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ABSTRACT:HandwritingIdentifierisconsideredasimportant
researchfieldinthefilledofforensicandbiometricapplications.It
finds significance in fields like graphically which exploitthe
physiologicalperformanceofthehumanbasedonthehandwriting.
AtthistimetoomanytechniqueareavailableforHandwriting
Identifier.Althoughnooneofthetechniquesisyetprovedtobe
clarifyforlargenumberofobject.That’salsofactthatallthepattern
ofwritingwillbedifferofanyhumanwiththetime.HMMisthebest
techniquefortheIdentifierthewritingforlargenumberofobjectbut
itsvectorfeaturegivedifferpatterIdentifierlikeretinaIdentifier,
usedtheirtrainingandtestsamplemayvary.Thereforeinthiswork
weproposeatechniqueforHandwritingIdentifierwithhelpof
combinedSVMandHMM.Inthisworkcurvelettransformareused
predominantlyforalphabetandnumericidentifyproblemandhence
aremoresuitableforthiswork.SVMisalsogivengoodefficiency
butnotinthelargeobject.Hencewedevelopanewclassifierand
showthatthemethodperformsbetterthanself-sufficientHMMand
SVMclassifier.

Keywords:Hidden Markov modal(HMM),Supportvector
machine(SVM).

I. INTRODUCTION
Handwriting is unique to each individual[8].Some people
handwritingmayhavesimilarforacquiredcopywritethematter.
Accordingtoageofapersontheirhandwritingwillalsochanges.
Withawritingsamplecannotdeterminetheageofasuspected.
Somegivehintsatsomeofthesecharacteristicsbythetypesof
writingstylesanddetailedexaminationofanoriginaldocument.The
reportoftheworkcanbebasicallyputastoverifythehandwritingof
theHumanbyusingHMM.FirstHumanhandwritingiswrittenon
whitepaperwhicharescannedandgivenasinputtothemethod.
Thevaluecomprisesofsetofcharacters,sayalineofword.System
extractsthefeaturesandcreatesadatabaseofelement.Whena
samplescannedimageofapersonisgivenasinput,itidentifiesthe
writer.[5]

Weperform binarizationandextractinvariantmomentsfrom the
imagedocumentfollowedbythecurvelettransform.Thesefeatures
areusedtobuildaHMM modelwhichweusetoclassifythe
featuresofatestdocument.Ausershandwritingisthescriptandits
placingonthepageexpresstheuniqueimpulsesofthebeing.Using
asample,anexpertisabletoidentifytherelevantfeaturesofthe
handwrittenscript,andthewayofthefeaturesinteractwhich
providethedatafortheanalysis[6,7].

Itisshowthatthepermutationoffeatures,withtheinteractioneach
othersothatenableafullandclearinterpretation[6].

Fig1:Processforhandwritingverifier

HIDDENMORKOVMODAL(HMM)
Firstwecalculatethepossibilitymatrixofemergenceof1with
respectto0and1andprobabilityofoccurrenceof0withrespectto
1and0.Thispatternisuniqueforallthesignatures.Ifthesignatures
arerandom thenweconsiderahiddenmarkovmodelthatcan
generatesuchapattern.Theresultingseriesofthevelocityvalues
foreachprobabilityservesasthesequenceofobservationsymbols
fortrainingadiscreteHMM.AsoutlinedinSection1,aHMMbased
signatureverificationsystemtypicallyinvolvestwophases–training
andverification.Thetrainingphaseconsistsoflearningthefeatures
(RV)ofaparticularuserfrom asetofsignaturesamplesofthat
usertermedasthetrainingsampleset.Thesystem thenbuildsa
referenceHMMmodelfortheuserfromthistrainingsetandstores
itinthedatabase.aHMM isquantitativelydescribedbyEquation
2[9].
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……(2)

Where,thestatetransitionmatrixisrepresentedbyAanditgivesthe
possibilityoftransitingfrom onetoanotherstate.Theobservation
probabilitymatrixisrepresentedbyBandgivesthepossibilitythata
finickyinspectionsymboloccursinaparticularstate.Theinitial
probabilitydistributionforthestatesisrepresentingbypi.Attheend
ofthetrainingphase,thesystemevolvesthemostoptimumvalues
ofAandBbasedontheinputobservationsequences(inthiscase,
theRVvaluesfromeachsampleinthetrainingset)

Fig2:Initialprobabilitydistributionforthestates

SinceaLeft-to-Righttopologyisusedtherefore,πisfixedat{1,0,0,0}
andisnotre-estimatedinthetrainingphase.Asexplainedinref[9],
thisLeft-to-Righttopologyaccountsforthetime-dependentdynamic
propertyoftheonlinesignaturedata.Furthermore,thepresenceof
singleskipsintheLTRmodelgivesmorefreedominthenumberof
transitionsinthemodelandhenceyieldsbetterperformancein
signatureverificationsystemssinceitbetterincorporatestheintra-
uservarianceinherentinthetrainingsamplesetofaparticularuser.
Thelargenumberofstates(at15)isusedbecauseoflarge
observationsequencelengths[9].

SUPPORTVECTORMACHINES(SVM)
w1x1+w2x2;:::;+wdxd+w0=0

SVM classifierbasedonthestructuralriskminimizationstandard
(SRM).TheSRMinductionprinciplehastwomainobjectives.
1.Tocontroltheempiricalriskonthetrainingdata.
2.Tocontrolthecapacityofthedecisionfunctionsusedtoobtain
thisriskvalue.Secondisusedforclassification(also,canbe
modified forregression and even forunsupervised learning
applications)[10].
MultilayerPerceptionsforachievingaccuracyisgiventrainingdata

with isseparablebya

hyperplane.[12]

Fig3:LinearClassifier

While

therecanbeaninfinitenumberofhyperplanesthatachieve100%
accuracyontrainingdata,
Givenf(x),theclassificationisobtainedas

wandbgiveresultintheidenticalsection.Wecanapplyanyscalar
suchthat:

Thereforetherearemanyidenticalsolutions[9].

II. PROPOSEDALGORITHM
AlgorithmforournewapproachcombinedHMM-SVMclassifier.

Fig4:NewApproachOfHMM-SVM

PROPOSEDMETHOLOGY

Preprocessing:Preprocessingisthefirststeptoanydocument
analysis.Thestepsareprecedingbellow.Firstthesampletextis
scannedandsavesasapicture.Thisisspecificallyagrayscale
image.Abinaryimageisgeneratedoutofthisgrayscaleimageand
onebitbinarynoiseisremovedbyusingerosion.Thesubsequent
stepsareallfornormalizingthedocumenttoacommonaxis[4].
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Fig5:ComponentofPreprocessing

Duetothevariationofstroke,normalizationmethodssuchas
thinningorskeletonizationareused.Thisnormalizesthewidthof
eachstroketo1pixel.[14]

Segmentation:Asimpleligaturemodelisused;thefeaturesusedto
distinguishligaturesareveryeasytodetectandsuchfeaturesare
thehandwritingcontourminimaandtheholes,whicharewhite
associatedregions.Otherpossibleparameterpointshaslocated
exteriortheholesbelongingtotheregionbetweenbaselineand
upperline(coreregion).Inneatcursivehandwritingsystem,holes
arepresentinthefollowingshownletters:

Dissection,ordamage,isfoundbyagrowingalgorithm onblack
pixelsoftheimage.Theprocessofthedissectionisthecutthe
wordimageandtoswitchtowhitetheblackpixelsbelow the
parameterpoints.Eachparameterpointproducesacut.Inmost
casesthecutsareledalongverticaldirections,butimagecutisnot
agoodwayalways.Imagecutintheverticaldirectionmaybelong;
hencemakingitisdifficulttoproperlyreconstructthecharacters.If
thetwoalphabetarealienatedalongtheuprightdirection,soitwill
behardtoverifycorrectlythelettera.Slantedcut’sdirectionisthe
correctoneifthelengthoftheverticalcutisovera length,
parameterized by the width ofthe core constituency,other
instructionsaretestedintherange±45°aroundtheperpendicular
one.[13]

Binarization:AnimageisbinarizedusingNaturalThresholding.The
processoftheNaturalThresholdingisthemeangraylevelvalueof
theimagesareextractedandvalueslargerthanthemeanismapto
whitewhereasthevalueslesserthanthataremarkedasblack.
Algorithmisusedforhandwrittentextimageswithhomogeneousor
semihomogeneousbackgrounds.

Fig6:Processofbinarizationofasampleofasignature

NoiseRemoval:Afterthebinarizationoftheimagethesecondnoise
isremovedwithdifferenttypeoftransformation.Theprocessofthe
noiseremovalisthebinarizedimageasimple5X5matrixformthen
appliedmorphologicalfiltertoremovethespatialnoise.Thisclean
binarizedimageiscroppedfrom boththedirections.Wehavenot
implementedrotationinvariance.Wehavesamepatternimagethen
someoftheworksthesignaturesarerotatedtoasingleplane.[3]

FeatureExtraction:ithasfollowingstates

1. Readthematricesfromimageafterpreprocessing

2. ExtractHMMfeatures

3. ExtractstatisticaldatafromHMMstatessuchasmeanand
standarddeviation

Verifier:Eachstatenow representsamatrixwhichcandefinea
probabilitymatrixascalculatedduringtheHMM.Themathematical
meanandstandarddivergenceofeachvalueistakenasthetraining
vectorsforaSVM.[5]
CurveletTransform:Thecurvelettransform ismostlyused in
ComputationalHarmonicAnalysis[1,2].ItisaComputational
HarmonicAnalysistoolusedfortransformation.Inthistransform
techniquecurveletframeswereatthestartdesignedtoendowwith
optimallymeagerrepresentationsforobjectsthataresmooth
exceptalongsmoothcurve-likediscontinuities(e.g.imagewith
edges).InthesetechniquesCurveletsareobtainedbypartitioning
the2DFourierplaneintodyadiccoronaeandsub-partitioning

Fig7:OverallSystem

thoseintoangularwedges.Itfollowedaparabolicscalinglaw–at

scale ,eachelementhasaneffectivesupportoflength

andwidth .Theoutputframesarehighlyanisotropic,multi-
directional,andlocalizedinfrequencyandspace.Onthepractical
side,existshigh-speedO(NlogN)algorithmsthattoleratefora
decompositionofn-by-mpicturefwithx*y=N.Thesealgorithmsare
mathematicallytoughandhaveanexpliciterectionforthead-joint
thatequalstheersatz-converse

and (1)
where =curvelettransform.Thealgorithmisgivenbelow:

1. Initializethreshold ,firstguess ,setnumberofCG

iterationsamongthresholdings andnumberofiterations

2. For

• ,

• Soft-threshold withthethreshold andobtain

.

Theinversetransformofreflectivityestimateisgivenby .
Herethecoefficientxisconsideredasthefeaturevectorforthe
classifier

III. SIMULATIONRESULT
IntheHMM –SVM combinedclassifierexperimentalresultsisto
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findthehealthieraccurateness.Forthisintentionseveraldifferent
techniquessuchasHMMaretestedfeatures.Experimentalresults
shownbetterforeachfeature,iscombinedofHMM andSVM
classifierwithoptimum efficiency.,inthestudyofHMM classifier
whenweappliedwith300sampleofthirtyuseraccuracyisfound
97.31andInthisstudy,theHMM –SVM combinedclassifierwith
differentdegreewastested,andtheresultiswhenweappliedon
300sampleofthirtyusersthenaccuracyalsoincrease.Inmy
experimentswith300samplesofthirtyusersaccuracyisfound
98.44whichisoptimum inallpreviouslyexisthandwritingverifier
algorithmthoseareappliedwith300samples.

Tabulationresultof300samplesof30user
Thevaluesofconsequentpresentationparameterforhandwriting
verifieraretabularizedasshownbelowTable6.1
No.of
Sampl
es

HMM
Accuracy

(%)

HMM-SVM
Accuracy(%)

SVM
Accurac
y(%)

10 90 90

InSVM
all300
samples

are
executin
ginone
time

98.44

20 94.30 94.73

30 96.29 96.73

40 97.22 97.20

50 97.86 97.87

60 96.42 98.24

70 95.45 98.30

80 97.33 98.60

90 97.66 98.83

100 96.80 98.94

110 97..08 99

120 97.32 99.11

130 96.69 98.36

140 96.18 98.48

150 96.42 98.58

160 96.66 98.66

170 96.83 98.73

180 96.98 98.87

190 97.11 98.87

200 97.31 98.92

210 97.35 98.98

220 97.32 99.12

230 97.36 98.21

240 97.37 98.91

250 97.31 98.93

260 97.67 99.01

270 97.44 98.12

280 97.56 98.23

290 97.39 98.81

300 97.31 98.93

Fig8:Graphicalrepresntationbetweensamplesandaccuracy

Tabulationresultof20samplesof2user
Inthisresultwerepresentoutcomes0and1arerepresentedbyfalse
andtruerespectively.

Fig9:Graphicalrepresntationoffeatureextractionofasample.

Snapshot:

Fig10:
Samplepicture

Fig
11:Curveletview

Fig12:
HMM+SVMView

IV. CONCLUSION

Handwritingidentifierandanalysisarepartoflargerdomainofwork
which finds application in graphology and forensic science.
Handwriting identifierisa challenging aspectassameuser's
handwritingtendstodifferdependingupontypeofPenbeingused,
thewritingsurfaceandsoon.Beside,Handwritingisnotconsidered
asuniquebiometricproperty.Itisratherapatternassociatedwith
differentusers.Thereforehandwritingverifierdiffersfrom other
similarverifierlikesignaturebiometric.Inthisworkwehave
presented a Noveltechnique ofHandwriting verifierby first
extractingstatisticalmomentsandcurveletfeaturesfromtheuser's
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handwritingpatternandthenformingastatisticalstatemachine
withHMM.FurtherthetechniquewasimprovedbytheHMM-SVM
combinedclassifier.HMM-SVMclassifierimprovetheaccuracyalso
resolvetheproblemofmultipledetectionofclass.

Thesystem canbeimprovedbyincorporatingmorefeaturesthat
describesshapesandslantsofthecharactersofhandwrittentext
likeZernikemoments,shapecontextsandsoon.
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