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In this paper amethodfor analytichandwrittenword recognitionbasedn causaMarkov ran-
domfieldsis described ThewordsmodelsareHMMs whereeachstatecorrespondso aletter;
eachletteris modelledby a NSHP-HMM (Markov field). Globalmodelsarebuild dynamically
andusedfor recognitionandlearningwith the Baum-VéIch algorithm. Learningof letter and
word modelsis madeusing the parameterseestimatedn the generatedylobal models. No
sggmentatioris necessary the systemdeterminestself the bestlimits betweerthelettersdur-
ing learning. First experimentson a real baseof frenchcheckamountwordsgive encouraging
resultsof 83.4%for recognition.
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1 Introduction

Theseecentyearsresearclonwriting recognitionshavsthatthe2D approaclgives
betterresultsthat 1D ones(!:23:4:5:6) becausé takesmoreinto acountthebasically
planenatureof the writing. The 2D estimatorcanbe eithera NeuralNetwork (NN)
or a planarHMM (PHMM). The NN canbe appliedeitheron letters(¢) or on sey-
ments(”); the majordefault of theseclassifierss their lack of elasticity The PHMM
was appliedwith successn mary works (>*4). This model,basedon HMMS has
2D elasticitypropertiesout needsanindependanclypothesidbetweerthe columns
whichis notalwaystruein practice.

SAON proposedin ourteam,a nev modelbasedon Markov fields: the NSHP-
HMM(®). Its architecturebasedbn anHMM, givesit anhorizontalelasticityallowing
theadaptatiorof thelengthof patternsanalysedUsinga 2D neighborhooaf pixels,
it overcomeshecolumnindependanchypothesi®fthePHMMS. It appliesonbinary
patternswith aneasyuse.

All thesemodelswhere appliedin a model discriminantglobal approachof
words. However, this approacthassomelimits. Particularly, the NSHP-HMM uses
alot of parametergcf 8.3 p2). Anotherclassicalimit is the restrictedanddistinct
vocahulary. To overcomethesdimits, ananalyticapproachis proposed modelsfor
lettersaresmallerthanmodelsfor words,andworking with lettersallows to extend
thevocahulary withoutlimits.

Many works on analytic words recognitionare basedon a sggmentationinto
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graphemg®-%-19). This segmentations generallybasedntopologicalcriterionsand
cannotbe 100%reliable(®). It seemdbetterto let the systemdecidethe bestlimits
of letters. While mary works usedynamictime warping algorithmsto learn and
recognizewords,our systemis basedn the Baum-Vélch algorithm,thatguarantees
alocal optimum.

The methodproposeds a dynamicgeneratiorof word models,basedon letter
modelsandHMMSs in which statesepresentetters. The reestimatiorof lettermod-
elsandtransitionshetweerlettersis madeby cross-learningT histechniquedirectly
derivedfrom the Baum-VéIch reestimatiorformulas, consistsdn crossingtheinfor-
mationrelative to lettersin the differentword models. The useof the Baum-Vélch
algorithmallows the systemto find the bestrepartitionof parameterin the models,
knowing only thelabelof thewordslearned.

2 HMM Structure

HMMs are already well known in Automatic Handwriting Recognition. RA-
BINER (11) givesthebaseof thesestochastienodels.Accordingto RABINER nota-
tion we defineda discretefirst orderHmm by :
S = {s1, ..., sn } the N statef themodel,denotedattimet by ¢; € S
V = {v1,...,unm} the M obsenationsymbols,denotecattimet by O; € V
A = {aij }1<i,j<n thematrix of transitionsprobabilities;
aij = P(qi41 = sjlq = 85)
B = {b;(k) }1<j<n,1<k<m thematrix of obsenationsprobabilities;
bj(k) = P(O) = vilar = s1)
Two specificstatesD and F' areintroduced: the probabilitiesto startor endin
astatearemodelledby thetransitionsbetweenD and F' andthis state.

3 Non-Symmetric Half-plane Hidden Markov M odel

The NSHP-HMM is a stochasticmodel of Markov fields type. This modelshoved
very good performancesn french checkamountwords recognition(®:12). It runs
directlyonbinaryimageghatareanalysectolumnby column. Theuseof 2D neigh-
borhoodsof pixels enableghe systemto bettertake into accountthe 2D natureof
thewriting. Its architecturepasedon a HMM, allows a horizontalelasticitymaking
its adaptatioreasyon variousimagewidths.

Eachcolumnis obsenedin one state. Its obsenation probability is given as
the productof elementaryprobabilitiesperformedfor eachpixel in thecolumn.The
elementanprobabilityis determinedaccordingto a neighborfixedin the half plane
analysecdbeforethe pixel to overcomethe problemof correlationbetweenadjacent
columns.Trainingandrecognitionmethodsaredescribedn 2.
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The parametersf the NsSHP-HMM arethe heightof the columnsanalysedthe
sizeof theneighborhoodorderof the model),the numberof statesof theHMM.

4 Word Modeling

For word modelingwe usemetaHMMsin which eachmeta-stateéepresents letter.
Startingfrom a meta-modelwe build a global NsSHP-HMM by connectingthe
NSHP-HMM associatedo the meta-modeletter states.i® is the statei of the model
associatedo the meta-stater, D* and F'* theinitial andfinal statesof this model.
D,, and F,,, arethe specificstatesassociatedo the meta-model Eachsequencef
stateof typei® — F* — DY — ;¥ is replacedby onetransitioni®* — j¥, whose
valueis the productof thetransitionsbetweerthesestates
P(j¥]i") = P(j¥|DY) x P(DY|FY)  P(F¥|i)
Following the sameidea,we obtain:
P(i*|D,,) = P(i*|D*) « P(D*|D,,)
P(F,|i%) = P(Fy|F*) « P(F*|i%)
The modelobtainedis a NSHP-HMM which canbe appliedasa global model.
The meta-statesnust not loop on themseles becausehis would build transitions
betweerstatesn theHMM associatedanderasahoseexisting.

5 Crosslearning

Cross-learningonsistsin crossingthe informationsof the wordsto determinethe
informationscorrespondindo eachletter The reestimatiorof the letter modelsare
madeusingthereestimatiorof word models.This methodis derivedfrom theBaum-
Welch training, consideringthat eachstateof eachword modelalso belongsto a
lettermodel. Thereestimatiorof the transitionbetweenspecificandnormalstates
of thelettersmodelsis madethroughtransitionsgeneratedetweertheletters.

Let m bea meta-modebf aword, with S,,, normalstatesand D,,, and F,,, the
specificstates. At eachmeta-stater € S,,, is associatec NSHP-HMM of a letter
with S” normalstatesandthe specificstateD® andF'*.

During the constructiorof the globalmodel,the specificstatesD* and F* are
removed. Thereestimatiorof thetransitionsap=;= anda;= g iS madeusinggener
atedtransitions. For a meta-modein, K is the numberof imagesanalysedO* is
the kth image, T}, is thenumberof columnsof theimagek, P, = P(O*|m).

For amodelassociatedo the meta-state: :

e thetransitionap-;- is usedto build thetransitionsa;y;= y # « andap,, =
e thetransitiona;= p= is usedto build thetransitionsa;- jv y # « anda;-r,,
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¢ theinternaltransitionsa;= ;= areleft unchanged.

The principle of the cross-reestimatiois to gatherthis informationfor all the
modelsassociatedvith a sameletter in the variousmeta-models.For the internal
transitionsthe Baum-Welch formula canbe applieddirectly by summingthe paths
containingthetransitionover all occurencesf alettermodelin all theword models
(the reestimationof obsenation probabilitiesfollows the sameprinciple). For the
transitionsup=;= anda;= = this sumis madethroughthesumof thepathscontaining
thetransitionsbuilt with these.

6 Meta-model Reestimation

Global modelsare build from meta-models.Theseare HMMs and the transitions
betweerthe meta-statérom theinformationsof the generategnodelscanbereesti-
mated.Indeedfor z,y € S, we obtainby construction

Qzy = GF*Dv,AD,,x = AD,, D*,AzF,, = QFF,,-

e thetransitiona,, (z # y) is usedto build thetransitionsa;e ;v
¢ thetransitionap,, , is usedto build thetransitionsap,, ;=

¢ thetransitiona,r,, is usedto build thetransitionsa;= ,,

As for the cross-learningaccordingto the Baum-Welch formulas, the reesti-
mation of a meta-transitions madeby summingon all the pathscontainingthe
transitionusingthis.

7 First Experiments

The systemwas testedon a baseof 7031 french bank checkwords given by the
SRIP ¢ (vocalulary of 26 words). The parametersf the NSHP-HMM for the letter
modelsare: heightof 20 pixels, 3 pixels for the neighborhoodsthe humberof
normalstatesor theNsHP-HMM correspondindo aletteris@/2 + 1, wherem is the
averagenumberof columnsof sampledfor the letter The meta-modelsynthetise
thefrequenterrorsfoundin thewords.

Two preprocessingtepsareappliedto reducethevariability of thewriting. The
firstis aslantcorrection,asproposedn 2. The seconchormalizeshe heightof the
words by normalizingthe 3 writing bandsin 3 equalvertical parts.

A testwasperformedo validatethecross-learningrinciple: theinterestof this
methaodis thatall the modelsandthe meta-modelgantheoreticallybe learntin the
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sametime knowing only thelabelsof thewords. The basewassplit approximatvely
in 66% (4626words)for cross-learningnd34% (2405words)for recognitiontests.
Word meta-modelandletter modelswith equalprobabilitiesof transitionsand ob-
senationsaregenerate@ndthecross-learnings appliedatseveralsteps.Theresults
arereportedfor severallearningstepsin Tablel1. Theresultsshow the efficiency of
the cross-learningo gatherthe informationsof lettersfrom variouswordswithout
initialization of the system.

Tablel. Averageword recognitionratesfor differentnumberof learningsteps

cross-learning top1 top2 top3 top5

5 steps 80.96% 88.48% 91.43% 94.47%
10steps 83.12% 89.23% 92.35% 95.14%
15steps 83.41% 89.31% 92.02% 94.84%
20steps 82.83% 89.15% 91.56% 94.43%

Thisapproachallowsthereductionof thecompleity of the systemproposedy
SaoN (312). The numberof floating point operationds proportionalto the number
of statesTheglobalapproactproposedy SAON hasa high numberof statespased
onthemeansizeof words. Our approactconsidershemeansizeof lettersreducing
thenumberof statesby afactor7; thisdividesthefloatingpointoperationsiecessary
for aword analysishy 7.

At the sametime, we obsene that a neighborhoof size 4 is too high for
the letter recognition. We choosea size of 3 which dividesby two the numberof
parametergo estimatefor eachmodel. The combinationof thesefactorsallows a
reductionof afactor14 for the numberof parameters$o estimate.

8 Conclusion

We proposedanew approactor analyticword recognitionbasedn adynamicgen-
erationof globalmodels.Thisapproactdividesthenumberof parametersf thesys-
temof SAON by 14. Thefirst testsgive encouragingesultsof 83.4%. Thelearning
of lettermodelsis madebetweerthe wordsmodels,andthe Baum-Vélch algorithm
ensureghe optimal learningin good conditions. More testsneedto be madewith
biggerdatabasem orderto evaluatein a betterconditionsuchanapproach.
Theword modelsaredynamicallygenerated;orrespondingo meta-modelsAt
first remark,we cansaythatthis methodcan easily be extendedat entireamounts
with anotheilevel of meta-modelsThis extensionrequireswe canfind thebestpath
betweenwords. This problemis the samewith a generalisatiorof our methodto
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unconstrainedocahulary recognition.For suchatask,we needto find thesequence
of statesn the meta-modethatbestdescribeshe word analysed Somestudiesare
necessaryo find the bestmethodto getthe pathin the meta-models.
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