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Abstract: 

Emotion iis ione iof ithe ivery ifew iwords iin ithe iEnglish ilanguage ithat ido inot ihave ia iconcrete 

idefinition iand iit iis iunderstandable. iIt iis iabstract. iYet ialmost ievery idecision iwe ihave iever 

imade iin iour ilives iis idriven iby iemotion. iMarketing iresearch ihas iproven ithat ipredicting 

isentiments icorrectly ican ibe ia ihuge isource iof igrowth ifor ibusinesses iand ithat’s iwhat iwe iwill 

ibe iworking ion itoday i— iReading iEmotions. iThe ifacial iexpressions ifor iHappiness,  iSadness, 

ianger, iSurprise,  ifear, iand idisgust iare ithe isame iacross icultures. 

Automatic iemotion irecognition ibased ion ifacial iexpression iis ian iinteresting iresearch ifield, 

iwhich ihas ipresented iand iapplied iin iseveral iareas isuch ias isafety, ihealth iand iin ihuman 

imachine iinterfaces. iResearchers iin ithis ifield iare iinterested iin ideveloping itechniques ito 

iinterpret, icode ifacial iexpressions, iand iextract ithese ifeatures ito ihave ia ibetter iprediction iby 

icomputer. iWith ithe iremarkable isuccess iof ideep ilearning, ithe idifferent itypes iof 

iarchitectures iof ithis itechnique iare iexploited ito iachieve ia ibetter iperformance. iThe ipurpose 

iof ithis ipaper iis ito imake ia istudy ion iautomatic ifacial iemotion irecognition iFER ivia ideep 

ilearning. 

Introduction: 

Human ifacial iexpressions icommunicate  ia ilot iabout itheir ibehavior iand itheir iinterest iin ithe 

iproducts iand iservices. iEmotion iis ia ipowerful ifeeling ithat iconnects ione ihuman ito iother.  

iProbably ithat’s ia ireason iwhy ihumans ilike ito iexpress itheir ifeelings ithrough iemotions. 

iHuman iemotions iare imainly ilisted iinto i6 itypes-Anger, iJoy, iLove, iSadness,  iFear, iand  

iSurprise. iIn ithis itechnology iera, ieverything ithat iis iunimaginable  iis ipossible. iThat igoes iwith 

ileveraging ihuman iemotions iwith ithe iuse iof itechnology ifor ilearning iabout ithe iindustry  

iend-customers iresponses,  idemands, iand ineeds. iSince ia ilot iof ibusinesses iand iindustries 

icome iacross ithreat ibarriers, isafety iand iprotection iremain ia imatter iof iworry iwhich inow ican 

ibe irecognized iand iidentified iwith ithe ipotential iof itechnologies. iAutomatic iemotion  

irecognition ipowered iby iMachine ilearning ithat itakes iup ithe ihuman ifacial iexpressions ifor  

idealing iwith imultiple ithings iis igetting irushed iin imultiple iindustries isuch ias isafety, ihealth, 

iand ihuman-machine iinterface. 

In ithis iproject iwe iare igoing ito iclassify idifferent iexpressions iof ifaces iand iimplementing  

ithem ion ireal itime istreaming idata. iThis iCan ibe iutilized iin ivarious iindustries ilike iGaming, 

iMarket iResearch,  iAnalyze ithe iemotions iof ijob icandidates iin ionline iinterview. 
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Related iWork: 

Here iis isome irelated iliterature ion ithis itopic. 

Emotion iRecognition iBased ion iFacial iExpressions: iThe iprocess iof ihuman icommunication  

iis iinextricably ilinked ito ithe ifluctuation iof ivarious iemotions. iWhen ipeople iare iexperiencing 

ibasic iemotions, itheir ifaces iwill idisplay ia ivariety iof iexpression ipatterns, ieach iwith iits iown 

iset iof icharacteristics iand idistribution iscale. iFacial iexpression irecognition iis ia icrucial ipart iof 

ihuman-computer iinteraction ithat iallows icomputers ito iunderstand ifacial iexpressions 

ibased ion ihuman ithinking. iAccording ito ithe iprocessing iof ifacial iexpression irecognition  

iprocess ican ibe idivided iinto ithree iimportant iface idetection,  ifeature iextraction iand  

iclassification imodule, iface idetection ias ithe ikey itechnology iof iface irecognition i(Adjabi iet 

ial., i2020; iZhang iet ial., i2021) iwith iits irapid idevelopment ihas ibasic imature, iwhich ican 

ieffectively iextracted ifrom ithe ioriginal iface iimage iof iexcellent icharacteristics iand ithe 

icharacteristics iof icorrect iclassification  ibecomes ikey ifactor iaffecting ithe irecognition  iresult. iFor 

iexample, iGao iand iMa i(2020) iobtained  ifacial iexpression iattributes ifrom ifacial iimages ito ipredict 

iemotional  istates iaccording ito ifacial iexpression  ichanges. 

Emotion iRecognition iBased ion iPhysiological iSignals: iThe ibasis iof iemotion irecognition  ibased ion 

iphysiological  isignals iis ithat ihumans iwill iproduce idifferent iresponses iunder idifferent istimuli. iFor 

iexample, iphysiological  isignals isuch  ias ibrain  ielectricity, ielectrocardiogram, ipulse, iand iskin 

ielectrical  iresponse ican iall ireflect iemotions. iMomennezhad i(2018) iused  iEEG isignals ifor iemotion  

irecognition, iextracting ifeatures ifrom ithe itime idomain  iand  ifrequency idomain  iof iEEG isignals. 

iAlthough  ithe ichanges iof iphysiological isignals iare inot icontrolled  iby ihumans, ithey ican  imost 

iobjectively ireflect ihuman iemotional iconditions. 

Emotion iRecognition iBased ion iGestures:  iPeople iwill iinvoluntarily iundergo  isome iposture 

ichanges iin idifferent ienvironmental  istates iand  imoods, iand  ijudge ihuman  iemotions ibased  ion 

iphysical  iinformation  isuch  ias ithe itime iand  ifrequency iof ithese iposture ichanges, iaccording ito 

igesture-based  iemotion irecognition. iAjili iet ial. i(2019) iused  ihuman imovement ianalysis ito iidentify 

imotion, ithen  ievaluated  iand  ievaluated  ithe iemotions iexpressed  iby ihuman  imotion  iposture. 

iHowever, ithe isingle iuse iof ihuman  igestures ifor iemotion  irecognition ihas icertain  ilimitations 

ibecause imany igestures ido inot ihave iemotional isignificance ior ithe isame igestures ihave idifferent 

iemotional  imeanings iin  idifferent ibackground  ienvironments, iso ihuman  igestures iare iusually 

idifferent ifrom iothers. iThe imodalities i(such  ias iexpressions, ispeech, ietc.) iare icombined  ifor 

iemotion  irecognition. iExpressions iare ithe imost iintuitive iway ito iconvey iemotions iamong iseveral 

iways ito iexpress ihuman  iemotion  iinformation, isuch  ias ifacial iexpressions, ivoices, iphysiological  

isignals, iand  igestures, iand iexpression  iinformation  iis irelatively ieasy ito iobtain  iin imost 

ienvironments, iso iI iuse ithem. iHuman  iemotional  istates iare istudied  iusing ifacial iexpressions ias 

iobjects. 

 



@Smriti Roy                                                                                                                                             Page 4 of 12 

 

Methodology: 

The idata iset iused  ifor itraining iis ithe iKaggle iFER2013 iemotion. iThe idata iconsists iof i48x48 ipixel 

igrayscale iimages iof ifaces. iThe ifaces ihave ibeen  iautomatically iregistered  iso ithat ithe iface iis 

icentered  iand  ioccupies iabout ithe isame iamount iof ispace iin ieach  iimage. iThe itask iis ito icategorize 

ieach  iface ibased  ion  ithe iemotion  ishown  iin ithe ifacial iexpression  iin ito ione iof iseven  icategories 

i(0=Angry, i1=Disgust, i2=Fear, i3=Happy, i4=Sad, i5=Surprise, i6=Neutral). 

Dataset iChallenges 

▪ Imbalance: iImbalance iis iwhen  ione iclass ihas imany imore iimages ithan  ianother iclass. iThis 

iresults iin ithe imodel ibeing ibiased  itowards ione iclass. iFor iexample, iif ithere iare i2000 iimages 

ifor ithe ihappy iexpression iand  i500 iimages ifor ithe ifear iexpression, ithen  ithe imodel iwill ibe 

ibiased  itowards ithe ihappy iexpression. iData iaugmentation iis idone ito iavoid  ithis iproblem. 

iData iaugmentation iincreases ithe iamount iof idata iusing itechniques ilike icropping, ipadding, 

iand  ihorizontal  iflipping. 

▪ Intra-class ivariation: iSome iimages iin ithe idataset iare inot ihuman  ifaces ias ithere iare 

idrawings iand  ianimated  ifaces. iModel  iperformance iwill ibe ibetter iif iall iimages iin  ithe 

idataset iare ihuman  ifaces iso iother iimages ishould  ibe iremoved. 

▪ Occlusion: iOcclusion  iis iwhen  ipart iof ithe iimage iis icovered. iThis ican ioccur iwhen  ia ihand  

icovers ia ipart iof ithe iface isuch  ias ithe iright ieye ior inose. iA iperson  iwearing isunglasses, ior ia 

imask ialso  icreates iocclusion. iEyes iand  inoses ihave iprimary ifeatures iwhich  iare iimportant ito 

iextract iand  irecognize iemotions. iThus, ioccluded  iimages ishould  ibe iremoved  ifrom ithe 

idataset ias ithe imodel icannot irecognize iemotions ifrom ithese iimages 

▪ Fer2013 iis ia ichallenging idataset. iThe iimages iare inot ialigned  iand  isome iof ithem iare 

iincorrectly ilabeled ias iwe ican isee ifrom ithe ifollowing iimages. iMoreover, isome isamples ido 

inot icontain ifaces. 
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Models: 

In ithis ipaper iI ihave itried  ito ibuild ithe imodel  iusing ideep  ilearning. iI istarted  iwith  ia ibaseline iCNN 

imodel iand igradually iimproved  ithe imodel iwith  idifferent iparameters ialso iused  itransfer ilearning ito 

iachieve ibest iresults. 

 

Proposed i4 imodels ibased ion iCNN 

 

 

 

 

 

 

 

 

 

Based ion ithe iperformance iof ithese imodels iI itried ipretrained imodels ilike iVGG16 iand iVGG19 ito  iimprove  

ithe iperformance iof ithe imodel. 

 

 

 

Below iTwo imodels ihave ibeen iImplemented  iusing iTransfer ilearning  ifor igetting  ibest iresults: 
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Results:

 
f1, irecall, iand iprecision ifor ieach iof ithe icategories 

 

 

Discussion: 

 



@Smriti Roy                                                                                                                                             Page 7 of 12 

 

 
F1, irecall, iand iprecision ifor ieach iof ithe icategories 

 

 

 

 

 

 
F1, irecall, iand iprecision ifor ieach iof ithe icategories 

 

 

Discussion: 

 

 

 



@Smriti Roy                                                                                                                                             Page 8 of 12 

 

 

 

f1, irecall, iand iprecision ifor ieach iof ithe icategories 

 

 

 

 

 

 

 

f1, irecall, iand iprecision ifor ieach iof ithe icategories 

 

 

 

 

 

 



@Smriti Roy                                                                                                                                             Page 9 of 12 

 

Test iResults ifrom iWeb iFeed: 
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Discussion: 

Model i5 i(VGG16 iwith i2 itanh ilayers iand isoftmax ioutput ilayer) iwith i iF1-score i= i0.88 igave ibest 

iresults iamong iall ithe imodels. iOur imodel iis ivery igood  ifor ipredicting ihappy iand  ineutral ifaces. 

iHowever, iit ipredicts iquite ipoorly isad ifaces ibecause iit iconfuses ithem iwith  ifear iand  isurprised  

ifaces. iWith  imore iresearch  iand  imore iresources ithis imodel icould  icertainly ibe iimproved 

 

iAdding ianother idense ilayer ior ichanging isome iparameter iwith  imore iepochs iwe ican  iachieve imore 

iaccuracy iin iour imodel. iFacial iemotion  irecognition  iis ian iemerging ifield  iso iconsidering iother 

iNeural iNetworks isuch imay iimprove ithe iaccuracy. iThe ifeature iextraction  iis ilike ipattern  

irecognition  iwhich  iis iused  iin iintelligence, imilitary, iand  iforensics ifor iidentification  ipurposes. iThus, 

itechniques isuch  ias ithe iCapsnet ialgorithm ifor ipattern  irecognition  ican  ibe iconsidered. iDeep  

iLearning ibased  iapproaches irequire ia ilarge, ilabeled idataset, isignificant imemory iand ilong itraining 

iand  itesting itimes iwhich  imakes ithem idifficult ito iimplement ion imobile iand iother iplatforms iwith 

ilimited  iresources. iThus, isimple isolutions ishould  ibe ideveloped iwith ilower idata iand  imemory 

irequirements 
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