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ABSTRACT

Facial expression (FE) detection is a popular research area, particularly in the fields of image
classification,patternrecognition,andcomputervision.Sparserepresentation(SR)anddictionary
learning(DL)havesignificantlyenhancedtheclassificationperformanceofimagerecognitionand
alsoresolvedtheproblemofthenonlineardistributionoffaceimagesanditsimplementationwith
DL.However,thelocalitystructureoffaceimagedatacontainingmorediscriminativeinformation,
which isverycritical forclassification,hasnotbeen fullyexploredbystate-of-the-artSR-based
approaches. Furthermore, similar coding results between test samples and neighboring training
data,containedinthefeaturespace,arenotbeingfullyrealizedfromtheimagefeatureswithsimilar
imagecategorizationstoeffectivelycapturetheembeddeddiscriminativeinformation.Inanattempt
toresolvetheforegoingissues,anovelDLmethodwasproposed,ConvolutionalLocality-Sensitive
DictionaryLearning(CLSDL)forfacialexpressiondetection.
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1. INTRoDUCTIoN

FacialExpressionisusuallyreferredtoasthetransformationofthehumanfacecausedbyanautomatic
responsetoanemotionalstatewhichmaybeasaresultofvoluntaryaction,inmostcasesspontaneous
anduncontrollable.Thus,areflexactionthatrequiresapplicationsofamachineorintelligentsystem
torecognizemainlythesevenprototypicalexpressionsputupbythefaceunderanycircumstance.
FEhasbeenanactiveresearchhotspotinthefieldsofComputerVision(Aneja,Colburn,Faigin,
Shapiro,&Mones,2016),PatternRecognition(Manivannanetal.,2016;Samarasinghe,2016),Image
Classification,andrelatedfieldsinrecenttimes(Kamarol,Jaward,Kälviäinen,Parkkinen,&Parthiban,
2017;Mary&Jayakumar,2016;Valstaretal.,2017).Thesestudiesarerapidlyincreasingonthe
accountofavisiblemanifestationofone’saffectivestate,cognitiveactivity,intention,personality,
andpsychopathologyasopinedby(Martinez,Valstar,Jiang,&Pantic,2017).FEsarecomposedof
macro‐expressions,expressedintheformofanger,disgust,fear,happiness,sadnessorsurprise,and
otherinvoluntaryrapidfacialpatterns,initiatinganon-rigidhumanfacesignal.Facialdynamicsare
computedbyeitherobservingthefacesignals,forexample(asurprisegesturecanbeexpressedby
openingtheeyewideandtighteningtheeyelidsshowsgladness)orthestrainmagnitudeestimated
usingthecentraldifferencetechniqueoverthedenseopticalflowfielddetectedinseveralregions
(forehead,mouth,chin,cheek)oneachsubject’sface(MatthewShreve,2011.).
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Lopes,A.T.,etalopinedthatgraphicalimagesspeakathousandwords,butatypicalhumanface
willspeakloudersincetheFEisawindowtohumanpersonality;emotions,andthoughts,thusmaking
itplayacrucialroleinsocialcommunication(Lopes,deAguiar,DeSouza,&Oliveira-Santos,2017).
Note,oneofthefundamentalthingshumanslearnfirstis,recognitionoffacesandinterpretationof
afewbasicemotionsfromthem.Itishardtoimaginetheexpressionofhumor,love,appreciation,
grief,enjoyment,orregretwithoutFE.Facialrecognitionisoneofthefastest-growingtechnologies,
yettheleastinterphasewithbiometricscomparedtoothertechniquessuchasfingerprint,iris,and
gaitrecognition(Solanki&Pittalia,2016).Forexample,insurveillancesystems,insteadofrequiring
peopletoplacetheirhandsonareader(fingerprinting)orpreciselypositioningtheireyesinfrontofa
scanner(irisrecognition),facerecognitionsystemsdiscreetlytakepicturesofindividuals’facesasthey
enteraspecifiedarea.Thereisnoincursionorcapturedelaysincethesubjectsareentirelyoblivious
oftheactions,hencethey(subjects)donotfeelmonitoredundersurveillanceortheirprivacyinvaded.

Expressionrecognitionisataskthathumansperformdailyandeffortlesslybutthatisnotyet
easilyperformedbycomputerswithoutanychallenge.Thesechallengesincludebutarenotlimitedto
thedifferentposesoffacialimages,partialocclusion,illuminationvariations,andfacialexpressions
(e.g.facialfeaturesfromonesubjectintwodifferentexpressionsasexpressedinfig.1below)whichis
whyFErecognitionremainsadauntingtask.Inaddition,certainexpressionslike”sad”and”fear”are
insomecasesverysimilar(Martinez&Valstar,2016),whichDarwinsuggestedmanifestsinanimals
aswell(Darwin&Prodger,1998).Hence,efficientlyrecognizingthedifferentFEsisimportantfor
boththeevaluationofemotionalstatesandtheautomatedfacerecognitions.

Figure1hasthreesubjectswhoshowedsignsofhappy expression.Itcouldbeobservedthat
imagesdifferalotfromeachothernotonlyinthewaythatthesubjectsshowtheirexpressionbut
alsointhelighting,background,pose,andbrightnessthatisassociatedwiththeimage.Themajor
aimofthepaperistodetectvaryingFEsandvariabilityinfaceappearancewhichcouldbecaused
bychangesinfacialexpressionswhichcouldbeasaresultofstimulationbyvaryingindividuals’
emotionalstates.HereweproposetoincorporateCNNintothestructureoftheLocalitySensitive
DictionaryLearningmethod.

FErecognitionsystemsaremainlysplitintotwomaincategories:static-basedmethodin(Ali,
Iqbal,&Choi,2016;M.Liu,Li,Shan,&Chen,2015;P.Liu,Han,Meng,&Tong,2014;Song,Kim,
&Jeon,2014;S.Zhang,Zhao,Chuang,Guo,&Chen,2017)anddynamics-basedmethoddiscussed
in(Byeon&Kwak,2014;Fan&Tjahjadi,2015;W.Zhang,Zhang,Ma,Guan,&Gong,2015).
Static-basedmethodsusepermanentinformation(featurevectors)ofdatafrompresentimageinputs

Figure 1. Similar Facial Expression being expressed by three different subjects. The images are from JAFFE and CK+ databases 
(Naidoo, Tapamo, & Khutlang, 2018).
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