthe sSI-1 s(upper) sand sSD-1 s(lower) sconfigurations sfor sthe 

sSVM s(in spercentages sof srecognitions). sThe sdiagonals sshow sthe spercentages sof scorrectly  

srecognized semotions. 

 

 

5.5 SDISCUSSION SOF SRESULTS 

All sthe stested sclassification smethods syielded  sclassification saccuracies sbetween s64% sand s75%. sIt 

sis sworth sremembering sthat  sin sthe scase sof ssix sclasses sthe schoice slevel sis s1/6 s= s16.67%, sso  sthe 

saccuracy sresults sare sfar sabove sthis slevel.  sThey sare salso  shigher sthan sthe sestimated slevel sof shuman 

sperformance  sin sspeaker sindependent  sconditions s(60%). 

 

With sregard sto sthe scomparison sbetween sspeaker sdependent  sand sspeaker sindependent  sconditions, 

sshows sthat  sin salmost  sall sconfigurations sthe sspeaker sdependent  sconfiguration simproved  

srecognition; showever, sthis sincrease swas sminor sfor sthe sk-NN sclassifier. sThe shigher simprovement 

swas sobserved sfor sspeakers swho  swere soriginally spoorly srecognized s(e.g., sspeaker s#16). sThe sbest  

srecognition sresults swere sachieved sby sthe sSVM, sfollowed sby sthe sANN sand sk-NN sclassifiers. 

 

The sk-NN sclassifier shad sthe sworst  shappiness srecognition, si.e., s0% sfor sfive sout  sof snine sspeakers.  

sSpeaker sdependent  srecognition shad sa ssmall sinfluence son sthe srecognition srate smostly sdue sto  sthe 

sspecificity sof sthe sk-NN salgorithm: sfor scomplex sproblems sit  srequires sa shigh svalue sof sk s(the 

snumber sof sneighbours, sin sthis scase sk s= s40). sThe saddition sof sone sto  ssix ssamples sto  sthe straining  sset 
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shad sonly sa sslight  sinfluence son sthe sdecision sborder, scompared swith sthe snumber sof s40. sOnly 

sspeakers s#15 sand s#16 syielded sbetter sresults sin sSD-i, swhich sinfluenced sthe soverall sresult. 

The sSVM sclassifier shad sthe sbest  soverall srecognition srate sof s75.44% sand sthe sbest  sperformance sin 

sthe sSD-5 sconfiguration, swith sa sclassification serror sbelow s25%. sEmotion srecognition swas sat  sa 

sdifferent  slevel sfor seach sspeaker, swhich splaces sthis sclassifier  sbetween sthe sdistributions sachieved  

sby sthe sk-NN sand sANN. 

A ssomewhat  sstrange sbehaviour sof sthe stested sclassifiers sfor si s> s4 swas scaused sby sdeficiencies sof sthe 

scorpus sused: sEMO-DB sunfortunately sdid snot  scontain senough ssamples sto  sobtain sa srepresentative  

straining sand stesting sset  sof sspeakers sand stheir semotional srecordings. sTherefore sthe sresults sfor si s< s5 

sshould sbe streated sas smore sreliable. sAll sclassifiers sshowed sthe spresence sof spairs sof semotions 

swhich swere soften sconfused, sfor sexample, sanger sand shappiness, sboredom sand sneutrality s.We 

sbelieve  sthat  sthis swas scaused  sby shigh sclass sinfiltration, sthat  sis, sthere swas sno  sdimension sthat  scould  

sdistinguish sbetween sthese semotions. s 

 

Fig s5.5 sComparison sof sspeaker sindependent sand sspeaker sdependent sconfigurations sfor sall 

sthree sclassifiers stested. 
 

SVM sconsisted sof smany sone-versus-one sclassifiers, seach sdistinguishing sbetween sa spair sof 

semotions. sFor sthe shappiness–anger spair sthe straining serror swas sthe shighest. sBoth sthese semotions 

sshow shigh sarousal sand  sare stherefore soften sconfused. sThe sdiffer sas sfor svalence s(positive svs.  
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snegative); showever, sthis sfeature sis smuch smore sdifficult  sto  sbe scaptured susing  sspeech ssignal 

sparameters. sWe sthink sthat  sreplacing ssome sof sthe scurrently sused  sspeech sparameters swith snovel 

sones s(e.g., sTEO sbased) scould spossibly simprove. 

5.6 sEmotion sClassification: 

 s .ii3In s .ii3this s .ii3project  s .ii3we s .ii3recognise s .ii3the s .ii3mood s.ii3of s .ii3a s .ii3user s .ii3through s .ii3their s .ii3voice s .ii3on s .ii3the s .ii3basis s .ii3of s .ii3their  

s .ii3mood s .ii3and s .ii3classify s .ii3into  s .ii3classifier. 

5.6.1 sAnger semotion s: s 

Anger srequires shigh senergy sto  sbe sexpressed. sDefinition smeaning  sof sthe sanger sis ssimple  sextreme 

sdispleasure. sIn scase sof sanger, saggression sincreases sin swhich scontrol sparameter sweakens. sAnger  

sis sstated sto  shave sthe shighest  senergy sand spitch slevel swhen scompared swith sthe semotions sdisgust, 

sfear, sjoy sand ssadness. sThe swidest  sobserved spitch srange sand shighest  sobserved srate sof spitch 

schange sare sother sfindings sabout  sthe semotion slabel sanger swhen scompared swith sother semotions.  

sBesides sa sfaster sspeech srate sis sobserved sin sangry sspeeches. 

 
 sFig s .ii35.6.ii3Anger s .ii3Emotion 

The swidest  sobserved spitch srange sand  shighest  sobserved  srate sof spitch schange sare sother sfindings 

sabout  sthe semotion slabel sanger swhen scompared swith sother semotions. sBesides sa sfaster sspeech srate 

sis sobserved sin sangry sspeeches. 

5.6.2 sFear semotion: s 
 sIn semotional sdimension, sfear  shas ssimilar sfeatures sto sanger. sHigh spitch slevel sand sraised  sintensity 

slevel sare scorrelated swith sfear. sIt  sis sstated sthat  sfear shas sa swide spitch srange. sHighest  sspeech srate sis 

sobserved  sin sfear sspeeches. sThe spitch scontour strend sseparates sfear sfrom sjoy. sAlthough sthe spitch 

scontour sof sfear sresembles sthe ssadness shaving san salmost  sdownwards sslope, semotion sof sjoy shave sa 

srising sslope. 
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 s .ii3Fig s .ii35.7 s .ii3Fear s .ii3Emotion 

5.6.3 sDisgust semotion: s 

Fig s .ii35.8 

s .ii3Disgust s .ii3Emotion 

In, slow smean spitch slevel, sa slow sintensity slevel, sand sa sslower sspeech srate sis sobserved swhen  

sdisgust  sis scompared swith sthe sneutral sstate. sDisgust  sis sstated sthe slowest  sobserved sspeech srate sand  

sincreased spause slength. 

5.6.4 sHappiness semotion: s 

Happiness sexhibit  sa spattern swith sa shigh sactivation senergy,  sand spositive svalence. sStrength sof sthe 

shappiness semotion smay svary. sIn sthe semotional sstate shappiness sor sjoy, spitch smean, srange sand  

svariance  sincreases. sIn, sit  sis sstated sthat  sfundamental sand  sformant  sfrequencies sincreases sin scase sof 

ssmile. sMoreover, samplitude sand sduration salso  sincrease sfor ssome sspeakers. s 
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 sFig s .ii35.9.ii3Happiness s .ii3Emotion 

5.6.5 sSADNESS sEMOTION: s 

In semotional sdimension, ssadness srequires svery slow senergy. sIn saddition, svalence  sdegree sis 

snegative. sSadness sexhibits sa spattern sthat  sis snormal sor slower sthan snormal saverage spitch, sa snarrow 

spitch srange sand sslow stempo. sSpeech srate sof sa ssad sperson sis slower sthan sthe sneutral sone. 

 
 s 
 sFig5.10- sSadness sEmotion 

 

5.6.6 sBOREDOM  sEMOTION: sBoredom sis sa snegative semotion swith snegative svalence sand 

slow sactivation slevel ssame sas ssad. sA slowered smean spitch sand sa snarrow spitch srange swith sa sslow 

sspeech srate sare sdefined sas sthe sproperties sof sa sbored sexpression. 
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 s 
 sFig s5.11 sBoredom semotion 
 
 

I i sNeutral semotion: 
 

 

fi  

fi  

 s 3 sFig s5.12 sNeutral sEmotion 
 

 

Emotion 

s .ii3classifica

tion s .ii3of 

s .ii3speech 

s .ii3signal 

Sample Mean Standar

d 

s .ii3deviatio

n 

Min Max Range Emotion Accurac

y 

08a02fe 204.53

79 

44.9043 77.7242 291.968

3 

293.578

1 

Happine

ss 

Yes 

08b01l 187.54 42.8591 78.7224 290.567 215.447 Happine Yes 
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b 97 7 8 ss 

02b09a

b 

213.54

82 

35.5316 102.428

2 

293.578

1 

191.391

9 

Fear Yes 

100a51

d 

106.47

24 

18.9341 66.2311 165.972

0 

165.972

0 

Disgust No 

16a07e

a 

212.71

39 

33.5930 14.9649 311.624

8 

206.660

8 

Disgust Yes 

03b01l

b 

113.59

12 

35.5358 66.5358 470.588

2 

403.779 Boredam Yes 

13a027

a 

132.64

33 

31.4061 80.8352 214.849

4 

134.014

2 

sadness Yes 

11a05N

a 

109.05

24 

14.5833 52.4239 179.400

7 

126.916

8 

Neutral Yes 

03a04w

c 

227.92

00 

48.6458 77.5875 300.113

3 

222.525

9 

Anger Yes 

 s 
 sTable-8 sEmotion s .ii3Classification 

On s .ii3the s .ii3basis s .ii3of s .ii3table s .ii38 s .i3we s .ii3can s .ii3easily s .ii3see s .ii3that  s .ii3the s .ii3recognition s .ii3ratio  s .ii3is s .ii395% s .ii3on s .ii3the s .ii3basis s .ii3of s .ii3the 

s .ii3data s .ii3set  s .ii3and s .iion s .ii3the s .ii3basis s .ii3of s .ii3classifier. s .ii3Hence, s .ii3recognition s .ii3accuracy s .ii3is s .ii3more s .ii3as s .ii3comparison s .ii3to 

s .ii3other s .ii3algorithm. 
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CONCULSION sAND sFUTURE sSCOPE 

 

6.1 sConclusions: s 
 
As stechnology sevolves, sinterest  sin shuman slike smachines sincreases. sTechnological sdevices sare 

sspreading sand suser ssatisfaction sincreases simportance. sA snatural sinterface swhich sresponds 

saccording sto  suser sneeds shas sbecome spossible swith saffective scomputing. sThe skey sissue sof 

saffective scomputing sis semotions. sAny sresearch swhich sis srelated swith sdetection, srecognition sor 

sgenerating san semotion sis saffective scomputing. sUser ssatisfaction sor sun-satisfaction scould sbe 

sdetected swith sany semotion srecognition ssystem. sBesides sdetection sof suser ssatisfaction, ssuch 

ssystems scould sbe sused sto sdetect sanger sor sfrustration. sIn ssuch scases, suser scould sbe srestrained slike 

sdriving sa scar. sIn semotion sdetection stasks, sspeech sor sface semotion sdetections sare sthe smost  spopular  

sones. sEasy saccess sto  sface sor sspeech sdata smade sthem svery spopular. sSpeech scarries sa srich sset  sof 

sdata. sIn shuman sto  shuman scommunication, svia sspeech sinformation sis sconveyed. sAcoustic spart  sof 

sspeech scarries simportant  sinfo  sabout  semotions. sIn sthis swork, shuman sspeech semotion sprocess sis 

stried  sto  sbe ssimulated. sMore simportantly, sto  stest  shuman sspeech semotion sperformance  susing sonly 

sacoustic spart, slistening stest  sis sconstituted swith sGerman sspeeches son slistener swho  sdo  snot  sknow 

sany sGerman. sTherefore, sextracted sresults sprovide sa scomparison sbetween ssubjective sand 

sautomatic  sspeech semotion srecognition stask. sComputational sauditory smodel sis sused sto  sgenerate sa 

sfeature sset. sTo  sconvert  sauditory smodel soutput  sto  sfeature sset, ssimple stransformation smethods ssuch 

sas smean sand sstandard sdeviation sis sused. sExtracted sfeatures sare sclassified sinto s7 sdiscrete semotions 

susing sclassification salgorithms. sMFCC sare sused sfor sthe sfeature sextraction. sAlgorithm swith sthe 

sSVM’s soverall sperformance sis stested. sFinally sresults sfor sdifferent  scombination sof sthe sfeatures 

sand son sdifferent  sdatabases sare scompared sand swe sget  sSVM srecognition saccuracy sis smore sthan 

sother salgorithm.  sAccuracy sobtained sfrom sSVM sis s95% sbasis sof sdata sset. s 

6.2 sFuture sScope: 

In sfuture swork, sperformance  sof sthe sgenerated salgorithm scould sbe simproved. sIn sfeature 

sextraction spart, sextracted sfeatures sfrom sauditory smodel smay sbe senhanced. sInstead sof susing  

smean sand sstandard sdeviation, smore scomplex smethods scould sbe sused sto  sextract  sfeatures sfrom 

sauditory smodel soutput. sBesides, smodulated ssignals sare snot  sthe sonly soutput  sgenerated sby 

sauditory smodel. sHuman sauditory ssystem stransmit  sto  sthe sbrain, sphase sinformation sof sthe sfirst  

sthree sauditory sfilterbank soutput. sResults shave sshown sthat  swhen sleave sspeech ssample sout  

smethod sis simplemented, shighest  saccuracy srates sare sobtained sfor sall sthree sdatabases swhen 

scompared swith sspeaker sdependent  sand sindependent  scases. sIn sleave sone sspeech ssample sout 



 
 

50 

 

smethod, sall sspeakers sare sincluded sin sthe straining spart. sThis sshows sthat, sthere sis shyperplane  

swhich scan sclassify sall sseven semotions. sSVM sselects sthe shyperplane sfrom smany schoices swhich 

smaximizes sthe smargins. sSince sin sspeaker sindependent  scase, snumber  sof straining  ssamples sis slow, 

sSVM sselects sthe shyperplane saccordingly.  sOn sthe sother shand, swhen sleave sone sspeech ssample sout  

smethod sis simplemented, sgenerated shyperplane salso  ssegments sthe straining ssamples sin sspeaker  

sindependent  scase. sTo  sovercome  sthis sissue, sand  sto  sgeneralize  salgorithm sinto  sspeaker sor slanguage 

sindependence, sa snormalization sin sfeatures scould sbe ssearched. sBesides, sgenerated salgorithm 

scould sbe stested swith snoisy sdata, swhich sfits sto  sthe sreal slife sdata. sIn sthat  scase, salgorithm scould sbe 

sextended sto  sreal slife scase. sSince sSVM sis sa sbinary sclassifier, sbinary sdecision stree ss sgenerated. sYet 

sgenerated sbinary stree smay snot  sfit  sto  sthe sall slanguages. sTherefore, sinstead sof sa sbinary sclassifier,  

smulti sclass sclassifiers smay sincrease ssuccess srate sand scould swork sproperly sfor smany slanguages.  

sBesides smulti sclass sclassifiers, susing sensemble slearning smany sdifferent  smodels scould  sbe sfused.  

sDue sto  svery sless sknowledge  sabout  sthis sfield  sthere sare svery sfew sresearches sgoing  son sin sthe sarea sof 

sspeech sprocessing. sBut  sa slarge samount  sof swork scan sbe sdone sby sprocessing sthe sspectral sfeatures 

seffectively sto  srecognize. sHigher saccuracy scan sbe sobtained susing sthe scombination sof smore 

sfeatures. sIncreasing sthe ssigma svalue sfrom sthe sdefault  svalue sone, ssubstantial sresults smay sbe 

sobtained. 
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