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ABSTRACT

This article aims to recognize Odia handwritten digits using gradient-based feature extraction
techniquesandClonalSelectionAlgorithm-based(CSA)multilayerartificialneuralnetwork(MANN)
classifier.Fortheextractionoffeatureswhichcontributethemosttowardsrecognitionfromimages,
are extracted using gradient-based feature extraction techniques. Principal component analysis
(PCA)isusedfordimensionalityreductionofextractedfeatures.AMANNisusedasaclassifierfor
classificationpurposes.TheweightsoftheMANNareadjustedusingtheCSAtogetoptimizedsetof
weights.TheproposedmodelisappliedonOdiahandwrittendigitstakenfromtheIndianStatistical
Institution(ISI),Calcutta,whichconsistsoffourthousandsamples.Theresultsobtainedfromthe
experimentarecomparedwithagenetic-basedmulti-layerartificialneuralnetwork(GA-MANN)
model.TherecognitionaccuracyoftheCSA-MANNmodelisfoundtobe90.75%.

KEywORDS
Artificial Neural Network, Classification, Clonal Selection Algorithm, Feature Extraction, Odia Digit Recognition, 
Preprocessing

INTRODUCTION

Hybridapproachisoneofthemaincharacteristicsofthecontributionofsoftcomputing.Hybrid
approach is the integration of already existing techniques. There are several population-based
optimization algorithms inspired by biological evolution. These optimization algorithms can be
integratedwithothertechniquestoincreasetheperformanceofamodel.CSA-MANNisanapproach
whichincorporatesclonalselectionalgorithmandartificialneuralnetwork(Majhietal.,2011;Xuefeng
etal.,2017).ANeuralnetworkisdesignedtoadoptinasimilarwaythehumannervoussystem
works.Itlearnsfromasetofpastdataorpre-defineddatawithclasslabelanddevelopsamodelthat
canbeappliedtounseendatawithoutclasslabel.Theyhavetheabilitytoadapttocircumstances
andlearnfrompastexperience.NeuralNetworkcanmodelcomplexnon-linearrelationshipsand
areappropriatelysuitedforclassificationphenomenonintopredeterminedclass.Itisdifficulttoa
getoptimizedsetofweightbyusingMANN.Ontheotherhand,aCSAisanevolutionaryalgorithm
whichmimicsthebehavioroflivingorganismtoadapttotheenvironment.InCSAinitiallyanumber
ofsolutionsaregenerated.Outofthepossiblesolutionsbestpossiblesolutionsarechosen.Then
someoftheacceptedsolutionsaregeneratedusingthefactorsofbestchoicesandtheprocessis
repeatedagainandagain.Theaboveprocessisrepeateduntiladesiredsolutionisfound.CSAis
usefulforfindingtheoptimalsolutionsfromanumberofalternativesolutionsforaproblem.CSA
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canbeeffectivelyusedtooptimizetheweightsofaneuralnetworkwhichisverydifficulttask.In
thisproposedworkCSA-MANNintegratedmodelisusedtodeterminetheweightsofamultilayer
feedforwardneuralnetworkusingbackpropagationconcept.Thebackpropagationalgorithmsare
basedongradientdescent-basedlearningmethodfortheupdateofweightsofthemulti-layerartificial
neuralnetwork.Thenetworkarchitectureof theproposedMANN isbasedonbackpropagation
learningmethodandrealcodedchromosomesareusedforimplementingCSAascomparedtobinary
codedmethods.Optimizationtechniqueisusedfortheselectionofbestsolutionamonganumber
ofalternatives.Alargenumberofoptimizationtechniqueshavebeenappliedbytheauthorsforthe
identificationofhandwrittencharacters.Inmostofthecasestherecognitionaccuracyofthesystem
dependsonthecombinationoffeatureextractiontechniquesandclassifiersusedforrecognition.
InNawwafetal.(2001)developedasystemforrecognitionofonlineArabiccharactersregardless
oftheorientation,positionandsizeoftheinputpattern.Modifiedquadraticdiscriminantfunction
(MQDF)fortheclassificationofhandwrittenChinesecharacter(Xiaohuaetal.,2017).Sparsecoding
isusedtocompacttheparametersofMQDF.Theyhaveadoptedmaximumlikelihood-basedandthe
K-SVDmethodstobuildtwocompactMQDFclassifiers.InRinaetal.(2017)theauthorsintegrated
hiddenMarkovmodelandharmonysearchalgorithmforrecognitionofwriterindependentonline
Kurdishcharacterrecognition.Thesystemisappliedonadatasetof4500wordsandarecognition
rateof93.52%isachievedwiththismodel.XuefengXiaoetal.(2017)proposedconvolutionalneural
network(CNN)modelforrecognitionofhandwrittenChinesecharacterandadaptivedrop-weight
technique forpruningCNNparameter. InRitesh et al. (2016) the authorshaveproposed region
samplingmethodologiesbasedonanon-dominatedsortingharmonysearchalgorithmandanon-
dominatedsortinggeneticalgorithmforrecognitionofBanglacharacter.Anaxiomaticfuzzyset
(AFS)basedfuzzylogicisusedforintegratingthepareto-optimalsolutionfromthemulti-objective
heuristicsalgorithm.Recognitionaccuracyof86.64%and98.23%isanobtainedforhandwritten
Banglacharacteranddigitsrespectively.AdeeplearningtechniqueispresentedinRoyetal.,(2017)
forrecognitionofcompoundcharacterofBanglascript.Theauthorsemployedlayerwisetrainingto
deepconvolutionalneuralnetworkaugmentedwithRMSPROPalgorithmforfasterconvergence.A
newbenchmarkofrecognitionaccuracyishighlightedontheCMATERdb3.1.3.3dataset.InBoufenar
etal.(2018)theauthorsproposeddeepconvolutionalneuralnetwork(DCNN)usingtransferlearning
strategiesonOIHACDBandAHCDoff-lineisolatedhandwrittenArabiccharacter.

Recently clonal selection algorithm has been used in many applications like wind power
forecasting,BrainMRimagesegmentation,short-termhydrothermalscheduling,powergenerators
maintenancescheduling,automaticclustering,virusdetection,forurbanbusscheduling,construction
siteutilizationplanninganddevelopmentofdigitalchannelequalizer.In(Chitsazetal.,2015)the
authorshaveproposedClonalselectionalgorithm-basedwaveletneuralnetworkforoptimizationof
freeparametersofwaveletneuralnetworkforwindpowerforecasting.TongZhangetal.(2012)have
incorporatedCSAintohiddenMarkovrandomfield(HMRF)modelforbrainimagesegmentationand
producedmoreaccurateresult.R.K.Swainetal.(2011)proposedCSAbasedevolutionaryapproach
forobtainingasolutiontoshort–termhydrothermalschedulingproblem.Theproposedalgorithm
iscomparedwithotherevolutionarytechniquesandproducedbetterresult.InEl-Sharkh(2013)the
authorshaveintroducedanovelmethodforpowergeneratorsmaintenanceschedulingwhereCSAis
usedforobtainingoptimumsolution.Agenetransposon-basedcloneselectionalgorithm(GTCSA)
hasbeenproposedinLiuetal.(2012)tofindsatisfiednumberofclustersautomatically.Theauthors
comparedtheresultsoftheproposedmodelwithothermodelsandobtainedgoodperformance.A
novelapproachhasbeenpresentedbytheauthorsinAfanehetal.(2013)fordetectionofcomputer
virususingClonalselectionalgorithmandachieved94.4%accuracyindetectionofvirus.Xinguo
Shuietal.(2015)hasproposedaClonalselectionalgorithm-basedbusvehicleschedulingapproach
forfindinganoptimumsolutiontorealworldproblemwithinafewseconds.InWangetal.,(2016)
theauthorshaveintroducedClonalselectionalgorithmforconstructionsiteutilizationplanningto
supportconstructionprocessandproducedefficientresultswiththeproposedsystem.InNandaetal.,
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(2008)theauthorshaveproposedanoveldigitalchannelequalizerusingartificialimmunesystem.
TheperformanceoftheproposedmodelisfoundtobesuperiorascomparedtoLMSandGAbased
models.Inliterature,MANNhasbeenusedinlargenumberofapplicationsforsolvingproblems.Also,
optimizationalgorithmshavebeenappliedtosolvecomplexproblems,buttheyarelessexploredinthe
fieldofpatternrecognition.CSAbasedevolutionarytechniquehasnotbeenexploredinliteraturefor
recognitionOdiacharacter.Developmentofnovelmethodsforrecognitionofhandwrittencharacter
isaverychallengingissueastherearealargenumberofvariationsfoundinhandwrittencharacters.
Propercombinationoffeatureextractiontechniquesandclassificationmethodshassignificanteffect
onthedevelopmentofanefficientrecognitionmethodforunconstrainedhandwrittencharacters.In
thisworkaCSAalgorithmisusedforweightoptimizationofMANNclassifier.Allgenericphases
likepreprocessing,featureextractionandrecognitionrequiredforcharacterrecognitionareappliedto
theimages.Theoperationsmedianfiltering,cannyedgedetectionandnormalizationofpreprocessing
phasearecarriedoutinthispaper.Gradientbasedfeatureextractionapproachisusedforextraction
offeaturesfromtheimagesofhandwrittencharacter.Theextractedfeaturesarereducedfurtherusing
principalcomponentanalysis(PCA).Acombinationofgradientbasedfeatureextractionapproachand
CSAbasedMANNmodelforrecognitionhasnotbeenattemptedbefore.Experimentalworkshows
thatthiscombinationschemehastheeffectofincreasingtheperformanceofrecognitionsystem.
Figure1showsoverallrepresentationoftheproposedmodel.

ORGANIZATION OF THE PAPER

Thearticleisorganizedintotensections.Secondsectiondescribespreprocessingandfeatureextraction
phase.ThirdsectiondescribesMANNwithbackpropagation.FourthSectiondescribestheclonal
selection(CSA)algorithm.SectionfivedescribesCSAbasedMANNclassifier.Weightoptimization
ofMANNmodelusingCSAalgorithmisdescribedinsectionsix.Sectionsevendescribesbasicsof
GA.Section8describesweightoptimizationofMANNmodelusingCSAalgorithm.Sectionnine
highlightssimulationcarriedout.Sectiontendescribestheoutcomesoftheexperimentcarriedout.

PREPROCESSING AND FEATURE EXTRACTION

Thefirstphaseincharacterrecognitionispreprocessing.Thisphaseiscarriedouttoimprovethe
qualityofimagescannedandremovealltypeofabnormalitiesassociatedwiththescannedinput
image.Variousoperationsofpreprocessingincludenormalization,thinning,filtering,skewcorrection
andremovalofnoise.Inthisworkthehandwrittendigitsareconsideredtobeunconstrainedand

Figure 1. Clonal selection based multilayer artificial neural network model
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isolated.Theimagesofthedigitsarepreprocessedfirsttoremovenoiseandvariabilityinimages.A
medianfiltering-basedapproachisusedforfilteringandthesizeofallimageswithdifferentsizes
areconvertedtoasizeofcommonstandard64X64pixels.Cannyedgedetectorisusedfordetection
ofedgesoftheimages.AsetofOdiahandwrittendigits(0-9)isshowninfigure2.

Feature Extraction using Gradient Technique
Extractionoffeaturehassignificantimportanceincharacterrecognition.Thisstepishighlynecessary
toextractsignificantfeaturesfromtheimages.As,inanimageallfeaturesarenotsignificant,the
importantfeatureswhichwillcontributealottotherecognitionphaseareextracted.Inthiswork
afterpreprocessing,gradientbasedapproachisusedforextractionoffeaturesfromtheenhanced
imageandfeaturevectorisgenerated.ThefeaturesoftheimagesarefurtherreducedusingPCA.
Basically,agradientrepresentsthevariationinthedirectionofchangeofintensityorcolorofan
image.Thegradientfromanimageiscalculatedfromthestrengthanddirectionsofthepixels.After
thegenerationofsignificantfeatures,thedimensionalityofthefeaturevectorisfurtherreducedfrom
2519to75numbersbyusingPCA.Thedirectionofimageisshowninfigure3andthestrengthof
imageisshowninfigure4.Thedirectionandstrengthf(u,v)iscalculatedasfollows
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Calculation of Gradient from the images
Thestepsforcalculationofgradientfeatureisasfollows

1. Usingtheaboveequation(1)thedirectionofgradientisquantizedto32levelswith∏/16interval.
2. Foreachnormalizedimageablocksizeof9×9istaken.
3. Ineach32directionthestrengthoftheimageisaccumulatedseparatelyforeachblock.

Astheimagesarecircularinnaturethegradientofthedigitimageiscalculatedtakingintothe
circularitynatureoftheimage.

Figure 2. shows a set of Odia handwritten digit (0-9)
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MANN wITH BACKPROPAGATION LEARNING

StepinvolvedforthedevelopmentofANNclassifierwithbackpropagationlearningalgorithmare
asfollows(Beale,1996;Haykin,1999).
Step1: (Datacollection)Collect thedataset tobeused for the implementationof theproposed
model.
Step2: (Partitioningofdata)divideavailabledatasetrandomlyinto90%and10%ofdataset.
Step3: (Architecture)SelectasuitablearchitecturefortheMANNwithinputlayer,hiddenlayer
andoutputlayer.
Step4: (Parametertuningandweightinitialization)initializethenetworkweightsandparameters.
Often,theinitialvaluesareimportantindeterminingtheeffectivenessandlengthoftraining.
Step5: (Datatransformation)Astheimagesareintheformofpixels,transformtheimagessothat
theycanbeusedbytheMANNwithoutanycomplexity
Step6: (Training)Multiplytheinputswiththeweightsofthemultilayerartificialneuralnetwork.
Useactivationfunctionforobtainingoutputs.Obtainfinaloutputfromthenetwork.Comparethe
obtainedoutputwiththetargetoutputtogenerateerrors.Usingtheerrorsadjusttheweightsuntila
desiredsetofweightsareobtained.
Step7: (Testing)Afterdevelopmentofmodel,testthemodelwithunknowndatawiththefinalized
weights.Calculatetheaccuracyofthemodelusingperformancemeasures.

Figure 3. Image showing direction of gradient

Figure 4. Image showing strength of gradient
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CLONAL SELECTION ALGORITHM (CSA)

Clonalselectionalgorithmisanoptimizationalgorithmwhichfallsundertheareaofartificialimmune
systems (Nanda et al., 2008). CSA is inspired by clonal selection theory of acquired immunity.
Immunityistheconditionofanorganismtoresistdisease.CSAdescribeshowtheimmunecellsreact
toantigens.CSAlearnsthesamewaytheantibodiesofourimmunesystemlearnadaptivelyhowto
actagainstantigenandreactuponit.CSAworkstakingintoaproblemfunctionfun(z).Thefunction
fun(z)isoptimizedusingCSA.Attheinitialstepanumberofpossiblesolutionsaregenerated.The
affinityorfitnessiscalculatedusingtheantibodies.Affinitydeterminesoutofnumberofantibodiesthe
onewhichwillbeclonedwithrestoftheantibodies.Aftercloningtheclonedantibodiesarechanged
ormutatedwithmutationparameter.Aftermutationthefitnessofeachantibodiesarecalculatedagain
andtheantibodiesaresortedaccordingtotheirfitnessvalue.Theaffinitiesareevaluatedanumber
oftimesandfinallyaffinitywiththebestoutcomegivesthefinalsolutionoroptimumsolutionfor
theproblem.ThestepsofClonalSelectionAlgorithmareasfollows
Step1: Createanumberofantibodies.Thesetofantibodiesrepresentscurrentcandidatesolutions
ofaproblem.
Step2: Calculatethefitnessvaluesofeachantibodies.
Step3: Sorttheantibodiesinascendingorderaccordingtotheirfitnessobtained.Inthepresent
worklowestaffinityorfitnessindicatesbetterfitnessandhighestaffinityindicateslowerfitness.
Step4: Clonetherestoftheantibodieswiththelowestfitnessantibodieswithpredefinedratio.
Step5: Withthemutationratiomutatetheantibodies.Theantibodieswithlowestaffinityinthe
presentworkaremutatedhigherandtheantibodieswithhigheraffinityaremutatedlesstogetan
optimumsolution.
Step6: Foreachantibodyevaluatethenewaffinityvalues.
Step7: Tillthedesiredsolutionisreachedrepeatthesteps3to6.
CSA BASED MANN CLASSIFIER

TheschematicdiagramofCSA-MANNmodelisshowninfigure5.ThemultilayerMANNhastwo
hiddenlayerswithanarchitecture75-5-10.Theoutputlayerconsistsoftenoutputs.Initiallytheinput
samplesareappliedtoANNandtheweightsaremultipliedtotheinputstoproducetheintermediate
outputs.Theoutputsproduced fromone layerareusedas input for thenext layer.LogSigmoid
functionisusedastheactivationfunction.ThefinaloutputsoftheMANNarecomparedwiththe
actualoutputanderrortermsaregenerated.Theerrortermsareusedforobtainingfitness.Basing
onthemeansquareerror(MSE)theweightsoftheMANNareoptimizedusingCSA.

wEIGHT UPDATION OF MANN MODEL USING 
CLONAL SELECTION ALGORITHM

ThestepsforoptimizationofweightsofMANNmodelusingCSAare(Nandaetal.,2008)

Step1:Initialization:RandomlyinitializetheweightsoftheMANNmodelwithintherange0to1.
EachweightoftheMANNmodelrepresentsacellandnnumberofsuchweightvectorsistaken.
Eachweightvectorrepresentsapossiblesolutionfortherecognitionproblem.

Step2:Outputcalculation:Let‘k’bethetotalnumberofinputsamplestaken.Passtheinputsamples
totheMANNstructure.Computetheoutputofthemodelusinginputsamplesandweightvector.

Errorgeneration:Thegeneratedoutput y k n' ,( ) ofthemodelfor k th sampleand nth vectoris
comparedwiththetargetoutputtogenerateerrortermsusing(2)
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e k n y k n y k n, , ,'( ) = ( )− ( )  (2)

FitnessEvaluation:Foreachweightvectormeansquareerror(MSE)isobtainedusing(3)
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ThefitnessfunctionisminimizedbyCSAtooptimizetheweightsofMANNclassifier.
Step5: Selection:CorrespondingtolowestMSEselecttheweightsvector.
Step6: Cloning:DuplicateallweightsetswiththeweightsethavingminimumMSE.
Step7: Mutation:Thecellsarechosenrandomlyandmutatedcorrespondingtomutationprobability
Pm
Step8: Repeatthestepsfrom2to6untildesiredsolutionisreached.
BASICS OF GENETIC ALOGORITHM

Geneticalgorithm(GA)isbasedontheprincipleoftheoryofevolutiongivenbyDarwin(Rajasekaran
etal.,2003).Accordingtotheprincipalofnaturethehigh-fittedindividualalwaysdominatesthe
low-fitted individual for resources.Unlikegradient based algorithm GA is a heuristic searching
basedadaptiveevolutionaryalgorithmwhichisprimarybasedontheprincipleofnatureselection,
crossoverandmutationtoreachtowardsitsgoal.Thebasicstepsofgeneticalgorithmareasfollows
Step1: Initialization:Randomlyinitializethepopulationwithanaimtoincludeallpossiblesolution
tothegivenproblem.LetNrepresentschromosomesofthepopulationwhicharerandomlyinitialized.
SettheparametersofGAlikecrossoverparameterPcross ,mutationparameterPmutation ,totalsizeof
thepopulation,lengthofthechromosomeandmaximumnumberofiterations.
Step2: Evaluationoffitness:Calculatethefitnessofeachchromosomeusingfunction fun Chm� � 

u s i n g  o b j e c t i ve  f u n c t i o n  i . e .  fun Chm fun Chm fun ChmN1 2� � � �� � �,  w h e r e
Chm Chm Chm ChmN� �

1 2
, , , foreachsolutionChm ofthepopulation.

Step3: Selection:Selectthechromosomeshavingbestfitnessvaluefromtheentirepopulationso
thattheycanbeusedforreproduction.
Step4: Crossover:Generatenewoffspringusingcrossoveroperationwithcrossoverprobability
Pcross .

Figure 5. Schematic diagram of CSA based MANN
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Step5: Mutation:Aftercrossoveroperationapplymutationoperationwithmutationprobability
Pmutation inordertoavoidtheoffspringstobesameastheparents.
Step6: Populationfornextgeneration:Thechromosomeswithlowerfitnessarereplacedwiththe
chromosomeswithbestfitness.Replacetheearlierpopulationwiththenewone.
Step7: Untiladesiredsolutiontotheproblemisobtainedgotostep2fornextgeneration.
Step8: Optimum Solution: Obtain the optimum solution for the objective function under
consideration.Figure6representstheflowdiagramofgeneticalgorithm.

wEIGHT OPTIMIZATION USING GA-MANN MODEL

ThefinalsetofweightsofMANNisobtainedusinganintegratedmodelofGAandMANN.InGA
basedMANN,GAalgorithmisusedtooptimizetheweightofneuralnetwork(Rajesekaranetal.,
2003).GAworkswithan initialpopulationconsistingofanumberofchromosomeswhereeach
chromosomerepresentstheweightsoftheANN.Eachchromosomeisassignedafitnessvalueby
applyingtheweightstoNnumberofinputsamplesinthetrainingset.Thefitnessvaluegivesthe
effectivenessofasolutiontowardssolvingaproblem.Theindividualwithworstfitnessisreplaced
withindividualwithbestfitness.Thisyieldnewindividualstringsasoffspring.Theindividualswith
bestfitnessvaluesfromthecurrentgenerationsareselectedtogeneratenewpopulationofpossible
solution.Theprocessisrepeatedmanytimesandaftercertaingenerationschromosomeswithbest
fitnessareinheritedtoprovideoptimumsolutiontotheproblemunderconsideration.ABPN(Back
propagationneuralnetwork)with75-5-10configurationisassumedinthispaper.

Thenumberofweightstakenforthenetworkis425.Eachweightisarealnumberandarandom
digit d = 5 is used for representing a weight value. The string S representing the length of the
chromosomeis2125.Figure7representssamplechromosome,generatedusing(6)consistsof425
genes. During training phase N number of input samples of the dataset is multiplied with their
correspondingweightsandtheiroutputsarecalculated.Thepredictedoutputiscomparedwiththe
desiredoutputtoproducetheerrore

i
.AtthecompletionofallsamplesNerrorsareproduced.The

desiredoutputandthepredictedoutputareusedtocalculateMSE(MeanSquareError).Themean
squareerror(MSE)correspondingto ith chromosomeisdeterminedbythefollowingequation

Figure 6. Flow diagram of genetic algorithm
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ForeachchromosomeMSEisobtainedandtheaverageofallMSEiscalculatedtoproduce
MMSE(Meanofmeansquareerror).

Theweightoptimizationprocessisrepeatedforanumberofgenerations(t)untilconvergence.
EquationforcalculationofMMSE(Meanofmeansquareerror)isasfollows

MMSE t mean MSE( ) = ( )  (5)

TobestdistinguishamongthetargetclassesinsteadofbinarycodedGA,arealcodedgenetic
algorithm(RCGA)isusedinthispaper.TheRCGAishybridizedwithMANNtogetanoptimized
solutioni.e.asuitablesetofweightsforMANN.Thelengthofeachgeneinachromosomeistaken
5.Sothetotallengthofthechromosomeis2125.TakeapopulationP0 withsizep.Fortheoptimization
oftheweightsofMANN,theproposedmodelusesalgorithmRCGA-MANN-WT().Forevaluation
offitnessfunctionofindividualchromosomesinthealgorithmFITNESS()isused.Initialsetof
weightsfortheMANNaregeneratedusingRCGA-MANN-WT()algorithm.Atfirsttheinputsof
ANN classifier is multiplied with the generated weights where each set of weights represents a
chromosomes.Allinputsamplesaremultipliedwithsamesetofweightsandtheoutputsaregenerated
takinglogsigmoidasactivationfunction.Finaloutputisobtainedattheoutputlayer.Theerrorterms
aregeneratedcomparingtheevaluatedoutputandtargetoutput.UsingFITNESS()algorithmthe
fitnessvalueofeachchromosomeisevaluated.Thefitnessvaluesareusedforadjustingtheweights
ofMANNusingevolutionaryapproachCSA.Forcrossoveroperationtwo-pointcrossovermethod
isusedwithcrossoverparameter p

cross
= 0 8. .Inordertoavoidthenewlygeneratedchromosomes

tobesameastheparentsmutationoperatoriscarriesoutwithmutationparameter p
mutation

= 0 1. .
Aftermutationoperationthenewlygeneratedoffspringsarecombinedwithparentpopulation.The
chromosomes are sorted according to their fitness value from high fitness to low fitness. The
chromosomeswithhighfitnessvaluesareselectedoutoftheentirepopulation p togeneratenew
population.Thenewpopulationisusedinnextgeneration.AllgenericstepsofGAfitnesscalculation,
selectionoperation,crossoveroperation,mutationoperationandgenerationofnewpopulationfor
nextgenerationarerepeatedanumberoftimesuntiladesiredsolutionorstoppingcriteriaisreached.

Figure 7. Sample Chromosomes randomly generated for the BPN weights
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InitialsetofweightsforMANNaregeneratedusingequation6.Fitnessofeachindividualiscalculated
usingFITNESS()algorithm.
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WeightUpdationusingRCGA-ANN-WTModel
{   
initialize u = 0;
Using (6) generate initial population P

u
 with m number of real 

coded chromosomes C
v
u . Each chromosome corresponds to a set of 

weights for the MANN.  
Repeat until the desired solution is not reached 
{ 
Using FITNESS() algorithm evaluate the fitness value of  F

v
u  value 

of each chromosome, C P
v
u u   ;

Replace the chromosomes having low fitness value with the 
chromosome having high fitness value and create the mating pool; 
Apply two point cross over operation to the t population to 
generate offspring; 
Apply mutation operation using mutation operator; 
Apply selection operation to generate new population; 
u u= +1;
Replace the old population P

u
 with new population;

} 
Obtain suitable set of weights from Pu  to be used finally by 
MANN; 
}

CalculationofFitnessUsingFITNESS()Algorithm
Let Inp Inp Inp Inp Inp

u u u u lu�� , �
,� , �,= …( )1 2 3

 represents the inputs and  

Target Target Target Target Target
u u u u nu�� �

,� , ,� ,�= …( )1 2 3
 represents the outputs of a 

MANN. Architecture of ANN used is 75-5-10 . 
For each chromosome 
{ 
Obtain initial set of weights weight

u
 from C

u
  by using (6)

 Take N number of input samples and train MANN keeping Weight
u
 same 

for all input sample. 
For each input sample generate error using the following formula 

Error Target out
u

v
vu vu

= −( )∑�
2
 where out

u
 represents the output obtained 
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with MANN 
Calculate the root mean square error  using (7)

Error
Error

N
u u

=
∑ ,u p= …1 2, , , ;  (7)

Calculate the fitness F
u
    for each chromosome as follows

F
Erroru

=
1  (8)

} 
Output F

u
 for each chromosome

}

SIMULATION STUDy FOR CSA-MANN MODEL AND GA-MANN MODEL

TheproposedCSA-MANNmodel is implementedusingMATLAB.ThehandwrittenOdiadigit
databasecollectedfromISICalcuttaisusedfortheexperimentalwork.Theproposedsystemistrained
with3600numberofsamples.Thedigitsarecategorizedintoatmosttencategories.Theclassification
modelistestedwiththerestoftenpercentofsamplesconsistingof400numbersofsamples.The
modelistrainedusingthetrainingsetofdataandtherecognitionaccuracyiscalculatedforthetest
data.Fivefoldcrossvalidationisusedfortrainingthedata.Theimagesarenormalizedandmedian
filteringisappliedinpreprocessingstep.Cannyedgedetectionapproachisusedfordetectionofedges.
Gradientbasedapproachisusedtogeneratefeaturevector.Thedimensionoffeaturevectorisfurther
reducedusingPCA.ThefeaturesarethenappliedasinputstotheMANNmodel.Thearchitectureof
MANNistakenas75-5-10andsigmoidactivationfunctionisusedfortheoutputs.Theerrorterms
arecalculatedbasedontheactualandcalculatedoutputs.TheweightsoftheCSA-MANNmodelare
optimizedusingCSAalgorithm.Meansquareerror(MSE)iscomputedusingtheerrorterms.The
parametersofCSAare:80items,mutationparameter=0.1,numberofgenerationtakenis1000.For
GA-MANNmodeltheweightsoftheANNareinitializedusing(6).TheinputsampleofANNis
multipliedwiththeinitialweightsofANNandoutputsareproduced.Logsigmoidactivationfunction
isusedforobtainingtheoutputs.ThefinaloutputsgeneratedfromMANNarecomparedwiththe
actualoutputforgeneratingerrorterms.TheweightsoftheMANNareadjustedusingGAalgorithm
tominimizetheerrorterms.TheparametersusedforGA-MANNare:80chromosomes,crossover
parameter=0.8,mutationparameter=0.1,1000numberofgeneration.Figure8showstheconfusion
matrixobtainedduringvalidationofCSA-MANNmodelwithequalnumberofclasses.Thisshows
theeffectivenessofthemodelinrecognitionofOdiahandwrittendigits.Therecognitionaccuracy
ofCSA-MANNmodelisalsocomparedwithGA-MANN.Figure9showstheconfusionmatrixof
GA-MANNhybridmodel.Table1showstheindividualaccuracyofclassesandoverallaccuracy
forCSA-MANNandGA-MANNmodel.TheresultsobtainedshowthattheproposedCSA-MANN
modelyieldshigherrecognitionaccuracyascomparedtoGA-MANNhybridmodel.

CONCLUSION

In this article, an attempt has been made to recognize the Odia handwritten digits using CSA-
MANNhybridmodel.TheweightsoftheMANNmodelareoptimizedwithCSA.Gradientbased
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approachedisusedtoextractfeaturesfromthedigitimages.Preprocessingofimagesiscarriedout
beforefeatureextractiontoremovevariationsinimages.Theobtainedfeaturesarereducedtoaless
numberusingPCA.TheresultobtainedfromtheexperimentiscomparedwithGA-MANNmodel.
FromtheexperimentalresultitisexhibitedthatCSA-MANNmodelproducedhigheraccuracyas
comparedtoGA-MANNmodelinrecognizingOdiahandwrittendigitswith90.75%ofaccuracy.
Therecognitionaccuracyisfoundtobebetween90to95%fordifferentdigits.Theperformanceof
theproposedmodelcanbefurtherenhancedbyusingothersuitablefeatureextractiontechniquesand
optimizationalgorithmslikebacterialforagingoptimization(BFO),beecolonyoptimization(BCO),
antcolonyoptimization(ACO),catswarmoptimization(CSO),batswarmoptimization(BSO),etc.

Figure 8. Confusion Matrix of CSA-MANN Model obtained with test data

Figure 9. Confusion Matrix of GA-MANN Model obtained with test data
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Table 1. Comparison of recognition accuracy of CSA-MANN model with GA-MANN model during validation

CSA-MANN GA-MANN

Class No of samples in 
all cases

Number of 
Positive Cases

% of accuracy 
obtained

Number of Positive 
Cases

% of Accuracy 
obtained

0 40 34 85 32 80

1 40 37 92.5 35 90

2 40 36 90 36 100

3 40 36 90 32 80

4 40 37 92.5 37 100

5 40 34 85 33 80

6 40 36 90 33 80

7 40 37 92.5 36 90

8 40 38 95 35 80

9 40 38 95 32 90

Overallaccuracyin%=90.75 Overallaccuracyin%=85.25
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