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Abstract— iIn ithis ipaper, ithe iproblem iof ifacial iexpression iis 

iaddressed, iwhich icontains itwo idifferent istages: i1. iFace idetection, 

2. Emotion iRecognition. iFor ithe ifirst istage, ian iMTCNN i(Multi-

Task iConvolutional iNeural iNetwork) ihas ibeen iemployed ito 

iaccurately idetect ithe iboundaries iof ithe iface, iwith iminimum 

iresidual imargins. iThe isecond istage, ileverages ia iShuffleNet 

iV2 iarchitecture iwhich ican itradeoff ibetween ithe iaccuracy iand 

ithe ispeed iof imodel irunning, ibased ion ithe iusers’ iconditions. 

iThe iexperimental iresults iclearly iShows ithat iour iproposed 

imodel ioutperforms ithe istate-of-the-art ion iFER i2013 idataset 

iwhich ihas ibeen iprovided iby iKaggle. 
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I. INTRODUCTION 

 
Considering ithe irecent iadvancements iin ithe iarea iof iArtificial 

iIntelligence iand iimage iprocessing iand iunderstanding itechnologies, 

imedia iproducers iand ibroadcasters iare igaining iso imuch iinterest iin 

ievaluating itheir icustomers iwith irespect ito ithe icontents ior itheir 

ireactions iagainst iprograms. iThis iwill ihelp ithem iimprove itheir 

iprograms iand iprovide ithe icontents ias iper itheir icustomers’ iwill. 

iThis itask, ihowever, ineeds isome iknowledge iof icognitive ievaluation 

iof ipeople. iOne iway ito itackle isuch ia idifficult iproblem, iis ito ievaluate 

itheir ifacial iexpressions iagainst iwhat ithey iencounter, ifrom imedia 

icontents iup ito iinterviews, iand iso ion. iFor iexample, iin ia ilive iTV 

iprogram, ithe iTV ishow ihost ican iadaptively ichange ithe iquestions 

ibased iupon ithe iemotional ireaction iof ithe iguest, ior ihe ican ichange 

ithe iquestions iso ithat ihe iis isure ithe iguest iwill inot ireact 

iaggressively ior iuncertainly ito ithe iimpending iquestions. 

 
What iwe imean iby ifacial iexpression, iis ito iextract ithe 

iemotional istatus iof ia iperson, ias ia ireaction ito isome ievents 

ithrough iimage iprocessing itasks. iFortunately, ifor imost 

ipeople iin ithe iworld, ithe iindications ibeing idemonstrated ias ia 

iresult iof iemotional ireactions ito ithe ievents, iare iidentical 

iirrespective iof itheir iculture iand igeography. iThat iis iwhy 

iEkman iet ial. i[1] iclassified ithe iemotional ifaces iaround ithe 

iworld ithrough isix 

 
 
different istatuses, iincluding ifrightened, ihappiness, isadness, 

iaggression, idisgust iand iamazed. iAll ithese iemotional istates 

iare idifferentiable ifrom ithe ineutral istatus. iThey icould ialso 

ifigure iout, ithat ia iperson imay icarry ia icombination iof ithese 

iemotions iin ithe iface, iat ithe isame itime. 
 

Surveillance strategies are apt to be capable of recognizing 

feelings, including facial expressions. In this newsletter, we integrate 

face detection and emotion recognition tasks to create a unified 

system that can carry out facial popularity and emotion popularity 

duties in real time. To do that, we use M, MTCN (Multi Task Cascaded 

Convolutional Neural Network) to take benefit of the capability of this 

community [2,3] for joint detection and alignment of faces. , And 

integrate it with a Shuffle NetV2 structure [4,5] to make the most the 

capability for inherent tradeoff between output accuracy and speed. 

The reason of this mixture is to produce facial expressions in a 

sensible fashion.. 

 
The ioutline iof ithis ipaper iappears, ias ithe ifollowing. iNext 

isection, ibrings ithe itheoretical iexplanation iover ithe iMTCNN 

iand iShuffleNet iarchitectures, ias iwell ias ithe iintuition ibehind 

ithe ichosen iarchitectures ito itackle ithe iproblem. iIn isection iIII, 

ithe iexperimental isetup iand iscenario iclarifies idifferent 

ipractical iaspects iof ithe iwork iand idetailed iinformation iabout 

ihow  ito iimplement ithe isystem. iThe ipaper, ithen iis iterminated 

iwith ia iconclusion iand ithe ireferences ibeing icited ithrough ithe 

icourse iof ithe iaforementioned isubjects. 

 
II. NEURAL iNETWORK iARCHITECTURES 

 
A. MTCNN iNetwork iArchitecture iand iApplications 
 

The icascade iHaar-like iface idetector i(aka iViola-Jones) i[6],  
while ibeing iprevalent ifor ia idecade iin iface idetection itasks, imay 

idegrade isignificantly iin iapplications iwith ilarger ivisual ivariations iof 

ifaces iwhich ihappens iin ireal-world iapplications. iInspired iby ithe 

isuccess iachieved iby iusing ideep iconvolutional ineural inetworks 

i(CNNs) iin icomputer ivision itasks, iseveral istudies iwere imotivated ito 

iuse ithis iarchitecture ifor iface idetection. iIn ithis iregard, iZhang iet ial. 

i[2] iproposed ia inew 

 
 
 
 

 

 



 

 
architecture, iin iwhich iface idetection iand iface ialignment 

itasks iare iboth iaddressed, iin ia iunified istructure. iThey ialso 

iconcerned iabout ithe ionline iimplementation iof ithis 

iarchitecture. ithus, iThe iproduced ithree i-stages inetwork 

istructure iwas iproposed iwhich iperform iin ia icoarse-to-fine 

ifashion, ias: i(1) iThe ifirst ishallow  iCNN iarchitecture iaims iat 

iproducing ithe icandidate iwindows ifor ithe iface ilocations iin 

ian iinput iimage, i(2) ithe isecond iCNN, irefines ithe iwindows iby 

irejecting ia ilarge inumber iof inon-faces iwindows, iand i(3) ia 

imore ipowerful iCNN ito irefine ithe iresults iagain iand ioutput 

ifive ifacial ilandmarks ipositions i[2]. iThese ithree iCNNs iare 

inamed ias iP i-Net i(Proposal iNetwork), iR-Net i(Refinement 

iNetwork), iand iO-Net i(Output iNetwork), irespectively. 

 
B. iShuffleNet iArchitecture iand iApplications 
 

Usual iCNN iarchitectures icontain iseveral iconvolutional ilayers 

iand ihundreds iof ichannels ito iachieve ia ireasonable iresult. iShuffleNet 

iis ian iextremely iefficient iCNN iarchitecture iin icomputational isense 

i[5]. iIt iallows imore ifeature imap ichannels, itherefore iit ihelps ito 

iencode imore iinformation, iwhich iis icritical ito ithe iperformance iof 

ivery ismall inetworks. iThis iarchitecture iinvolves itwo inew ioperations, 

inamely ipointwise igroup iconvolution iand ichannel ishuffle. iThe igroup 

iconvolution iaims iat idistributing ithe iconvolutions iover idifferent 

iGPUs ifor ithe isake iof iparallel iseparable iconvolution ioperations, ias iit 

iwas iused iin iother iarchitectures isuch ias iResNeXt i[7,8,11], iand 

iDeepRoots i[10], iand iXception i[9]. iThese imodern iCNN iarchitectures 

iintroduce igroup iconvolutions iinto ithe ibuilding iblocks ito imake ia 

itradeoff ibetween irepresentation icapability iand icomputational icost. 

iIn ithese idesigns, ithe i1×1 iconvolutions i(aka ipointwise iconvolutions) 

iburden iconsiderable icomplexity. iThe ipointwise igroup iconvolution 

ireduces ithe icomputation icomplexity iof ithe i1×1 iconvolutions. iIn itiny 

inetworks, iexpensive ipointwise iconvolutions iresult iin ilimited 

inumber iof ichannels ito imeet ithe icomplexity iconstraint, iwhich imight 

isignificantly idamage ithe iaccuracy i[15]. iA isolution ito ithis iproblem 

iwould ibe ito iapply ithe ichannel isparse iconnections, ifor iexample 

igroup iconvolutions ieven ifor i1×1 ilayers. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure i1. iShuffleNet iunits: i(a) ibottleneck iunit iwith 

idepth iwise iconvolution, i(b) iShuffleNet iunit iwith 

ipointwise igroup iconvolution iand ichannel ishuffle. 

i[5] 

 

 
As iin iFig i1(a), iit idepicts ia ibottleneck iunit, iwhich iis ia 

iresidual iblock iwith ia ibranch. iFor ithe i3×3 ilayer, ia i3×3 idepth-

wise iconvolution ihas ibeen iapplied ion ithe ibottleneck ifeature 

imap. iThen, ias iin iFig i1(b), ithe ifirst i1×1 ilayer ihas ibeen 

ireplaced iwith ipointwise igroup iconvolution ifollowed iby ia 

ichannel ishuffle ioperation ito iform ia iShuffleNet iunit. iThe 

isecond ipointwise igroup iconvolution iis iused ito imatch ithe 

ichannel idimensions iwith ithe ishortcut ipath. iThe 

icomputational icost iof iShuffleNet iis imuch iless ithan iResNeXt 

ior iXception. iIn iother iwords, igiven ithe isame icomputational 

ibudget, iShuffleNet ican iuse iwider ifeature imaps, ihence 

iprovides ia ibetter iaccuracy iby imanipulating imore iinformation 

iout iof ithe iinput idata i[5].  
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure i2. i1×1 igrouped iconvolution iwith ichannel ishuffling i[5] 

 

III. EXPERIMENTAL iSETUP iAND iRESULTS 
 

The idataset ibeing iused iin ithis iwork iis iFER2013 i[12], 

iwhich ihas ibeen itaken ifrom iKaggle. iThe iinput iimages iare iin 

igrayscale iwith i48×48 iPixels iresolution. iFrom ithis idataset, 

i28,709 iimages iare iused ifor itraining ithe inetworks, iand i3,589 

iimages ifor itesting ithe iresults. iThese iimages ibelong ito ione 

iof ithe iseven iemotional iclasses iof i{“angry”, i“disgust”, 

i“fear”, i“happy”, i“sad”, i“surprise”, i“neutral”}. iAbout i20% iof 

ithe itotal iimages iare iconsidered ifor ithe ivalidation iphase. iA 

isample ifrom ithis idataset iis ipresented iin iFig i3, ibelow.  
The ihardware iused ifor ithe iexperiments, iwas ia ilaptop 

iwith iCPU i4700MQ, iCore ii7- i2.4GHz, iwith i8 iGB iRAM. 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure i3. iSample iimages ifrom ithe iFER2013 idataset 

 
 
 
 
 
 
 
 
 

 



 

 

Due ito ithe iasymmetric idistribution iof idata ifor 

idifferent iclasses iof iemotions, iwe iperformed ifive 

idifferent iaugmentation itypes ion ieach isample iof idata, 

ito icreate ia inormalized iversion iof idata, ias iin iFig i4.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure i4. i(left-up) iDistribution iof ithe isamples iper iclass; i(right-

up). iNormalized idata isamples iusing iaugmentations. i(Bottom). 

iVarious iaugmentation itypes icontaining: iMain isample, iRotated, 

iNoisy, iGrid, iBlurred, iFlipped, irespectively ifrom ileft-to-right.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure i5. iThe iachieved iaccuracy iof iour iproposed imodel 

i(miniShuffleNet iV2), iusing i50 iepochs. iThe ifinal iaccuracy iwe 

icould iachieve ifor ithe itest idata iwas i71.19%, ito iour iknowledge iis 

ithe ibest iachieved, iso ifar. iThe imodel iparameters icould ibe istored 

iin i4.6Mbytes, iwhich icould ibe ieasily iexploited iin ia irealtime 

ifashion. 

 
 
 
 
 
 
 
 
 

 
Figure i6. iRed-bars idepict ithe ireal ioutput ilabels; iBlue-bars, iare 

ithe ipredicted ilabels. iThe ipredictions iare ivery iclose ito ithe ireal 

ivalues. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure i7. iThe inormalized iconfusion imatrix. iThe ioutput 

iclearly istates ithat iour imodel ican irecognize ithe iemotions 

ieffectively, ispecifically ifor ithe idisgust icase ithe iresult iwas 

iremarkable icompared ito ithe istate-of-the-art. 

 
The iaccuracy iof iour imodel iduring itraining iand itest, 

iare idepicted iin iFig i5. iThe iachieved iresult iwas i71.19%, 

iwhich iis ithe ibest iachieved iso ifar, ito iour iknowledge. iFig 

i6, ifurther iemphasizes ion iour imodel iprediction icapability. 

iIn iFig i7, ithe inormalized iconfusion imatrix iclearly ishows 

ithat iour imodel ioutperforms ithe istate-of-the-art, 

ispecifically ifor idisgust iemotion, iwhich icould ibe 

iexpected, iin iadvance, idue ito ithe iaugmentation iof idata 

iand inormalizing ithe idistribution iof isamples iover idifferent 

iemotional istates. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure i8. iUpper ithree irows idepict ithe icorrect irecognition 

isamples, iand itheir idistributions iover idifferent iclasses. 

iThe ibottom irow, idepicts ithe imisclassification icase.  
 
 
 
 
 
 
 
 
 
 
 

 
Figure i9. i(left) iMTCNN iface iboundary iversus i(right) iHaar-cascade 

iboundary idetection. iBoundary idetections icould idirectly iimpact ion 

ithe irecognition iphase, ias iit iis ishown iin ithe inext ifigure, ion iour 

iexamples. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure i10. iThe iresult iof ifacial iexpression ishown ifor ithree 

ipresidents. iDue ito ithe iwrong iboundary idetections iin ithe iupper 

ifigure, iMr. iRouhani ihas ibeen iwrongly iclassified ito ibe ineutral. 

iHowever, ias idepicted iin ithe ibottom ifigure, iour iMTCNN-ShuffleNet 

imodel icorrectly iclassifies iall ifacial iexpressions, iincluding iMr. 

iRouhani. 
 

 

CONCLUSION 
 

In ithis ipaper, ia iunified iarchitecture iis iproposed iwhich 

iintegrates itwo idifferent iCNN i(Convolutional iNeural iNetwork) 

ibased imodules. iThis icombined imodel itries ito ibenefit ifrom 

ithe iadvantages iof ieach isingle imodule iindividually. iAn 

iMTCNN, iis iused ifor icorrectly icropping ithe iface iboundary, ia 

iShuffleNet iV2 iis iexploited ito irecognize ithe iemotions iusing 

ithe ioptimum idepth iwhich icould ibe iused iin irealtime. iThis 

icombination ihas ibeen iproved ito ibe iefficient iin ireal-world 

ievaluation. 

 
Fig i8, idepicts isome icorrectly iclassified iexamples, ialong 

iwith itheir idistribution ipredicted iover iclasses. iThe ibottom 

irow  iof iFig i8, iis ithe imisclassified icase. iFig i9, iand i10, 

itogether iexplain ithat ihow  imuch ithe irecognition istage iis 

idependent ion ithe icorrect iboundaries, ibeing idetected. iA 

imisclassification iinstance ihas ibeen ihappened ifor iMr. 

iRouhani, idue ito ia iwrong iboundary idetection iof iHaar-

cascade ialgorithm. iHowever, ithis iproblem ihas inot ihappened 

iwhen iusing iour iMTCNN-based imodel. iThe icomplete imodel 

iand isettings iis iincluded iin iFig i11. 
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Figure i11. iThe icomplete imodel ifor ithe ifacial iexpression itask i[14] 
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