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In this paper, amethodfor analytichandwrittenword recognitionbasedon causalMarkov ran-
domfieldsis described.ThewordsmodelsareHMMswhereeachstatecorrespondsto a letter;
eachletter is modelledby a NSHP-HMM (Markov field). Globalmodelsarebuild dynamically,
andusedfor recognitionandlearningwith theBaum-Welch algorithm. Learningof letter and
word modelsis madeusing the parametersreestimatedon the generatedglobal models. No
segmentationis necessary: thesystemdeterminesitself thebestlimits betweenthelettersdur-
ing learning.First experimentson a realbaseof frenchcheckamountwordsgive encouraging
resultsof 83.4%for recognition.
Keywords : HMM, NSHP-HMM, Cross-learning,Meta-models,Baum-Welch Algorithm.

1 Introduction

Theserecentyears,researchonwriting recognitionshowsthatthe2D approachgives
betterresultsthat1D ones(

��� ��� ��� ��� 	�� 

), becauseit takesmoreinto acountthebasically

planenatureof thewriting. The2D estimatorcanbeeithera NeuralNetwork (NN)
or a planar-HMM (PHMM). The NN canbe appliedeitheron letters(



) or on seg-

ments(
�
); themajordefault of theseclassifiersis their lack of elasticity. ThePHMM

wasappliedwith successin many works (
��� ��� �

). This model,basedon HMMs has
2D elasticitypropertiesbut needsanindependancehypothesisbetweenthecolumns
which is not alwaystruein practice.

SAON proposed,in our team,a new modelbasedon Markov fields: the NSHP-
HMM(

�
). Its architecture,basedonanHMM, givesit anhorizontalelasticityallowing

theadaptationof thelengthof patternsanalysed.Usinga2D neighborhoodof pixels,
it overcomesthecolumnindependancehypothesisof thePHMMs. It appliesonbinary
patterns,with aneasyuse.

All thesemodelswhereapplied in a model discriminantglobal approachof
words. However, this approachhassomelimits. Particularly, the NSHP-HMM uses
a lot of parameters(cf §.3 p2). Anotherclassicallimit is the restrictedanddistinct
vocabulary. To overcometheselimits, ananalyticapproachis proposed: modelsfor
lettersaresmallerthanmodelsfor words,andworking with lettersallows to extend
thevocabularywithout limits.

Many works on analyticwords recognitionare basedon a segmentationinto
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graphems(
	�� 
�� ���

). Thissegmentationis generallybasedontopologicalcriterionsand
cannotbe100%reliable(



). It seemsbetterto let thesystemdecidethebestlimits

of letters. While many works usedynamictime warpingalgorithmsto learn and
recognizewords,oursystemis basedon theBaum-Welch algorithm,thatguarantees
a localoptimum.

Themethodproposedis a dynamicgenerationof word models,basedon letter
modelsandHMMs in which statesrepresentletters.Thereestimationof lettermod-
elsandtransitionsbetweenlettersis madeby cross-learning.Thistechnique,directly
derivedfrom theBaum-Welch reestimationformulas, consistsin crossingtheinfor-
mationrelative to lettersin the differentword models.Theuseof the Baum-Welch
algorithmallows thesystemto find thebestrepartitionof parametersin themodels,
knowing only thelabelof thewordslearned.

2 HMM Structure

HMMs are already well known in Automatic Handwriting Recognition. RA-
BINER (

���
) givesthebasesof thesestochasticmodels.Accordingto RABINER nota-

tion wedefinedadiscretefirst orderHMM by :������� ����������� ����� the  statesof themodel,denotedat time ! by "�#%$ �& �'��( �)��������� (+*,� the - observationsymbols,denotedat time ! by ./#0$ &1 �'��243657� �98 3 � 5 8 � thematrix of transitionsprobabilities;24365:�<;>= "�#@? � �A��5CB "�# �A��3EDF �'�)G�5+=IHJD9� ��8 5 8 � � ��8LK�8 * thematrixof observationsprobabilities;G�5M=EHNDO�A;>= .P# �Q( K B "�# �<��3RD
Two specificstatesS and T areintroduced: theprobabilitiesto startor endin

a statearemodelledby thetransitionsbetweenS and T andthis state.

3 Non-Symmetric Half-plane Hidden Markov Model

The NSHP-HMM is a stochasticmodelof Markov fields type. This modelshowed
very goodperformancesin frenchcheckamountwords recognition(

��� �U�
). It runs

directlyonbinaryimagesthatareanalysedcolumnby column.Theuseof 2D neigh-
borhoodsof pixels enablesthe systemto bettertake into accountthe 2D natureof
thewriting. Its architecture,basedon a HMM, allows a horizontalelasticitymaking
its adaptationeasyon variousimagewidths.

Eachcolumn is observed in onestate. Its observation probability is given as
theproductof elementaryprobabilitiesperformedfor eachpixel in thecolumn.The
elementaryprobability is determinedaccordingto a neighborfixedin thehalf plane
analysedbeforethepixel to overcometheproblemof correlationbetweenadjacent
columns.Trainingandrecognitionmethodsaredescribedin

�
.
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The parametersof the NSHP-HMM aretheheightof thecolumnsanalysed,the
sizeof theneighborhood(orderof themodel),thenumberof statesof theHMM.

4 Word Modeling

For wordmodelingweusemeta-HMMs in whicheachmeta-staterepresentsa letter.
Startingfrom a meta-model,we build a global NSHP-HMM by connectingthe

NSHP-HMM associatedto themeta-modelletterstates.V�W is thestateV of themodel
associatedto themeta-stateX , S W and T W the initial andfinal statesof this model.SZY and T[Y arethespecificstatesassociatedto themeta-model.Eachsequenceof
stateof type V W]\ T W^\ S`_ \ba _ is replacedby onetransition V W]\ca _ , whose
valueis theproductof thetransitionsbetweenthesestates:;>= a _ B V W D0�Q;>= a _ B S`_ D[de;>= S`_ B Tf_ Dgde;>= Tf_ B V W D
Following thesameidea,we obtain:;>= V W B S Y D%�Q;>= V W B S W Dgd%;>= S W B S Y D;>= T Y B V�W DO�<;>= T Y B TfW Dgde;>= TfW B V�W D

The modelobtainedis a NSHP-HMM which canbe appliedasa global model.
The meta-statesmustnot loop on themselvesbecausethis would build transitions
betweenstatesin theHMM associated,anderasethoseexisting.

5 Cross-learning

Cross-learningconsistsin crossingthe informationsof the wordsto determinethe
informationscorrespondingto eachletter. Thereestimationof thelettermodelsare
madeusingthereestimationof wordmodels.Thismethodis derivedfrom theBaum-
Welch training, consideringthat eachstateof eachword modelalso belongsto a
lettermodel. Thereestimationof thetransitionbetweenspecificandnormalstates
of thelettersmodelsis madethroughtransitionsgeneratedbetweentheletters.

Let h bea meta-modelof a word, with
� Y normalstatesand S Y and T Y the

specificstates.At eachmeta-stateXi$ � Y is associateda NSHP-HMM of a letter
with

� W normalstatesandthespecificstateS W and T W .
During theconstructionof theglobalmodel,thespecificstatesS W and T W are

removed. Thereestimationof thetransitions
24j0k�3lk

and
243lk�mgk

is madeusinggener-
atedtransitions.For a meta-modelh , n is the numberof imagesanalysed,. K is
the

H
th image,o K is thenumberof columnsof theimage

H
,
; K �A;>= . K B h D .

For amodelassociatedto themeta-stateX :

p thetransition
2Cj%k�3lk

is usedto build thetransitions
275�q�3�kPr,s� X and

24jutO3lk
p thetransition

2C3lk�m[k
is usedto build thetransitions

2C3lk�5�qvr,s� X and
243lk�mMt
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p theinternaltransitions
243�k�5wk

areleft unchanged.

The principle of the cross-reestimationis to gatherthis informationfor all the
modelsassociatedwith a sameletter in the variousmeta-models.For the internal
transitionsthe Baum-Welch formulacanbe applieddirectly by summingthe paths
containingthetransitionoverall occurencesof a lettermodelin all thewordmodels
(the reestimationof observation probabilitiesfollows the sameprinciple). For the
transitions

2 j k 3 k
and

2 3 k m k
thissumis madethroughthesumof thepathscontaining

thetransitionsbuilt with these.

6 Meta-model Reestimation

Global modelsare build from meta-models.Theseare HMMs and the transitions
betweenthemeta-statefrom theinformationsof thegeneratedmodelscanbereesti-
mated.Indeed,for X � r $ � , we obtainby construction:2 W _ �Q24mgk�jOq � 24jut W �<2Cjutxj0k � 2 W mMty�<24mgk�mMt

.

p thetransition
2 W _ = X s�zrND

is usedto build thetransitions
2 3 k 5 q

p thetransition
2Cjut W is usedto build thetransitions

24jutx3lk
p thetransition

2 W m t is usedto build thetransitions
2 3�k�m t

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

7 First Experiments

The systemwas testedon a baseof 7031 french bank checkwords given by the
SRTP { (vocabulary of 26 words). Theparametersof the NSHP-HMM for the letter
modelsare : height of 20 pixels, 3 pixels for the neighborhoods;the numberof
normalstatesfor theNSHP-HMM correspondingto a letteris |[}7~O��� , where| is the
averagenumberof columnsof samplesfor the letter. The meta-modelssynthetise
thefrequenterrorsfoundin thewords.

Two preprocessingstepsareappliedto reducethevariability of thewriting. The
first is a slantcorrection,asproposedin

�U�
. Thesecondnormalizestheheightof the

words by normalizingthe3 writing bandsin 3 equalverticalparts.
A testwasperformedto validatethecross-learningprinciple: theinterestof this

methodis thatall themodelsandthemeta-modelscantheoreticallybelearntin the
�
ServicedeRechercheTechniquedela Poste: FrenchPostResearchTeam
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sametimeknowing only thelabelsof thewords.Thebasewassplit approximatively
in 66%(4626words)for cross-learningand34%(2405words)for recognitiontests.
Word meta-modelsandlettermodelswith equalprobabilitiesof transitionsandob-
servationsaregeneratedandthecross-learningis appliedatseveralsteps.Theresults
arereportedfor several learningstepsin Table1. Theresultsshow theefficiency of
the cross-learningto gatherthe informationsof lettersfrom variouswordswithout
initialization of thesystem.

Table1. Averageword recognitionratesfor differentnumbersof learningsteps

cross-learning top 1 top 2 top3 top 5

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

Thisapproachallowsthereductionof thecomplexity of thesystemproposedby
SAON (

��� �U�
). Thenumberof floatingpoint operationsis proportionalto thenumber

of states.Theglobalapproachproposedby SAON hasahighnumberof states,based
on themeansizeof words.Ourapproachconsidersthemeansizeof lettersreducing
thenumberof statesby afactor7; thisdividesthefloatingpointoperationsnecessary
for aword analysisby 7.

At the sametime, we observe that a neighborhoodof size 4 is too high for
the letter recognition. We choosea sizeof 3 which dividesby two the numberof
parametersto estimatefor eachmodel. The combinationof thesefactorsallows a
reductionof a factor14 for thenumberof parametersto estimate.

8 Conclusion

Weproposedanew approachfor analyticwordrecognitionbasedonadynamicgen-
erationof globalmodels.Thisapproachdividesthenumberof parametersof thesys-
temof SAON by 14. Thefirst testsgiveencouragingresultsof 83.4%.Thelearning
of lettermodelsis madebetweenthewordsmodels,andtheBaum-Welch algorithm
ensuresthe optimal learningin goodconditions. More testsneedto be madewith
biggerdatabasesin orderto evaluatein a betterconditionsuchanapproach.

Thewordmodelsaredynamicallygenerated,correspondingto meta-models.At
first remark,we cansaythat this methodcaneasilybe extendedat entireamounts
with anotherlevel of meta-models.Thisextensionrequireswecanfind thebestpath
betweenwords. This problemis the samewith a generalisationof our methodto
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unconstrainedvocabulary recognition.For sucha task,weneedto find thesequence
of statesin themeta-modelthatbestdescribestheword analysed.Somestudiesare
necessaryto find thebestmethodto getthepathin themeta-models.
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