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Abstract

A Bayesianframeworkfor deformablepatternclassifica-
tion hasbeenproposedin [1] with promisingresultsfor iso-
lated handwrittencharacter recognition. Its performance,
however, degradessignificantlywhenit is appliedto detect
deformablepatternsin complex scenes,where the amount
of outliers due to other neighboringobjectsor the back-
groundis usuallylarge. Also, the fact that the associated
evidencemeasuredoesnotpenalizemodelsrestingonwhite
spaceresultsin a high falsealarm rate. In this paper, an-
otherBayesianframeworkfor deformablepatterndetection
is proposed.The framework possessesthe intrinsic prop-
erty of matchingwith only part of an image (segmentation)
and its associatedevidencemeasure can penalizewhite
spaceimplicitly. However, limited data exploration capa-
bility is themajor trade-off. Byproperlycombiningthetwo
frameworks,a new matchingalgorithmcalledbidirectional
matching is proposed.This combinedapproach possesses
theadvantagesof the two frameworksandgivesrobust re-
sults for non-rigid shapeextraction. To evaluatethe per-
formanceof the proposedapproach, we haveappliedit to
shape-basedhandwrittenword retrieval. Usinga subsetof
the bb datasetin the CEDAR database, we can achieve a
recall rateof 59%anda precisionrateof 43%.

1. Intr oduction

An importantadvantageof model-basedobjectrecogni-
tion is its potentialto achieve integratedsegmentationand
recognitionin complex scenes.If the objectof interestis
non-rigid,thecorrespondingshapemodelis requiredto be
deformablefor moreflexible matching. This leadsto the
needfor distinguishingbetweentheinlier data,whichis im-
portantfor controlling modeldeformation,andthe outlier
data,whichshouldbesuppressedbecauseof thedistraction

it causesto the model. For example,to extract a charac-
ter from a handwrittenword, theoutliersmayappearin the
form of strokeanomalies,closelyclutteredcharactersor the
printedbackground.

TheBayesianframework proposedin [1] for deformable
matching,thoughwith promisingresultsfor isolatedhand-
written characterrecognition,doessuffer from the outlier
problemmentionedabove. Besides,it has beenpointed
out that theevidenceusedfor classificationin the adopted
frameworkdoesnotpenalizemodelsrestingonwhitespace,
which in turn leadsto ahigh falsealarmrate.Thesetwo in-
trinsic deficiencieshave beenaddressedin [4], wherethe
proposedsolutionfor theoutlier problemis to adopta uni-
form noisemodel,which unfortunatelyhasnot beenrigor-
ously tested.� For the white spaceproblem,the proposed
solutionin [4] is to modelalsothepixelsof thewhitespace,
which asdiscussedin [4], will be too computationallyex-
pensive. In this paper, a new Bayesianframework for de-
formablepatterndetectionis proposed,which, whencom-
paredwith theframework proposedin [1], is provedto have
theniceimplicit propertiesof a)localizingamodeltomatch
with only part of an imageandb) penalizingwhite space.
However, limited dataexploration capability is the major
trade-off. By combiningthetwo frameworksin a way sim-
ilar to the“forward-backward” ideaof Hausdorff matching,
we proposea new deformablematchingalgorithm called
bidirectionalmatching. It possessesthe advantagesof the
two Bayesianframeworkswhile itscomputationalcomplex-
ity is still of the sameorderas the two individual frame-
works. To evaluatethe effectivenessof the proposedbidi-
rectionalmatchingalgorithm,we have appliedit to there-
trieval of handwrittenword imagesbasedon input shape
queries,usingthebb datasetof theCEDAR databasecon-
taininghandwrittencity nameimagesasthetestset.�

Our preliminaryexperimentalresultsshow that the noisemodelling
approachdeterioratesquickly astheamountof outliersincreases.
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2. BayesianFrameworks for Deformable Pat-
tern Recognition�����	��
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In [4], therearesomediscussionsabouttheperspective
of generativemodels,onwhichtheBayesianframework for
deformablepatternclassificationproposedin [1] is based.
To summarize,an importantassumptionof the framework
is thattheinputdata(includingboththeinliersandoutliers)
is generatedfrom the shapemodel. While lacking a good
probabilisticmodelfor theoutliers,it is almostimpossible
for theshapemodelto generatebacksomedataresembling
its shapetogetherwith theoutliers.

However, therolesof themodelandthedatacanbeinter-
changedandwethenassumethatthemodelshapeis “gener-
ated”from thedata.Thequestionof interestnow becomes
whetherthemodelcanbegeneratedfrom thedata,or in or-
derwords,whetherthe modelcanbe detectedin the data.
An input dataset,with an instanceof themodelembedded
in it, normallycontainsasubsetwhichresemblesthemodel
shape(except for the occlusioncases)andthis makesthe
generationprocesspossible. This changesthe underlying
assumptionof theBayesianframework proposedin [1] and
suggestsa new Bayesianframework for deformablepattern
detection,whichwill bedescribedin therestof thissection.���)�.��
 !*�	����/0,1�2�+%$34%$3*�65*�	#$�7�0#$89�	!�8;:<��(=�>#'?@�����?A%$�	!*B��>? �C!EDF�	��?@8���#HGJIK�&%HBL3��C!�/

To cite from [5]: “The Hausdorff distanceis actually
composedof two asymmetricdistances: the forward dis-
tance, which is thedistancefromthemodelto theimage, the
reversedistance, thedistancefromtheimage to themodel.
Theforward distanceis smallwheneverypoint in themodel
is closeto somepoint in theimage, andthereversedistance
is smallwheneverypointin theimageis closeto somepoint
in themodel.” (cf. Helmholtzmachineby Dayanetal. [3]).

From the above citation, onecould seethat the notion
of modelgeneratingdatais analogousto thatof thereverse
distance,while thenotionof datageneratingmodelis anal-
ogousto thatof theforwarddistance.Dueto their similar-
ity andfor the sake of subsequentdiscussions,we denote
theframework proposedin [1], which is restatedhereagain
for completeness,asthereverseframeworkwhile thenewly
proposedframework, to bedescribedin the following sec-
tion, astheforward framework.���NMO�P:<��(=�>#'?@�45�#$�	QR�>�S��#$T

Let UWV denotetheshapemodelof the X -th characterclass,Y
the input image, Z themodelparametervectordescrib-

ing charactershape,[ the regularizationparameter, and \

thecharacterstroke width. Theparameters[ and \ arere-
ferredto ashyperparameters.Assumingequalprior proba-
bilities for differentcharacterclasses,theclassifiedoutputis
computedby findingthe X -thclassthatmaximizes]�^ Y _ U`VCa ,
which is approximatedin [1] asb�c ^ Y _ U V a6d]�^ Y<_ Zfeg\=hHeiU V aj]=^NZ _ [�hHeiU V a]=^NZ _ Y ei[ h ek\ h ekUWV�a ]=^)[ h eg\ h _ U V aglnmpo$q*[�l�mroHq�\ (1)

where ]=^NZ _ [*eiU V a is the prior parameterdistribution,]�^ Y<_ Zfeg\OeiU V a the likelihood function, ]�^NZ _ Y ek[�eg\OeiU V a
the posteriorparameterdistribution given the data

Y
andl�mroHq�[ and l�mroHq*\ aretheeffectiverangesof [ and \ , re-

spectively. Parameterswith thesuperscript“*” denotetheir
MAP estimates.

2.3.1 Representationand Criterion Formulation

HandwrittendigitsarerepresentedascubicB-splines,each
of which is parameterizedby a smallsetof s controlpointsZ andaffine transformparameterst-u6ekvWw . The distribu-
tion of theblackpixelsis representedby amixtureof Gaus-
sians. The prior parameterdistribution andthe likelihood
functionaredefinedby two criterionfunctions- modelde-
formation x�y anddatamismatchx�z , respectively. They
aregivenasx�y{^)Z|a*}�~� ^NZ��<��a��k��� � ^NZ�� �=a (2)]=^NZ _ [*eiU V a*} ~� y ^)[�a������ ^g��[�x�yP^NZ|aga (3)

x�z�^)Zfeku6ekv�� Y a }� �� � � � mroHq
�� ~��� ����� � � ������� �P\��¡  � ^NZfeku6ekv�aO�2¢

� ��£� ¤�¥¦ (4)

]=^ Y _ Zfeiu�ekv�eg\OeiU`V�aO} ~� z�^)\�a ����� ^g��x z ^NZfeiu�eiv�� Y aga (5)

where
� y�^+[=a�}¨§ £k©ªW«­¬ _ � _ �k® £ e � z�^N\�a*}K¯ £i©°�± � e²� is the

meancontrolpoint, � is thecovariancematrix of Z , ³ � is
a matrix containingcubic B-spline coefficients, ´ and µ
composedof u submatricesand v subvectorsrespectively,  � ^NZfeku6ekv�a¶};³ �� ^)´�Z�·�µ`a is themeanof the ¸ -th Gaus-
sian,

�
is thenumberof blackpixels,

� �
is thenumberof

Gaussiansalongthespline, [ is theregularizationparame-
ter, \ is theinverseof theGaussians’variancefor modeling
thecharacterstrokewidth, ¢ � is thelocationvectorof anin-
dividualblackpixel and

Y
denotestheset t­¢ � _ ~�¹Fº�¹ � w .



2.3.2 Matching

The matchingis done by maximum a posteriori (MAP)
estimationof t­Zfeiu�ekv�w , wherethe posteriordistribution]�^NZfeiu�eiv _ Y ek[�eg\*ekU V a is definedas]�^)Zfeku6ekv _ Y ei[*ek\OekUWV�aO} ~�O» �¡��� ^¼��x » ^)Zfeku�eiv�� Y aga (6)

where x » ^)Zfeku�eiv�� Y af}½[�x y ^)Z|a¶·9x z ^NZfeiu�ekv�� Y a
and

�O»
is the correspondingpartition function. The

expectation-maximization(EM) algorithmis usedwherean¾
-functionis typically involvedandis heredefinedas¾ �� ^"¿Z�À&e ¿uÁÀÂe ¿vÃÀ&�k¢ � aÄ} ����� ^g�P\�ÅCÆ�ÇÉÈ²ÊË�ÌAÍ ��Î$Ï ÅCÐ£ aÑÓÒ �¡��� ^¼�P\ ÅCÆ�Ô²È ÊË Ì Í ��Î Ï Å Ð£ a (7)

where ¿Z�À and t ¿u|ÀÂe ¿vÃÀ"w are the estimatesof the control
point vectorandthe affine transformobtainedin the Õ -th
EM iteration.TheMAP estimatesof [ and \ arealsocom-
putedaftereachEM iterationusingtheformulagivenas,[ h } Ö� x�y¶^NZ h a \ h } � � � Ö� xÃ×z ^NZ h eku h eiv h ��¿Zfe ¿u�e ¿v�e Y a (8)

where Ö canbe intrepretedastheeffective numbersof pa-
rametersand x ×z is derived from x�z in the E-stepof the
EM algorithm.Readersarereferredto [1] for moredetails.

2.3.3 Classification

Referring to EQ.(1), the classificationstep is basedon]�^ Y _ U V a , whichrequiresthematchingresultstogetherwith
theeffectiverangesof [ and \ , givenbylnmpo$q*[2}ÙØ �'Ú Ö lnmpo$qO\2}ÛØ �$Ú ^ � � � Ö a�Ü (9)���jÝ*�P5��	#$�S�0#'8Þ5*#'�	QR���7�	#'T

Let U denotea shapemodelto be detected,ß a setof
images,and D V the X -th imagein ß . Given D V , a shape
model U is saidto bedetectedin it when

b�c ^)U _D V�a�àEá
whereá is a thresholdparameter.

Expanding
b�c ^+U _D VCa accordingto the Bayesrule and

assumingthat Z is independentof [ when
Y V is given,£ it

givesb�c ^)U _D VCa}.â b�c ^+U _ [*ek\Oe D V aj]=^)[�eg\ _D V a¼ã'[�ã$\ (10)}.â b�c ^+U _ [*ek\OegZfe D V aN]�^)Z _ \Oe D V a¼ã$Z1]�^+[*ek\ _D V agã$[=ãH\*Üä
Thisassumptionis justifiedby theargumentthat å isgeneratedby æ�ç

andwithoutknowing è , thereis no referencefor measuringthedeviation
of å andthusno informationaboutthedegreeof regularization.

We further assumethat U is independentof D V and \
when Z is givenand

b�c ^)U _D V a becomesb�c ^)U _D V�a6}â ]�^)Z _ [�ekU2a b�c ^)U _ [�a]=^NZ _ [=a ]=^NZ _ \Oe D V a�ãHZ�]=^)[�eg\ _D V a¼ã'[�ã$\OÜ(11)

Assumingthat
b�c ^)U _ [=a and]�^)Z _ [�a areconstantsandap-

plying Laplacianapproximation,
b�c ^)U _D VCa becomesb�c ^)U _D V�a6d]�^)Z h _ [ h eiU6aj]=^NZ h _ \ h e D V+aj]=^)[ h eg\ h _D V+al�Z|l�mroHq*[�lnmpo$q*\OÜ (12)

If we compareEQ.(12)of this forwardframework with
EQ.(1) of the reverseframework, it canbe notedthat the
first factor, ]�^)ZÁh _ [.h@eiU6a , is theprior distribution of Z and
remainsunchanged.The secondfactor, ]�^)Z h _ \ h e D V a , is
now the probability distribution of the model parameters
giventhedata,insteadof theprobabilitydistribution of the
datagiventhemodelparameters.

2.4.1 A NewMismatch Criterion

Themismatchcriterionfor thereverseframework is calleda
datamismatchcriterionwhichmeasuresthediscrepancy of
all thedatafrom themodel.To imposethedata-generating-
model notion, we definea new criterion for the forward
frameworkcalledsub-datamismatchcriterion x�z.é , defined
asx z éH^NZfe A e T �g\Oe D V�a2}� � ��� � � mroHq�ê�~� �� � � � ����� � �P\ �¡  � ^)Zfeku6ekv�a��<¢

� �¡£� ¤{ë (13)

andwedefine]=^NZfe A e T _ \*e D V a*} ~� z�é@^N\�aO����� ^¼��x�z�é@^NZfe A e T � D V aga (14)

where
� z.éA^)\�a;} ¯ £i©°`± � � . According to EQ.(13) and

EQ.(14),eachpoint   � alongthe spline is modeledby a
uniformly weightedmixtureof Gaussianswith their means
beingthe dataD V . This cohereswith the data-generating-
modelassumption.In thenew definition,however, we lose
the interpretationthat \ is relatedto the characterstroke
width asin [1]. Instead,it is relatedto thesizeof thelocal-
izedsearchregion to becontrolledfor eachmodelpoint to
explore.



3. Implementation Differences between the
Forward and ReverseFrameworksM.���	��IK�&%HBL3¶��!�/

3.1.1 Estimation of ShapeParameters

The optimal shapeparameterst-ZÁh ,A h ,ìíh²w areestimated
by maximizing]�^NZfe A e T _ [*ek\Oe D V ekU2a , which is equivalent
to minimizing [�x�yP^NZ|a�·9x�z�éH^NZfe A e T �g\*e D V a . The EM
algorithmcanbeusedagainfor themaximizationproblem,
with just the

¾
-functionmodifiedasfollows¾ �� ^"¿Z À e ¿u À e ¿v À �k¢ � a*} ����� ^g�P\ ÅCÆ Ç È ÊË Ì Í ��Î Ï ÅCÐ£ aÑ �Ò � � �¡�L� ^¼�P\�ÅCÆîÇÉÈ ÊË.Ì@Í �>Î Ô Å Ð£ a Ü (15)

3.1.2 Estimation of Hyperparameters

Theoptimalhyperparameters,accordingto EQ.(10),arees-
timatedby maximizing

b�c ^)U _ [�eg\Oe D V aj]�^+[*ek\ _D V a with re-
spectto [ and \ . To derive theupdatingformulafor [ and\ , assuming]�^)[�eg\ _D V a to be constant,we canfurther ex-
pand

b�c ^)U _ [�eg\Oe D V a asb�c ^)U _ [�eg\Oe D V�aOd]=^NZ h _ [*eiU6aj]=^NZ h e A h e T h _ \*e D V�agl�ZfÜ (16)

Whencomparedwith EQ.(8)of thereverseframework, the
updatingformulafor [ is unchangedbut thatfor \ hasto be
modifiedas\ h } � �Ã� � Ö� x ×z é ^)Z h eku h ekv h ��¿Z�e ¿u6e ¿v�e Y V a Ü (17)M.�)�.�P�ï�>%H�"B�%$����!

A shapemodel U is consideredto bedetectedin thein-
put dataD V if

b�c ^+U _D V�a (which will later be referredto
as the evidenceof the forward framework) is found to be
greaterthan a threshold á . The value of

b�c ^+U _D V+a can
be computedby substitutingthe prior distribution of Z of
thereverseframework togetherwith thenew sub-datamis-
matchcriteria (given by EQ.(13))into EQ.(12). Also, the
computationof l�Z and lnmroHq�[ remainsthe sameasthat
in thereverseframework, while thatof lnmpo$qO\ is modified
as l�mroHq*\�}Ùð �$Ú ^ � � � � Ö aÉÜ (18)

4. Comparisonof the Two Frameworks

For the sake of further discussions,the matchingpro-
cessesof the reverseandforward frameworksarereferred
to asreversematching and forward matching respectively.

Similarly, theevidencesof thetwo frameworksarereferred
to asreverseandforward evidences. It canbetheoretically
shown that both frameworkshave their own strengthsand
shortcomings[2]. Due to the pagelimit, we only summa-
rizeanddiscusstheresultof theanalysis.ÝO�����îñO3��0ò��Ó����?@Bó#L��Q9�C!*�0%$�C!*/õô|#$��ò��>#$%$���"?

Consideringthe shapediscriminatingpropertiesof the
two frameworks,it canbeshown that:

Proposition1 Thereverseevidencedoesnotpenalizemod-
elsrestingonwhitespace.

Proposition2 Theforward evidencedoespenalizemodels
restingonwhitespace.

Thesetwo propertiesprovide a betterunderstandingof
therelationshipbetweenthe two evidencesandthereverse
andforwarddistancesin Hausdorff matching.Thereverse
distanceis smallwhenevery point in the imageis closeto
somepoint in the model, i.e., white spaceis allowed for
thematchedmodel.Thiscorrespondscloselyto ourreverse
evidence.Similar analogyis alsotrue for the forwarddis-
tanceandour forwardevidence.Fromanapplicationpoint
of view, the reverseevidence,which doesnot incorporate
whitespacepenality, isgoodfor detectingpatternswith bro-
kenlinesor occludedpatterns.However, it suffersfrom the
sub-partproblemdescribedin [1]. Theforwardframework,
which penalizeswhite space,is goodfor minimizing false
alarmsandsolvesthesub-partproblemimplicitly.ÝO�)�O�îñO3��0ò��4IK�&%HBL3��C!�/Ûô�#$��ò��"#H%$���"?

Consideringthe shapematchingpropertiesof the two
frameworks,it canbeshown that:

Proposition3 Reverse matching has good data explo-
rationcharacteristics.

Proposition4 Forward matching has good localization
characteristics.

Thesetwo propositionsreveal the dilemma that for-
ward matchingis insensitive to outlier influencebut lacks
good data exploration capability, while reversematching
hasgooddataexplorationcharacterisiticsbut is heavily in-
fluencedby outliers.Thedilemmais alsodiscussedin Sec-
tion 6.1.

5. Bidir ectional Matching Algorithm and its
ConvergenceProperties

Thedualityobservedfrom thetwo frameworkssuggests
the ideaof combiningthe two frameworks to get the best



of both worlds. The successof Hausdorff matchinggives
the cuethat taking the maximumof the two frameworks’
datamismatchrelatedcriteriacanbea goodchoice.Based
on the idea,we proposean algorithmcalledbidirectional
matchingoutlinedin Figure1, wherethematchingprocess
switchesbetweenthetwo frameworksaccordingto theval-
uesof x z and x z é until someconvergencecriterionis sat-
isfied. Figure2 illustratesthe limitation of the individual
frameworksandthe strengthof the proposedbidirectional
matching. The convergenceproof of the algorithmcanbe
foundin [2].

1. Initialize aninputmodelusingchamfer-likematching.

2. Computethe datamismatch, ö�÷ , and the sub-datamis-
match,ö�÷ é , for thetwo frameworks.

3. do

(a) If ö ÷<ø ö ÷ é ,
Performreversematching.
else
Performforwardmatching.

(b) ùÁú û4üCý=þ�ÿ��+ù ;

(c) if ù ø�� , ù7ú û � ;
/* equivalentto aGaussianwidth = 0.5*/

4. until a convergenceis reachedwith thedifferencein � for
two consecutive iterationslessthana thresholdÿ�� .

Figure 1. The matching algorithm.

6. Experimental Results

In order to evaluate the effectivenessof our bidirec-
tional matchingalgorithm,we have appliedit for recogniz-
ing handwrittenword images.Ourexperimentcontainstwo
parts.Thefirst partis concentratedonevaluatingthematch-
ing performanceof the bidirectional matchingalgorithm
andthesecondpart is concentratedon the performanceof
a retrieval applicationbasedon the algorithm,which tests
boththeshapematchinganddiscriminatingperformanceof
thesystem.Thebbsubset� of theCEDAR database,which
containsaround300handwrittencity nameimages,is used
asthetestset.For bothexperiments,wetakethecovariance
matrix of themodelparameterto beanidentity matrix and
thusnomodeltrainingis adopted.

�.���	�PDF�	!*8��6#L�+%@%H�Â!
	73*�0#'�0B�%$�>#���
.%H#'�0B�%$���=!
To test the matchingperformanceof the algorithm,we

appliedit to extracttheleftmostcharacterfrom eachbinary
�
This subsetcontainshandwrittencursive scriptsof city namesand

was createdby the CEDAR group for testing charactersegmentation
algorithms.

(a) Forwardmatching.

(b) Reversematching.

(c) Bidirectionalmatching.

Figure 2. Comparison of matching perfor-
mance.

handwrittenword imagein the bb subsetof the CEDAR
database.� Weassumethattheidentityof theleftmostchar-
acteris known� but thegoalis to locateit accuratelythrough
deformablematching.Beingprovidedwith a hand-drafted
charactermodelwith an equivalentshapetopologyas the
leftmostcharacter, the algorithmfirst initializes the model
andthenstartsmatching.Thematchingperformanceis vi-
suallychecked.While thereversematchingprocessfailsfor
almostall thetestcases(dueto outliers),thesuccessratefor
bidirectionalmatchingis foundto be ���óÜ ��� . Theerrorrates

�
All the imagesin theCEDAR databasearegray-level ones.So, they

arepreprocessedby first performinga simpleintensitythresholding,and
followed by thinning. Thethresholdfor the thresholdingis computedby
detectingthevalley in theimagehistogram.�

Note that the handwritingof a particularalphabetcanhave very dif-
ferentshapesor eventopologies,e.g.,“M” and“m” andtheir identitiesare
consideredto bedifferenthere.



dueto badinitialization,badmatchingandothersare9.7%,
3.4%and1.4%,respectively. This shows theeffectiveness
of thebidirectionalmatchingalgorithmandtheimportance
of goodmodelinitializationto goodmatchingperformance.
Figure3 depictssomeof thematchingresults.

(a)bb0008.0 (b) bb0075.0

Figure 3. Some matching results.

�.�)�.��DF�	!�8*�6#L�+%@%H�Â!��J�	#'8¨:2�>%H#L����(&�	���¶�0?@�"8Þ��!
	73*�0#'�0B�%$�>#FñO3*�0ò��

To apply the algorithm to a non-rigid shaperetrieval
problem,we matcha setof charactershapemodelsfor the
candidatecharacters,oneby one,with the first 100 hand-
writtenword imagesextractedfrom thebb dataset.We use
the forward evidenceas the final discriminatingmeasure,
which can penalizemodelsrestingon white space. Fig-
ure4 shows themodelset(7 models)weusedfor theinput
queries. To quantify the retrieval results,we first sort the
list of word imagesaccordingto their forwardevidenceval-
ues,cut off the list at a certainpoint to form theoutputlist
andcomputethe correspondingrecall andprecisionrates.
To determinethe cut-off point, two differentschemesare
tested,oneusingthe best-

�
approachandthe otherusing

theevidencethresholdingapproach.Theoverall precision
rateandrecall ratearefound to be 43%and59%, respec-
tively, when the best10 word imagesareselectedfor the
output,and45% and65%, respectively, whenthe images
with thenegative logarithmof theforwardevidencevalues
largerthan-5.5areselected.�

To comparewith the text retrieval problemwherefalse
alarmscan be resultedfrom the fact that an input string
is part of someother irrelevant strings,our retrieval sys-
tem’s falsealarmsarecausedby theinput shapebeingpart
of someotherirrelevantportionsof thehandwrittencursive
script. The irrelevant portion canbe onesinglecharacter
(e.g.,a “C” modelcanfind a goodmatchwith part of an
“O”) or acompositeof two adajacentcharacters(e.g.,a“U”
modelcanfind a goodmatchsomewherebetweenthecon-
secutivecharacters“dl”).

7. Conclusion

A Bayesianframework for deformablepatterndetection
is proposedin this paperwhich can solve both the out-
�
As acomparison,theaveragenumberof candidatesis 12.7.
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Figure 4. The input character shapes used for
testing in our retrieval experiments.

lier andthe white spaceproblemsimplicitly. By compar-
ing it with the framework proposedin [1] for deformable
patternclassification,a reverse-and-forwardduality is ob-
served.Usingonlyoneof thetwo frameworksfor extracting
non-rigidshapeswill suffer from beingeithertoo sensitive
towardsoutliersor toopoorin dataexploration.By properly
combiningthe two frameworks,a new matchingalgorithm
calledbidirectionalmatchingis proposed.The combined
framework bearsaclosetheoreticalanalogywith Hausdorff
matchingandhasbeenprovedto converge. Theproposed
systemhasbeenappliedto shape-basedhandwrittenword
retrieval. For the bb datasetin the CEDAR databasewith
300 handwrittencity nameimages,we canachieve a cor-
rectmatchingrateof 85.5%. For a particularsubsetof the
datasetcontaining100 handwrittencity nameimages,we
achieveatbesta 59%recallratewith a corresponding43%
precisionratebasedon the best10 approachfor selecting
thecandidates.
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