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ABSTRACT

Oneofthemajorchallengesfacedbyvideosurveillanceisrecognitionfromlow-resolutionvideosor
personidentification.Imageenhancementmethodsplayasignificantroleinenhancingtheresolution
ofthevideo.Thisarticleintroducesatechniqueforfacesuperresolutionbasedonadeepconvolutional
neuralnetwork(DeepCNN).Atfirst,thevideoframesareextractedfromtheinputvideoandtheface
detectionisperformedusingtheViola-Jonesalgorithm.Thedetectedfaceimageandthescalingfactors
arefedintotheFractional-GreyWolfOptimizer(FGWO)-basedkernelweightedregressionmodel
andtheproposedDeepCNNseparately.Finally,theresultsobtainedfromboththetechniquesare
integratedusingafuzzylogicsystem,offeringafaceimagewithenhancedresolution.Experimentation
iscarriedoutusingtheUCSDfacevideodataset,andtheeffectivenessoftheproposedDeepCNNis
checkeddependingontheblocksizeandtheupscalingfactorvaluesandisevaluatedtobethebest
whencomparedtootherexistingtechniqueswithanimprovedSDMEvalueof80.888.

KeywORDS
Deep Convolutional Neural Network, Face Super Resolution, Fractional Grey Wolf Optimizer, Fuzzy Logic, 
Regression Model

1. INTRODUCTION

Videosurveillanceisconsideredasaninterestingfieldofresearchduetotheincreasingdemandin
videosurveillancefordetermininghumanbehaviorsandidentifyingobjects.Thevisualsurveillance
aims not only to install cameras in the place of human eyes, but also, for achieving complete
surveillanceattention(Savitha&Ramesh,2018).Videosurveillanceisbroadlyappliedinvarious
areas, suchas inventorycontrol for retail stores,equipmentmonitoring for factories,monitoring
forintersections,andtrafficcontrolsecurityoperationsforcampus,andsecuritysurveillancefor
houses(Poriklietal.,2013;Wangetal.,2018).Trackingandobjectdetectioninvideosurveillance
systemsmainlydependonbackgroundsubtraction.Nowadays,videosurveillancesystemusesvideo
compressiontechnologytostoreimagesfromatotalnumberofcamerastosavedevices,suchas
discs,videotapes(Chavda&Dhamecha,2017).Also,intelligentsurveillancesystemsareutilized
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inseveralareasincludingprotectionandthesecuritynetworks.Invariousareas,videosurveillance
facevideoimagesareprovidedforidentifyinghumans.Moreover,theuserinterestissofaraway
fromthecamera,inwhichthefaceresolutioninthepictureistoosmallforprovidinginformation.
Duetoconstrainedimagingconditions,itisdifficulttoobtainhigh-definitionfaceimages.Fromthe
generatedresults,thefaceimagesthatarecapturedlosesomanymeticulousfacialfeatures,which
arerecognizedbytheusers(Quetal.,2014).

Oneofthemajortechniquestoimprovetheresolutionofimagesissuper-resolution(SR).SR
indicatesaclassofdigitalimageprocessingapproach,whichimprovetheresolutionofanimaging
system(Huangetal.,2015).SRcombinesvariouslowresolution(LR)togeneratehighresolution
(HR)imagewithbestopticalresolution.Thehighfrequencycontentisimprovedandthedegradations
producedbytheimageacquisitionareminimized.TheLRimagesaresomewhatdifferent,sothey
consistofdissimilarinformationaboutthesamescene.SRmethodsareclassifiedintofrequency
domainapproach,statisticalapproaches,non-uniforminterpolationapproachinthespatialdomain,and
otherapproaches(Yangetal.,2018).Interpolationapproachesbasedonasingleimagearesometimes
consideredascloselyrelatedtoSR.Thesetechniquesleadtoabiggerpicturesizebutfailedtoconsider
anyadditionalinformation.IncontrasttoSR,thehighfrequencycontentcannotberecovered.Hence,
imageinterpolationmethodsarenotconsideredasSRtechniques(Dongetal.,2016).

TheHRvideosaregeneratedfromoriginalLRvideosandthisprocessistermedasvideo
SR(Huangetal.,2015).VideoSRhasreceivedconsiderableattentionfrombothindustryand
academia.SeveralHRvideodevicesaredevelopedforstoring,producingandtransmittingHR
videos(Yangetal.,2018).ThemainaimofSRistorecoverHRvideoorimagefromitsLR
finding direct applications that ranges from medical imaging into satellite imaging and also
thefacilitatingtaskslikefacerecognition.ReconstructingHRdatafromLRinputismoreover
anextremelyill-posedissueandadditionalconstraintisrequiredforsolving(Caballeroetal.,
2017).Theinter-frametemporalrelationandtheintra-framespatialrelationarethetwokindsof
relations,whichareusedforvideoSR(Liuetal.,2017).Inthelasttwodecades,widevarietyofSR
techniqueshasbeenanalyzed.Thesparserepresentation(Yangetal.,2010)andself-similarbased
approachesareusedinSRmethodtoreconstructHRimages.Sparserepresentationtechniques
areestablishedtoevaluateimportantdefectinimageprocessing,oftenonsuperresolutionand
denoising,inwhichtheaimisnotforobtainingacompacthigh-fidelityrepresentationofthe
observed image,butalso forextracting semantic information (Barzigaret al.,2012).Oneof
therepresentativeexternalexample-basedSRmethodsisSparse-Coding-based(SC)technique
(Dongetal.,2016).DependingoncascadeofConvolutionalNeuralNetworks(CNNs),Laplacian
PyramidSuper-ResolutionNetwork (LapSNR)provides anLR image as input topredict the
sub-bandresidualsinacoarse-to-finefashion(Laietal.,2017).

In thispaper,a face resolution technique isdevelopedusingDeepCNN. Initially, thevideo
framesareextractedfrominputfacevideoandthen,thedetectionoffaceisdoneusingViola-Jones
detection algorithm.After that, thedetected face image is subjected to theFGWO-basedkernel
weightedregressionmodelandtheDeepCNN,separately.Then,theresultsobtainedfromFGWO-
basedkernelweightedregressionmodelandDeepCNNarecombinedtoachievethefinalresolution
imageusingfuzzylogic.

Themajorcontributionofthepaperisdevelopingafusionbasedtechniqueformultiviewsuper
resolutionusingtheFGWO-basedkernelweightedregressionmodelandDeepCNN.Finally,the
fuzzylogicsystemcombinestheresultsofboththeclassifierstogeneratetheSRoutputwithreduced
effort,duetothesimplicityofferedbythefuzzysystem.

Therestofthepaperisorganizedasfollows:Section1depictsabriefintroductiontothepaper.
Section2explainsliteraturereviewandsection3describestheproblemdefinition.Section4discusses
theproposedmulti-viewfaceresolutiontechnique.Section5explainstheresultsanddiscussions
obtainedusingtheproposedmethodandSection6providestheconclusion.
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2. LITeRATURe SURVey

Thissectiondealswiththeexistingtechniquesoffacesuperresolution,explainedasfollows.
ZengandHuang(2012)developedfacerecognitionbasedonnon-frontalLRimage.Theregression

methodisusedforevaluatingfrontalhighresolution(FH)featuresgivenbytheNon-frontal low
resolution (NFL) features.Finally, the featureofFH isutilized for recognizing“one sampleper
class”gallery.TheidentitiesoftheinputNFLimagesareobtainedbynearestneighboringclassifier
basedonfeaturesofFH.

Renetal. (2012) introducedLRfacerecognitionwithoutusingSRpre-processing.Coupled
KernelEmbedding(CKE)preserves the localityamongneighborhoodin thereproduciblekernel
Hilbertspace.CKEanalyzedtheissueofintegratingmultimodaldatathatiscriticalforconventional
methodsduetothelackofeffectivesimilaritycomputation.CKEresolvestheissuebyreducingthe
inconsistencyamongthesimilaritymeasuresproducedbytheirkernelGrammatricesareperformed
intwospaces.

IzadpanahiandDemirel(2013)developedavideosuperresolutionapproachusingstaticand
motion areas. Reconstruction method called structure adaptive normalized convolution (SANC)
isutilizedforgeneratingHRmotionandstaticblocks.Then,discretewavelettransform(DWT)is
utilizedforproducingHRoccludedblocks.Themotionblocksandthestaticblocksareintegrated
toHRframe.Atlast,asharpeningprocessisobtainedonHRframeforgeneratingoutputframe.

JianandLam(2015)developedanapproach for simultaneous recognitionandhallucination
ofLRfaces.Inthismethod,singularvaluesareinitiallysolvedtobeeffectivetorepresenttheface
imagesandthevaluesofvariousresolutionshavealinearrelation.Inthisapproach,everyfaceimage
ispresentedbasedonSVD.ForeveryLRinputface,HRandLRfaceimagepairsarechosenfrom
thefacegallery.DependingontheseselectedLR-HRpairs,themappingfunctionisperformedto
interpolatetwomatricesinSVDforthereconstructingHRfacevideoimages.

Ge et al. (2016) developed a spatiotemporal SR approach for improving frame rate and
spatialresolutioninahybridstereovideoframework.Inthisframework,asceneiscaptured
usingtwocamerastoproducetwovideos,includingahighspatialresolutionwithlow-frame
ratevideoandalowspatialresolutionbyhighframeratevideo.Forlowspatialresolutionvideo,
thelow-resolutionframesaresuperresolvedusingHRvideothroughstereomatching.Then,the
missedframesareinterpolatedbyHRframesbyfusingmotioncompensationandadisparity
compensationframerate.

Borsoietal.(2017)developedasuper-resolutionreconstruction(SRR)methodwithenhanced
robustness.Aninstinctiveinterpretationisdevelopedforrepresentingproximal-pointcostfunctionof
theregularizedleastmeansquares(RLMS)gradientdescentalgorithm.Theregularizationapproach
wasthenderivedbasedonstatisticalinformationwithquickerconvergenceofthesolutioninthe
subspaceislinkedtoinnovationswhilepreservingexistingevaluatedinformation.

Leeetal.(2018)developedsuper-resolutiontechniqueusingadaptiveregionHighFrequency
(HF) enhancement approach.At first, theHF signals are reconstructedusing self-similar region
inaframe,andthen,thesignalsofHFareimprovedusingvariousenhancementfactors,whichis
dependingoncurvatureregionclassification.Themethodiscapableofimprovingperceptualsharpness
basedonHFsignalenhancement,reducingthefeasiblevisualqualitydegradationbymodifyingthe
improvementfactorsontheregions.

Sajjadietal.(2018)haddevelopedend-to-endtrainableframerecurrentvideosuper-resolution
approach,whichusespreviouslyinferredHRestimatetosolvethesubsequentframe.Thisnaturally
encourages temporallyconsistent resultsbywarpingone image ineverystepandminimizes the
computationalcost.Moreover,themethodiscapabletoaccumulatelargenumberofprecedingframes
withoutincreasingcomputationaldemands.

Table1liststhebriefdescriptionoftheexistingtechniquessurveyed.
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2.1. Challenges
Thechallengesfacedbytheexistingtechniquesarelistedasfollows:

• Inlearning-basedsuperresolutionalgorithm(Huangetal.,2015),thelearningofimageprior
information is the major challenge. Moreover, an effective comparison with the state-of-art
techniquesisrequired,whichthealgorithmin(Huangetal.,2015)failedtoproceed;

• ThechallengeofmultiframecolorSRiscriticalthanthatofmonochromeimagingandfailedto
addressmonochromemethodsforseveralreasons;

• AnotherchallengefacedbymostoftheSRmethodsisfaceshapemetrics.Eventhoughthese
metricsseemtoappearasgoodentity,theyarehardtohandle(Laietal.,2017);

• Generatingneighborhoodpixel in thesuper-resolution imageof the face region isanother
challengingtaskinsuperresolution.Itisdifficulttopredictshapeandsizeoftheneighborhood;

• The resolution algorithm poses computational complexity due to LR images as they pose
clarification,facelogcreation(Yangetal.,2010;Zeng&Huang,2012)etc.

3. PROBLeM DeFINITION

TheprimaryintentioninfacevideoSRistoenhancetheresolutionofthefaceregionoftheinput
videothatconsistsofmultiplenumbersofframes.Eachframeobtainedfromtheinputfacevideois

Table 1. Literature review

Authors Methods Advantages Disadvantages

Zeng&Huang(2012)
RadialBasisFunction
(RBF)basedregression
method

Highestrecognitionrate
Themethodfailedto
considermorethanone
galleryimageperperson

Renetal.(2012) CoupledKernelEmbedding
(CKE)

Effectiveimprovementin
recognitionaccuracy

Themethodfailedtofocus
semisupervisedlearning
problems

IzadpanahiandDemirel
(2013)

StructureAdaptive
Normalizedconvolution
(SANC)

HigherPSNR

Themethodfailedto
considerglobalregistration
algorithmsforvideo
resolutiontasks.

JianandLam(2015)
Simultaneousface
Hallucinationand
Identification(SHI)

Effectiveandexcellent
performance.

Themethodnothave
similarholisticstructures
andpatternstotheLRinput

Geetal.(2016) Spatiotemporalsuper
resolutionmethod Increasetheframerate

Themethodfailedto
considerdisparitymapsof
theLR-HFRvideorelative
totheHR-LFRvideo
betweenthepicturepairs
forsynchronousframes.

Borsoietal.(2017)
VideoSuper-Resolution
Reconstruction(SRR)
method

Improvedrobustness Largenumberofiterations
areneeded

Leeetal.(2018) Self-similarity-basedsuper-
resolutionmethod

Improvedperceptual
sharpnessofthevideo

multiplecontextsare
neededforimplementation

Sajjadietal.(2018)
End-to-endtrainableFrame
RecurrentVideoSuper-
Resolution(FRVSR)framework

Reducedcomputational
cost

Themethodfailedto
consideradditionalmemory
channel
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subjectedtofacedetectionalgorithm,namelyViolaJonesalgorithm.ThepurposeofSRindetected
faceregionistooffertherequiredinformationaboutthefacethathelpsinrecognizingthefacein
application-orientedenvironment.Theresolutionoutputisobtainedbyincreasingthepixelintensity
inthefaceregion.Consider FF betheinputvideosequencewiththefacevideoanditcomprises
ofP numberofframesandisdenotedasF F r P F F r Pr r� � �� � � � �� �; ;1 1 .Fromeach
frame Fr obtainedfromthevideo,thefaceregionisdetectedbyGreyWolfViola-Jonesalgorithm
andisexpressedas J VJ Fr� � � ;VJ indicatesthefunctionrepresentingViola-Jonesalgorithm
for  face  detect ion.  The detected face region from the f rame is  expressed as
J J m k n gD

mn� � � � �� �; ;1 1 ;suchthatthesizeoftheframeafterthedetectionis k g× .
Thefaceresolutionoftheimageisperformedwithincreasingsizeofthefaceregionbytheinterpolation
oftheoptimalkernelweightmatrixgeneration.Upscalingfactorisdenotedas r k g* *� ��� � ,
whichincreasesthesizeoftheregionandtheneighborhoodpixelsinthefaceregionarecomputed
by optimal  kernel  weight  matr ix.  SR image of  the face region is  denoted as
J J m k n gSR

mn� � � � �; * ; *1 1� � .

4. PROPOSeD MeTHOD OF MULTI-VIew FACe VIDeO SUPeR ReSOLUTION

Thissectionpresentstheproposedmethodofmulti-viewfacevideoSRusingFGWObasedKernel
weight regression model and Deep CNN, with the fuzzy based fusion. SR pixels are generated
usingoptimalweightedkernelregressionmodelandthelocalpatchestimation.Initially,theinput
facevideo,whichisconsideredastheinputforSR,isreadoutandtheframesfromthevideoare
extracted.Afterextractingtheimageframesfromtheinputvideo,thefaceregionsintheframesare
detectedusingViola-Jonesalgorithm.Thedetectedfaceregionandthescalingfactoraregivenas
theinputtotheFGWO-basedkernelweightedregressionmodelandtheDeepCNN(Tuetal.,2017)
separately.Theresultsachievedfromboththeresolutiontechniquesareintegratedbasedonfuzzy
logicsystemtoattainthefinalSRimage.Figure1depictstheproposedmethodofmultiviewface
videosuperresolution.

Theinputtotheproposedfacesuperresolutionisthevideothatisreadoutusingvideoreader
objects.ThevideoacceptedfortheexperimentationisdenotedasF withP totalnumberofframes.
Thefaceinputvideofilecanbeofanyformat,suchasMovingPicturesExpertGroup4(MP4),
OperationGoodGuys(OGG),WindowsMediaVideo(WMV),FlashVideoFormat(FLV),High
DefinitionVideo(HDV),AudioVideoInterleave(AVI),etc.Thus,theframesextractedfromF is
expressedas,F F F Fr P�� �1 2

, ,..... .

4.1. Detection of Face Using Viola-Jones Algorithm
Thissectionpresentstheextractionoffaceregionfromtheextractedvideoframe.Differenttypesof
algorithmsareusedforfacedetectioninpreviousworks.Thetraditionalapproachesusedforface
detectionarebinaryclassificationtechniques,posinghighcomputationalcomplexityissues.Viola-
Jonesfacedetectionalgorithmisutilizedfordetectingfaceregionfromtheextractedframes.Compared
tootherfacedetectionalgorithm,thecomputationalcomplexityoftheViola-Jonesislimitedthat
makesitsuitableforvariousapplications,likeimagedatabases,userinterfaces,teleconferencingand
soon.ThestepsinvolvedintheViola-Jonesfacedetectionalgorithm:creationofintegralimage,
featureselectionbyHaar-likeafeature,cascadingclassifiers,detectionoffaceregionandAda-boosting
classifier-basedfeatureselection.AfterclassificationandAda-boostclassifier-basedfeatureselection
taskisperformed,thefaceregionsareextractedfromeachframeisexpressedas J D .
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4.2. Multi-View Face Super Resolution Using the 
Proposed Fuzzy Based Fusion Model
TheproposedfuzzylogicbasedhybridsystemdevelopedformultiviewSRbycombiningtheFGWO
basedKernelweightregressionmodelandDeepCNNiselaboratedinthissection.InFGWObased
Kernelweightregressionmodel,thefaceimageresolutionisperformedbyinterpolationofkernel
weightmatrixwith the sub image,where thekernelweightmatrix isgeneratedoptimallyusing
FGWO.Meanwhile,DeepCNNgeneratestheSRimagefromthefacedetectedvideoframe.Finally,
thefuzzylogicsystemfusestheresultsattainedbyboththetechniquesusingafusionparameter,
denotedasα .

4.2.1. FGWO Based Kernel Weight Regression Model
This section presents the FGWO kernel weighted regression model (Deshmukh & Usha Rani1,
2017)developedformulti-viewfacesuperresolution.Kernelregressionmodel,alsoknownasnon-
parametricestimationtechnique,isadaptedforevaluatingneighboringpixelsintheSRimageusing
localcharacteristicofthedata.Intheregressionmodel,thefacesuperresolutionmethodsareusedto
assignhigherweightstothecoefficientofthematrixwhichisconstructedusingthesamples.Here,

Figure 1. Schematic diagram of proposed multi-view face video super resolution
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theoptimalkernelmatrixisgeneratedusingFGWOtoachievethesuperresolutionofthedetected
faceregion.Followingarethestepsinvolvedinthemodel.
4.2.1.1. Sub Image Generation

Generationofsub-imageisperformedusingtheupscalefacedetectedimage Jmn .Thesub-imageis
generatedfromJmn isexpressedasJ y x

sub
, .ConsiderthefacedetectedimageasJ m k n gm n, ; ;1 1≤ ≤ ≤ ≤ 

andthegenerationofsub-imagewiththeupscalefactorisexpressedasJ y k x gy x
sub
,
; * ; *1 1� � � �� � ,

whereδ indicatestheupscalingfactor.
4.2.1.2. Interpolation of the Kernel Weight Matrix
Oncethesub-imageisformed,thentheunknownpixelintensitiesproducedbysub-imagearefilled
usingtheneighboringpixelvaluesandthekernelmatrix.Theexpressionoftheresolutionimageis
givenby:

J m n
w w

J y x X y xFGW

y

w

x

w
sub

,
*

, * ,� � � � � � �
� �
��1

1 2 1 1

1 2

 (1)

where, J y x m nsub , ,� ��� � ; X y x m n, ,� ��� � ,where X y x,� � isgeneratedusingFGWO.

4.2.1.3 Generation of Optimal Kernel Weight Matrix Using Fractional Grey Wolf Optimizer
ThissectionelaboratesthegenerationofopticalkernelweightmatrixusingFGWO(Deshmukh&
UshaRani1,2017).FGWOisdevelopedbyintegratingFractionalcalculus(Bhaladhare&Jinwala,
2014)andGreyWolfoptimizer(GWO)(Mirjalilietal.,2014).GWOisameta-heuristicapproachthat
consistsoffourhierarchies,namelyalpha,beta,delta,wherealphaprovidesthebestsolution,beta
helpsfordecisionmakinganddeltaprovidesthethirdbestsolution.Thefractionalcalculustheory
iscombinedwiththeGWOalgorithmtominimizetheconvergenceissueinGWO.

ThestepsinvolvedintheFractionalgreywolfoptimizerareillustratedbelow:

1. Parameter Initialization:Thefirststepinvolvestheinitializationofparametersthatareused
forpositionoptimization.Populationsize,maximumnumberofiterations,



E and


L arethe
parametersusedforinitialization.Thevectors



E and


L arecomputedas:

� � �� �E s h s= 2
1
. .  (2)

� ���
L h= 2

2
.  (3)

where,h1 andh2 indicatetherandomvectorsrangingfrom[0,1]and s isaparameterthathasthevalue
from2to0.Considerpopulationsizeofthegreywolfsbem andthemaximumiterationsbemax itr .

2. Population Initialization:The initial step in theFGWO is the random initializationof the
population.Theinitialpopulationisexpressedas:

p p p p pj m� � �� �1 2
, , , , ,  (4)
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3. Finding the best solution:Thefitnessevaluationselectstheoptimalpositionvectorasthekernel
matrixforthegenerationandinterpolationoftheSRimage.Thefitnessevaluationfunctionused
intheproposedoptimizationalgorithmisSDME(Panettaetal.,2011).Thefitnessfunctionof
theentiresearchagentiscomputedas:

Fitness fit pi� � �  (5)

Letusassume, p p p p�� �1 2 3
, , ,..... bethepositionofagents.Initially,thepositionvector

p1 isengagedasthekernelmatrixandtheinterpolationisperformedusingthesub-imagebasedon
upscalingfactor,andhence,SRimageisgenerated.Afterthegenerationofresolutionimage,the
valueofSDMEisevaluatedbydividingtheimageintotwoblocks.

4. Fractional Solution update:Thelocationofeachsearchagentisupdatedusing p p andp� � �, ,
wherealphaprovides theoptimal solution,betaprovides the second-best solutionanddelta
providesthethirdbestsolution.Thesolutionupdateisperformedusingfractionalcalculustheory.
ThepositionofthesearchagentinGWOisupdatedas:

�
��� � �� ���

p p p p
x� �

� �
1

1 2 3

3
 (6)

Thevalueofthe p p and p
1 2 3

��� � �� ���
, , isexpressedas:

p p E N N L p px1 1 1

��� � �� ��� � �� � �� � ��
� � � � �� � � �. ; 

p p E N N L p px2 1 2

� �� � �� ��� � ��� � �� � ��
� � � � �� � � �. ; 

p p E N N L p px3 1 3

��� � �� ��� � ��� � �� � ��
� � � � �� � � �. ;  (7)

Greywolvesencirclethepreyduringthehunt.Itisguidedbyfourdifferentparametersbeta,
delta,gammaanddelta.Theencirclingbehaviorisdepictedas:

N L p t p tp� � � � � �.  (8)

where,


L  represents the vector coefficient and pp  be the location vector of the prey. By the
considerationofthefractionalcalculus(Bhaladhare&Jinwala,2014),theorderofderivativefunction
ischangedby thediscreteversionorder χ ,which leads tosmoothvariation.Thus, theupdated
solutionusingFGWOisgivenas:

p
p p p E E E

p p
x

x x x�

�

�

�

� � � � �

� �
�

� � � � ��
�
�

�
�
�

�
��

�
��

� �
1

1 1 2 31
3

1
2

1� �

�  ��
�
�
�

�
�
� � � � � � ��

�
�

�
�
�

�
��

�
��

�



� � � � � � � � � �

p E L p E L p E L p	 �  	1 1 2 2 3 3

��
�

�
�
�

�

�
�
�

�
�
�

 (9)
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5. Iteration:Oncethesolutionisupdated,thentheprocessisrepeateduntilthevalueofs isreduced;
6. Termination:Thesolutionupdateprocessfor p p andp� � �, isrepeatedtillthetermination

conditionissatisfied,i.e. x itr<max .Thestepsfrom1to5arerepeatedforidentifyingthe
fittestsolutiontodeterminethekernelweightmatrixtocreatetheSRfaceimage.

4.2.1.4. Generation of Super-Resolution Image
Thesuper-resolutionimageisproducedwiththeinterpolationofsubimageandgeneratedkernel
matrix.Theunknownpixelspresentinthesub-imageofthekernelmatrixareestimatedusingthe
weight.Theinterpolationisperformedbasedonthesizeof K .Similarly,alltheunknownpixel
valuesarecomputedbyinterpolationthatresultstheSRimage.TheSRimageistheupscaledface
detectedimagebyafactorof2withalltheneighboringpixelvaluesmagnifyingthedetectedface
image.Inasimilarmanner,thedetectedfaceregioninsideviewisalsosuper-resolved.

4.3. Deep Convolution Neural Network for Multi-View Face Super-Resolution
ThissectionelaboratesthedeepCNN,whichisatypeofdeeplearning,usedformulti-viewface
resolution.DeepCNN(Tuetal.,2017)playsaverysignificantroleinlearning.Thesubsampling
layers,likepoolinglayer,fullyconnectedlayerandconvolutionallayerarethelayerspresentinDeep
CNN,asshowninFigure2.Inordertodecreasethedimension,subsamplingoperationisperformed,

Figure 2. Block diagram of Deep CNN for face resolution image
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where the layer of convolution uses convolution operation for sharing the weight. Without the
considerationsofmanuallydesignedfeatures,DeepCNNcanlearnthefeaturesfromtheinputdata
fortherecognitionordetectionpurpose.Variouscomplexfunctionscanbelearnedmoreprecisely
usingDeepCNNcomparedtoshallownetworks.Therefore,DCNNcanoffermoresophisticated
deeprepresentationsratherthanhand-craftedfeatures.

• Conv layers:LetusconsidertheinputtothedeepCNNisF andhence,theoutputoftheconv
layerisexpressedas:

F A FD
w
D

k g
h

X

X

X

X

X

w h
D D

h

D

D

D

D

� � � � � � � �
� �� ��

�

�

� � �
,

,
,
*

1

1
1
1

1

1

2

2

� �
� �

�
kk g� �� �,

 (10)

where,theconvolutionaloperatorthatpaveswaytoobtainthelocalpatternsusingalternativeconv

layersisdenotedas* .Theoutputobtainedfromthepreceding D th�� �1 layerformstheinputto

theDth convlayer.Letusconsidertheweightstotheconvlayersbeϖ w h
D

, ,whichdenotestheDth

convlayerweightsandthebiasof Dth convlayerisrepresentedas, Aw
D .Letusconsider h ,τ ,

andυ asthenotationsoffeaturemaps.Theneuronsinconvlayersarearrangedin3-dimensions
alongthedepth,heightandwidthsoastoextractthefeaturesfromallthedimensionsoftheReLU
layer,whichusesanelement-wiseactivationfunctiontosimplifythecomputationusingtheremoval

ofnegativevalues.TheoutputfromtheDth layeristheactivationfunctionofthepreceding D th�� �1 
layer,andisexpressedas:

F Actfn FD D� � ��1  (11)

• POOL layers:Itisanon-parametriclayerwithnoweightsandbiassothatitundergoesa
fixedoperation;

• Fully connected layers:TheabstractfeaturesobtainedfromthePoolinglayersarefedtothe
fullyconnectedlayer.Theoutputobtainedfromthefullyconnectedlayerisexpressedas:

C Fw
D D� � �� withF FD

h

X

X

X

X

X

w h
D D

k g

h

D

D

D

D

� � � � �
� �� ��

�

� �

�

� � �
1

1
1
1

1

1

2

2

� �
� � � �

�
,

, ,
 (12)

TheoutputobtainedfromtheDeepCNNisdenotedas J DCNN .Theresultingimagesobtained
fromFGWOandDeepCNNaresubjectedtofuzzylogicbasedfusionmodel.

4.4. Fuzzy Logic Based Fusion Model
Thissectionexplainsthefuzzylogicbasedfusionmodel(Ravi&Khare,2016)forSR.Thesteps
involved in fuzzy systems are Fuzzification, Defuzzification and Classification. In the
classificationstep,theinputdataissubjectedtofuzzificationtotransformthenumericaldata
toformlinguisticdataandthenthelinguisticdataismatchedwiththefuzzyrulesdefinedinthe
rulesbase.Afterthat,thelinguisticdataarechangedtofuzzyscorevaluesbydefuzzification.
Finally,thefuzzyscoreisutilizedforfindingtheclass.Itincludesfuzzymembershipfunction
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andtriangularmembershipfunction.Herethemembershipfunctionischosenfortransferring
theinputdatatothefuzzifiedvalue.Triangularmembershipfunctioncomprisesofthreevertices
a d, and f ,where a denotesthelowerboundary, d bethecentrewithmembershipdegree
asone,and f denotestheupperboundarywiththemembershipdegreeaszero.Themembership
functiongives thevalueof fusionparameter that isused to fuse the resultsofFGWO-based
kernelweightregressionmodelandDeepCNN.Theformulatocalculatethefusionparameter
isgivenasbelow:
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TriangularmembershipfunctionswithdefinedparametersandtheirvaluesaredepictedinFigure
3.Itcontainspixelvaluesprimarilyhavemembershipvaluescloseto1inoneclassandmembership

valuescloseto0intheotherclasses.Thenumberofmembershipvaluedependsonthetotalnumber
ofintervals.Themaximumandtheminimumlimit,i.e.thevaluesof f and a aredeterminedby
theintermediatevalueofbothandthevalueof d iscalculatedaccordingly.

Dependingonthevaluesassignedtotheparameters,α canbeobtainedandthereby,thefuzzy
boundcanbecomputed.Fortheenhancementoftheresolutionofthevideoframe,eachpixellocation
willbecomputedbasedontheoutputsofboththeclassifierswiththefuzzylogicas:

Y J Jjt jt
FGW

jt
DCNN� � �� �� �1  (14)

Figure 3. Triangular membership function
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where, J jt
FGW isthelocation j t,� � ofSRvideoframeobtainedusingFGWO-basedkernelweight

regressionmodeland J jt
DCNN isthatobtainedusingDeepCNN.Theadvantageoffuzzylogicin

handlingtheissueswithincompleteinformationmakestheproposedtechniquemoreflexibleand
thereby,generatesimprovedresults.

5. ReSULTS AND DISCUSSION

Theresultsanddiscussionoftheproposedmulti-viewfacesuper-resolutiontechniqueusinghybrid
modelaredemonstratedinthissectionwithaneffectivecomparativeanalysistoprovetheeffectiveness
oftheproposedmethod.

5.1. experimental Setup
TheexperimentationoftheproposedtechniqueofMulti-viewsuperresolutionisperformedinthe
systemwith2GBRAM,Intel i-3coreprocessor,Windows10OperatingSystem.Theproposed
methodisexecutedinMATLAB.

5.2. Dataset Description
“UCSD”takenfromfacevideodatabase(TheUCSDfacevideoDatabasetakenfromhttp://vision.
ucsd.edu/datasets/leekc/disk2/VideoDatabase/testing/,accessedonSeptember2018)isemployedfor
theexperimentation,whichiseasilyavailable.Thefacevideointhedatabaseisrecordedinanindoor
environmentat15framespersecondwiththeresolutionsize640×480.Eachframeinthevideo
sequenceexistsfor15seconds.Theexperimentationisdoneusingfourvideosfromthedatasets
consideringmultipleviewsoftheperson.

5.3. evaluation Metric
TheperformanceoftheproposedtechniqueiscomputedusingSDME(Panettaetal.,2011)metricas:
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where, N1  and N2  denotes theblocksof theSR image, J m n
SR
min, ,

 and J m n
SR
max, ,

 represents the

minimumandmaximumvaluesofeverypixelsinblockseparately,and JCentr m n
SR

, , betheintensity
ofthecenterpixelineveryblock.

5.4. experimental Results
Theexperimentaloutputsobtainedfromtheproposedfaceresolutiontechniquearediscussedinthis
section.Figure4depictstheexperimentaloutputsobtainedfromtheproposedmethod.Figure4a)
depictsthesampleinputvideoframesandFigure4b)depictstheSRoutputattainedasaresultof
theproposedtechniquethatcombinesFGWOandDeepCNN.

5.5. Competing Methods
The methods like nearest interpolation (Dong et al., 2011), bicubic interpolation and bilinear
interpolation(Yangetal.,2008),multikernelregression(Marquina&Osher,2008),GWO(Mirjalili
etal.,2014),FGWO(Deshmukh&UshaRani1,2017)areusedforthecomparisonwiththeproposed
FGWO+DeepCNNfortheanalysis.
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5.6. Comparative Analysis
ThecomparativeanalysisoftheproposedFWGOclassifierbyevaluatingtheperformanceofother
comparativetechniquesispresentedinthissection.Thecomparativeanalysisisperformedbychanging
theupscalingfactorsandtheblocksizes,andtheresultsareevaluatedbasedonmetrics,suchas,
SecondDerivativelikeMeasureofEnhancement(SDME).

5.6.1. Based on Upscaling Factor
ThecomparativeanalysisofthemethodsisdiscussedbasedonSDMEusingFigure5forvarying
upscalingfactors,denotedasr.TheanalysisbasedonSDMEforvideo1isshowninFigure5a.When
thevalueofrisfixedto2,thevaluesofSDMEforexistingtechniques,likenearestinterpolation,
bicubic interpolation,bilinear interpolation,multikernel regression,GWO,FGWOandproposed
FGWO+DeepCNNare50.902,53.928,55.119,60.104,49.318,60.630,and76.801.Similarly,for
thevalueofrisfixedto5,theSDMEvaluesmeasuredbynearestinterpolation,bicubicinterpolation,
bilinearinterpolation,multikernelregression,GWO,FGWOandproposedFGWO+DeepCNNare
51.179,57.787,59.101,67.512,40.467,68.532,and75.099.Itisclearthattheproposedmethod
acquiredamaximalvalueofSDMEwhencomparedwiththeexistingworks.

TheanalysisbasedonSDMEwithvaryingthevaluesofrforvideo2isshowninFigure5b.
Whenthevalueofrisfixedto5,thevaluesofSDMEfornearestinterpolation,bicubicinterpolation,
bilinearinterpolation,multikernelregression,GWO,FGWOandproposedFGWO+DeepCNNare
43.039,59.184,58.379,76.589,41.059,80.887,and80.887.Similarly,forthevalueofrisfixedto
6,theSDMEvaluesmeasuredbynearestinterpolation,bicubicinterpolation,bilinearinterpolation,
multikernelregression,GWO,FGWOandproposedFGWO+DeepCNNare49.844,61.388,63.571,
74.424,29.034,77.088and77.088.

TheanalysisbasedonSDMEmetricforvideo3isdepictedinFigure5c.Whenthevalueofris
fixedto5,thecorrespondingSDMEvaluesobtainedbynearestinterpolation,bicubicinterpolation,

Figure 4. Experimental outputs of the proposed face SR technique: (a) Input video frame; (b) SR output
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bilinearinterpolation,multikernelregression,GWO,FGWOandproposedFGWO+DeepCNNare
40.312,58.482,57.862,72.716,45.415,77.317,and77.317.Similarly,whenthevalueofrisfixedto
3,theSDMEvaluescalculatedbynearestinterpolation,bicubicinterpolation,bilinearinterpolation,
multikernelregression,GWO,FGWOandproposedFGWO+DeepCNNis52.251,56.005,55.808,64,
30.387,65.173,and76.374.TheanalysisbasedonSDMEmetricforvideo4isdepictedinFigure5d.

Whenthevalueofrisfixedto2,thecorrespondingSDMEvaluesobtainedbynearestinterpolation,
bicubic interpolation,bilinear interpolation,multikernel regression,GWO,FGWOandproposed
FGWO+DeepCNNare49.817,53.062,54.178,57.677,31.323,58.1949,and78.323.Forthevalue
ofrisfixedto4,theSDMEvaluescalculatedbynearestinterpolation,bicubicinterpolation,bilinear
interpolation,multikernelregression,GWO,FGWOandproposedFGWO+DeepCNNare50.277,
57.984,59.413,66.051,67.079and75.960.Itisclearthattheproposedmethodacquiredamaximal
valueofSDMEforalltheconsideredvideoswhencomparedtopreviousworks.

5.6.2. Based on Block Size
ThecomparativeanalysisofthemethodsisanalyzedbasedonSDMEforvaryingblocksizesusing
Figure6.TheanalysisbasedonSDMEforvideo1isshowninFigure6a.Whentheblocksizevalueis

Figure 5. SDME analysis based on upscaling factor for: (a) Video 1; (b) Video 2; (c) Video 3; and (d) Video 4
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fixedto2,thevaluesofSDMEfornearestinterpolation,bicubicinterpolation,bilinearinterpolation,
multikernelregression,GWO,FGWOandproposedFGWO+DeepCNNare51.179,57.787,59.1,
67.512,36.022,68.532,and73.217.Similarly,fortheblocksizevalueis5,theSDMEvaluesmeasured
bynearestinterpolation,bicubicinterpolation,bilinearinterpolation,multikernelregression,GWO,
FGWOandproposedFGWO+DeepCNNare51.433,52.514,53.450,57.197,21.205,57.150,and
72.304,respectively.ItisclearthattheproposedmethodacquiredamaximalvalueofSDMEwhen
comparedwiththeexistingtechniques.

TheanalysisbasedonSDMEwithvaryingblocksizeforvideo2isshowninFigure6b.When
theblocksizevalueisfixedto2,thevaluesofSDMEforthetechniques,suchasnearestinterpolation,
bicubic interpolation,bilinear interpolation,multikernel regression,GWO,FGWOandproposed
FGWO+DeepCNNare51.868,58.727,60.098,70.660,33.164,71.828and72.729,respectively.
Similarly,fortheblocksizevalueis6,theSDMEvaluesmeasuredbynearestinterpolation,bicubic
interpolation,bilinearinterpolation,multikernelregression,GWO,FGWOandproposedFGWO+Deep
CNNare49.524,50.936,51.767,26.543,57.919,and71.277.TheanalysisbasedonSDMEmetric
forvideo3isdepictedinFigure6c.Whentheblocksizevalueis3,thecorrespondingSDMEvalues
obtainedbynearestinterpolation,bicubicinterpolation,bilinearinterpolation,multikernelregression,
GWO,FGWOandproposedFGWO+DeepCNNare56.213,54.872,55.602,62.055,25.687,63.091
and73.073,respectively.Similarly,fortheblocksizevalueis5, theSDMEvaluescalculatedby
nearest interpolation, bicubic interpolation, bilinear interpolation, multikernel regression, GWO,
FGWOandproposedFGWO+DeepCNNare50.421,51.445,52.472,56.332,10.894,56.221and
72.577,respectively.ItisclearlyshownthattheproposedmethodacquiredamaximalvalueofSDME
forvideo3whencomparedwiththeexistingmethods.

TheanalysisbasedonSDMEmetricforvideo4isdepictedinFigure6d.Whentheblocksize
valueis2,thecorrespondingSDMEvaluesobtainedbynearestinterpolation,bicubicinterpolation,
bilinearinterpolation,multikernelregression,GWO,FGWOandproposedFGWO+DeepCNNare
50.277,57.985,59.413,66.052,23.389,67.079and73.497,respectively.Similarly,fortheblock
sizevalueis4,theSDMEvaluescalculatedbynearestinterpolation,bicubicinterpolation,bilinear
interpolation,multikernelregression,GWO,FGWOandproposedFGWO+DeepCNNare49.551,
52.340,52.996,57.474,26.063,57.978,and71.043,respectively.Fromtheabovedata,itisclear
thattheproposedmethodacquiredamaximalvalueofSDMEwhencomparedtoexistingmethods.

5.7. Discussion
Table2describesthediscussionregardingthemaximumvaluesattainedbytheexistingtechniques
withtheproposedtechnique.Thevaluescomputedbynearestinterpolationmethodwhilevaryingr
andblocksizeprovidesSDMEvalueas53.232and56.295,respectively.Thenthevaluescomputed
bybicubicinterpolationmethodbyvaryingrandblocksizeprovidesSDMEvaluesas61.388and
58.727.ThevaluescomputedbybilinearinterpolationwhilevaryingrandblocksizeprovidesSDME
valuesas62.947and60.098, respectively.Similarly, theSDMEvaluesmeasuredbymultikernel
regressionmethodbyvaryingrandblocksizeare76.589and70.660.Likewise,theSDMEvalues
measuredbyGWOalgorithmwhilevaryingrandblocksizeare49.318and41.484andthevalues
computedbyFGWOalgorithmbyvaryingrandblocksizeprovidesSDMEvaluesas78.099and
71.828.Fromthecomparativediscussion,itisconcludedthattheSDMEvaluesmeasuredbythe
proposedFGWO+DeepCNNalgorithmbyvaryingrandblocksizeare80.888and73.497.Thus,
theproposedmethodshowsthesuperiorperformancethantheexistingmethods.

6. CONCLUSION

Thispaperpresentstheproposedtechniqueofmulti-viewfaceresolutionbasedondeeplearning
andFGWO–basedkernelweightedregressionmodel.Initially,thevideoframesareextricatedfrom
theinputfacevideoandfaceregionsintheframesaredetectedusingViola-Jonesalgorithm.The
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Figure 6. SDME analysis based on block size for: (a) Video 1; (b) Video 2; (c) Video 3; and (d) Video 4

Table 2. Comparative discussion

Methods
SDME

Upscaling Factor Block Size

Nearestinterpolation 53.232 56.295

Bicubicinterpolation 61.388 58.727

Bilinearinterpolation 62.947 60.098

Multikernelregression 76.589 70.660

GWO 49.318 41.484

FGWO 78.099 71.828

FGWO+DeepCNN 80.888 73.497
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detectedfaceimageandthescalingfactorsarefedastheinputtotheFGWO-basedkernelweighted
regressionmodelandthedeepCNNseparately.Then,theresultsobtainedfromboththetechniques
areintegratedusingfuzzylogicsystemforfinalsuper-resolutionimageandthereby,theproposed
techniquehasimprovedvisualclarity.SDMEisthemetricconsideredforcomputingtheperformance
oftheproposedsuperresolutionmethod.TheproposedtechniqueisexperimentedusingUCSDface
videodataset.Fromtheanalysis,itisnotedthatthedevelopedtechniqueenhancedtheperformance
ofsuper-resolutionbyachievingthemaximumSDMEvaluewhilevaryingrandblocksizeas80.888
and73.497,respectively.Hencetheresultsobtainedfromtheproposedmethodshowsbestbehaviour
thantheexistingmethods
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