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Abstract

A Bayesiarframevorkfor deformablepatternclassifica-
tion hasbeenproposedn [1] with promisingresultsfor iso-
lated handwrittencharacter recaynition. Its performance
however, dggradessignificantlywhenit is appliedto detect
deformablepatternsin comple sceneswhere the amount
of outliers due to other neighboringobjectsor the badk-
groundis usuallylarge. Also, the fact that the associated
evidencameasue doesnotpenalizemodelgestingonwhite
spaceresultsin a high falsealarmrate In this paper an-
otherBayesiarframavorkfor deformableatterndetection
is proposed. The framavork possessethe intrinsic prop-
erty of matcing with only part of an image (sggmentation)
and its associatedevidencemeasue can penalizewhite
spaceimplicitly. However, limited data exploration capa-
bility is themajor trade-of. By properly combiningthetwo
framevorks,a new matding algorithmcalledbidirectional
matding is proposed. This combinedappmacd possesses
the advantaesof the two framevorksand givesrobustre-
sultsfor non-rigid shapeextraction. To evaluatethe per-
formanceof the proposedappmad, we haveappliedit to
shape-basetdandwrittenword retrieval. Usinga subsebf
the bb datasetin the CEDAR databasewe can achieve a
recallrate of 59%anda precisionrate of 43%.

1. Intr oduction

An importantadvantageof model-base@bjectrecogni-
tion is its potentialto achieve integratedsegmentationand
recognitionin complex scenes.If the objectof interestis
non-rigid, the correspondinghapemodelis requiredto be
deformablefor more flexible matching. This leadsto the
needfor distinguishingbetweertheinlier datawhichisim-
portantfor controlling model deformation,andthe outlier
data,which shouldbe suppressetecaus®f thedistraction
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it causedo the model. For example,to extracta charac-
ter from a handwritterword, the outliersmayappeatin the
form of stroke anomaliesgloselyclutteredcharactersr the
printedbackground.

TheBayesiarframenork proposedn [1] for deformable
matching thoughwith promisingresultsfor isolatedhand-
written characterecognition,doessuffer from the outlier
problem mentionedabove. Besides,it hasbeenpointed
out that the evidenceusedfor classificationn the adopted
framewvork doesnotpenalizenodelsrestingonwhite space,
whichin turnleadsto a high falsealarmrate. Thesetwo in-
trinsic deficiencieshave beenaddressedn [4], wherethe
proposedsolutionfor the outlier problemis to adopta uni-
form noisemodel,which unfortunatelyhasnot beenrigor-
ouslytested. For the white spaceproblem,the proposed
solutionin [4] is to modelalsothe pixelsof thewhite space,
which asdiscussedn [4], will betoo computationallyex-
pensve. In this paper a newv Bayesianframeawvork for de-
formablepatterndetectionis proposedwhich, whencom-
paredwith theframeawork proposedn [1], is provedto have
theniceimplicit propertieof a)localizingamodelto match
with only partof animageandb) penalizingwhite space.
However, limited dataexploration capability is the major
trade-of. By combiningthetwo frameworksin away sim-
ilar to the“forward-backvard” ideaof Hausdorf matching,
we proposea new deformablematchingalgorithm called
bidirectionalmatding. It possessethe advantagef the
two Bayesiarframevorkswhile its computationatomple-
ity is still of the sameorderasthe two individual frame-
works. To evaluatethe effectivenessf the proposedidi-
rectionalmatchingalgorithm,we have appliedit to there-
trieval of handwrittenword imagesbasedon input shape
gueries,usingthe bb datasebf the CEDAR database&on-
taininghandwrittencity nameimagesasthetestset.

1our preliminary experimentalresultsshav that the noisemodelling
approactdeterioratesgjuickly astheamountof outliersincreases.



2. Bayesian Frameworks for Deformable Pat-
tern Recognition

2.1. A Dual View of Generativity

In [4], therearesomediscussiongboutthe perspectie
of generatite models onwhich theBayesiarframavork for
deformablepatternclassificationproposedn [1] is based.
To summarizeanimportantassumptiorof the framewvork
is thattheinputdata(includingboththeinliersandoutliers)
is generatedrom the shapemodel. While lackinga good
probabilisticmodelfor the outliers, it is almostimpossible
for theshapemodelto generatdacksomedataresembling
its shapaogethemwith theoutliers.

However, therolesof themodelandthedatacanbeinter-
changedndwethenassumehatthemodelshapés “gener
ated”from the data. The questionof interestnow becomes
whetherthemodelcanbegeneratedrom the data,or in or-
derwords,whetherthe modelcanbe detectedn the data.
An input datasetwith aninstanceof the modelembedded
in it, normallycontainsa subsetvhichresembleshemodel
shape(exceptfor the occlusioncases)andthis makesthe
generationprocesgpossible. This changeghe underlying
assumptiorof the Bayesiarframework proposedn [1] and
suggests new Bayesiarframenork for deformablepattern
detectionwhichwill bedescribedn therestof thissection.

2.2. Analogy with the Forward and Reverse
Distances in Hausdorff Matching

To cite from [5]: “The Hausdorf distanceis actually
composedf two asymmetricdistances: the forward dis-
tance which is thedistancfromthemodelto theimage, the
reversedistance the distancefromthe image to the model.
Theforward distancds smallwheneverypointin themodel
is closeto somepointin theimage, andthereversedistance
is smallwheneverypointin theimageis closeto somepoint
in themodel. (cf. Helmholtzmachineby Dayanetal. [3]).

From the above citation, one could seethat the notion
of modelgeneratinglatais analogougo thatof thereverse
distancewhile the notion of datageneratingnodelis anal-
ogousto thatof the forwarddistance.Dueto their similar-
ity andfor the sale of subsequendiscussionswe denote
theframework proposedn [1], whichis restatechereagain
for completenesssthereverseframavorkwhile the newvly
proposedramework, to be describedn the following sec-
tion, astheforward framavork.

2.3. Reverse Framework
Let H; denoteheshapamodelof thei-th characteclass,

D theinputimage,w the modelparameterectordescrib-
ing characteishapea the regularizationparameterand 3

the charactesstroke width. The parameters: andg arere-
ferredto ashyperparametersdAssumingequalprior proba-
bilities for differentcharacteclassestheclassifiedbutputis

computedy findingthei-th classthatmaximizegp(D|H;),

whichis approximatedn [1] as

Pr(D|H;) «

p(D|W, ﬁ*a Hi)p(w|a*, HI)
p(W|D, Oé*,,B*, Hz)

p(a”™, 8*|H;)Alog aAlog B(1)

where p(w|a, H;) is the prior parameterdistribution,
p(D|w, 8, H;) the likelihood function, p(w|D, «, 8, H;)
the posteriorparametedistribution given the dataD and
Alog a andAlog 3 arethe effectiverangesof o andg, re-
spectvely. Parametersvith the superscript*” denotetheir
MAP estimates.

2.3.1 Representationand Criterion Formulation

Handwrittendigits arerepresentedscubic B-splines,each
of whichis parameterizetly a smallsetof k£ controlpoints
w andaffine transformparameterd A, T}. The distribu-

tion of theblackpixelsis representetly a mixtureof Gaus-
sians. The prior parametedistribution and the likelihood
functionaredefinedby two criterionfunctions- modelde-
formation E,, anddatamismatchEp, respectiely. They

aregivenas

By (w) = %(w —h)'S~(w — h) )

p(wla, Hy) = ——— 3)

ED(W, A, T; D) =

N N,
1 [lm;(w, A, T) —yi]?
—Zlog EZexp (—ﬁ
=1 j=1

: @

p(D'W, AJ T; /35 HZ) = #(ﬂ) exp(—ED(w, A; T; D))(S)

whereZ,(a) = (2)*|2*/2, Zp(B) = (M)N histhe
a ’ Jéj ’
meancontrol point, X is the covariancematrix of w, S; is
a matrix containingcubic B-spline coeficients, A and T
composeaf A submatriceandT subvectorsrespectiely,
m;(w, A, T) = S(Aw +T) isthemearof the j-th Gaus-
sian, N is the numberof blackpixels, N, is the numberof
Gaussiangalongthe spline,« is the regularizationparame-
ter, 3 is theinverseof the Gaussiansvariancefor modeling
thecharactestrolke width, y; is thelocationvectorof anin-
dividualblackpixel andD denotesheset{y;|1 <! < N}.



2.3.2 Matching

The matchingis done by maximum a posteriori (MAP)
estimationof {w, A, T}, wherethe posteriordistribution
p(w, A, T|D,a, 3, H;) is definedas

1
p(wa A7 T|Da a, /35 Hz) = Z— exp(_EM(Wa Aa T7 D))(G)
M
where Eyr(w, A, T;D) = aE,(w) + Ep(w, A, T;D)
and Z,s is the correspondingpartition function. The
expectation-maximizatio(EM) algorithmis usedwherean
h-functionis typically involvedandis heredefinedas

exp(—f3 IImj(Wg)*YtIIZ)

My (W) =y
2opexp(—pr— )
wherew,, and{A,,, T,} arethe estimatesof the control
point vector and the affine transformobtainedin the n-th

EM iteration. The MAP estimate®f o andg arealsocom-
putedaftereachEM iterationusingtheformulagivenas,

_ 2N — v
2E! (w*, A*, T*;w, A, T, D)

Wy (W, A, Trsyn) = (7)

* Y /3*

T 2B, (wY)

(8)

wherey canbeintrepretedasthe effective numbersof pa-
rametersand EY, is derivedfrom Ep in the E-stepof the
EM algorithm.Readersrereferredto [1] for moredetails.

2.3.3 Classification

Referringto EQ.(1), the classificationstep is basedon
p(D|H;), whichrequireghematchingresultstogethemith
theeffective rangef a and g, givenby

Aloga =+/2/y AlogB=+/2/(2N —~). 9)
2.4. Forward Framework

Let H denotea shapemodelto be detectedD a setof
images,and D; the i-th imagein D. Given D;, a shape
model H is saidto be detectedn it when Pr(H|D;) > ¢
whereg is athresholdparameter

ExpandingPr(H|D;) accordingto the Bayesrule and
assuminghatw is independentf o whenD; is given? it
gives

Pr(H|D;)

= [ Pr(iia, 5,Dp(a, SDi)dad3 (10)

- / Pr(H|a, B, w,D;)p(w|3, D;)dw p(a, §|D;)dadg.

2Thisassumptioiis justifiedby theargumenthatw is generatethy D;
andwithoutknowing H, thereis no referencdor measuringhe deviation
of w andthusno informationaboutthe degreeof regularization.

We further assumehat H is independenbf D; and 3
whenw is givenand Pr(H|D;) becomes

Pr(H|D;) =
/p(WIa,H)Pr(HIa)
p(wla)

p(w|B,D;) dwp(a, 5|Di)dadf(11)

Assumingthat Pr(H |«)) andp(w|«) areconstantandap-
plying LaplacianapproximationPr(H|D;) becomes

Pr(H|D;) o
p(w*la”, H)p(w*|3*, Di)p(a”, 57|D:)
AwAlogaAlogf. (12)

If we compareEQ.(12)of this forward framevork with

EQ.(1) of the reverseframawork, it canbe notedthat the

first factor p(w*|a*, H), is the prior distribution of w and

remainsunchanged. The secondfactor p(w*|8*,D;), is

now the probability distribution of the model parameters

giventhe data,insteadof the probability distribution of the
datagiventhemodelparameters.

2.4.1 A NewMismatch Criterion

Themismatctlcriterionfor thereverseframawvorkis calleda
datamismatchcriterionwhich measureghediscrepang of
all thedatafrom themodel. To imposethedata-generating-
model notion, we definea new criterion for the forward
framework calledsub-datamismatctcriterion Ep, , defined
as

EDs (W7 A7 T7 /67 DZ) =

Ny N
~3 log % 3 exp (—ﬂ ||m; (w, AéT) - YZ||2)] (13)
=1 =1

andwe define

p(WaAaTlﬂa Dt) = eXp(_EDs (W’AaT; Dz)) (14)

1
Zp,(B)

N,
where Zp,_(8) = (%’r) According to EQ.(13) and

EQ.(14),eachpoint m; alongthe splineis modeledby a
uniformly weightedmixture of Gaussiansvith their means
beingthe dataD;. This cohereswith the data-generating-
modelassumptionin the new definition, however, we lose
the interpretationthat 5 is relatedto the characterstroke
width asin [1]. Insteadjt is relatedto the sizeof thelocal-
ized searchregion to be controlledfor eachmodelpointto
explore.



3. Implementation Differences between the
Forward and ReverseFrameworks

3.1. Matching

3.1.1 Estimation of ShapeParameters

The optimal shapeparameterd w* A*, 7*} are estimated
by maximizingp(w, A, T|a, 8, D;, H), whichis equivalent
to minimizing aE,,(w) + Ep, (w,A,T;3,D;). The EM
algorithmcanbeusedagainfor the maximizationproblem,
with justthe h-functionmodifiedasfollows

L _5||mj(v‘vfl)—yz||2)
hé‘(vAvnaAnaTn;yl) = 2

exp(
o159
Z;V:lexp(_ﬂ” J( n2) YPH )

3.1.2 Estimation of Hyperparameters

Theoptimalhyperparametersccordingo EQ.(10),arees-
timatedby maximizing Pr(H|«, 3, D;)p(«, 3|D;) with re-
spectto e andg. To derive the updatingformulafor o and
B, assuming(a, 8|D;) to be constantwe canfurther ex-
pandPr(H|a, 8,D;) as

PT‘(H|O[, ﬂ: Dz) X
p(W*|a, H)p(w™, A", T*|5,D;) Aw. (16)
Whencomparedvith EQ.(8)of thereverseframework, the

updatingformulafor « is unchangedbut thatfor g hasto be
modifiedas

g = 2N, — v

2E), (w*,A*, T*;Ww,A,T,D;)’

(17)

3.2. Detection

A shapemodelH is consideredo be detectedn thein-
put dataD; if Pr(H|D;) (which will later be referredto
asthe evidenceof the forward framework) is found to be
greaterthan a threshold¢. The value of Pr(H|D;) can
be computedby substitutingthe prior distribution of w of
thereverseframavork togethemwith the new sub-datamis-
matchcriteria (given by EQ.(13))into EQ.(12). Also, the
computationof Aw and A log a remainsthe sameasthat
in the reverseframawork, while thatof A log 8 is modified
as

Alog 8 = \/2/(2N, - 7). (18)

4. Comparison of the Two Frameworks

For the sale of further discussionsthe matchingpro-
cesse®f the reverseandforward framavorks arereferred
to asreverse matting andforward matding respectiely.

Similarly, the evidencesf thetwo framevorksarereferred
to asreverseandforward evidences|t canbetheoretically
shavn that both frameworks have their own strengthsand
shortcomingg2]. Due to the pagelimit, we only summa-
rize anddiscusgheresultof theanalysis.

4.1. Shape Discriminating Properties

Consideringthe shapediscriminatingpropertiesof the
two frameworks,it canbe showvn that:

Proposition1 Thereverseevidencedoesnotpenalizenod-
elsrestingon whitespace

Proposition2 Theforward evidencedoespenalizemodels
restingon white space

Thesetwo propertiesprovide a betterunderstandingf
therelationshipbetweernthe two evidencesandthereverse
andforward distancesn Hausdorf matching. The reverse
distances smallwhenevery pointin theimageis closeto
somepoint in the model, i.e., white spaceis allowed for
thematchedmodel.This correspondsloselyto ourreverse
evidence. Similar analogyis alsotrue for the forward dis-
tanceandour forward evidence.Fromanapplicationpoint
of view, the reverseevidence,which doesnot incorporate
whitespacepenality is goodfor detectingpatternswith bro-
kenlinesor occludedpatternsHowever, it suffersfrom the
sub-parproblemdescribedn [1]. Theforwardframework,
which penalizeswhite spacejs goodfor minimizing false
alarmsandsolvesthe sub-parproblemimplicitly.

4.2. Shape Matching Properties

Consideringthe shapematchingpropertiesof the two
frameworks,it canbe shawvn that:

Proposition3 Reverse matding has good data explo-
ration characteristics.

Proposition4 Forward matcing has good localization
characteristics.

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

5. Bidir ectional Matching Algorithm and its
ConvergenceProperties

Theduality obsenedfrom thetwo framevorkssuggests
the ideaof combiningthe two frameworksto getthe best



of bothworlds. The succes®f Hausdorf matchinggives
the cuethat taking the maximumof the two frameworks’
datamismatchrelatedcriteriacanbe a goodchoice.Based
on the idea, we proposean algorithm called bidirectional
matding outlinedin Figurel, wherethe matchingprocess
switcheshetweerthetwo framewvorksaccordingto theval-
uesof Ep andEp, until somecorvergencecriterionis sat-
isfied. Figure 2 illustratesthe limitation of the individual
frameawvorks andthe strengthof the proposedidirectional
matding. The convergenceproof of the algorithmcanbe
foundin [2].

1. Initialize aninput modelusingchamferlike matching.
2. Computethe datamismatch,Ep, and the sub-datamis-
match,Ep,, for thetwo frameworks.
3. do
(@) If Ep > Ep,,
Performreversematching.

else
Performforward matching.

(b) B:=Q1+e)8
(c) ifB>4,8:=4
/* equialentto a Gaussianwidth = 0.5*/

4. until acornvergenceis reachedvith the differencein w for
two consecutie iterationslessthana threshold’.

Figure 1. The matching algorithm.

6. Experimental Results

In order to evaluatethe effectivenessof our bidirec-
tional matchingalgorithm,we have appliedit for recogniz-
ing handwrittenword images.Our experimentcontaingwo
parts.Thefirst partis concentratedn evaluatingthematch-
ing performanceof the bidirectional matchingalgorithm
andthe secondpartis concentrate@n the performanceof
a retrieval applicationbasedon the algorithm,which tests
boththe shapamatchinganddiscriminatingperformancef
the system.The bb subset of the CEDAR databaseyhich
containsaround300 handwrittencity nameimagesjs used
asthetestset. For bothexperimentsye take thecovariance
matrix of the modelparameteto be anidentity matrix and
thusno modeltrainingis adopted.

6.1. Handwritten Character Extraction

To testthe matchingperformanceof the algorithm,we
appliedit to extracttheleftmostcharactefrom eachbinary

3This 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
databasé.We assumehattheidentity of theleftmostchar
acteris known® butthegoalis to locateit accuratelyhrough
deformablematching.Being provided with a hand-drafted
charactermodelwith an equivalentshapetopology asthe
leftmostcharacterthe algorithmfirst initializes the model
andthenstartsmatching. The matchingperformances vi-
suallychecled. While thereversematchingprocesdailsfor
almostall thetestcasegdueto outliers),thesuccessatefor
bidirectionalmatchings foundto be85.5%. Theerrorrates

4All theimagesin the CEDAR databasaregray-level ones. So, they
arepreprocessedly first performinga simpleintensitythresholdingand
followed by thinning. The thresholdfor the thresholdings computedby
detectinghevalley in theimagehistogram.

5Note that the handwritingof a particularalphabetcanhave very dif-
ferentshape®r eventopologiesg.g.,“M” and“m” andtheiridentitiesare
consideredo bedifferenthere.



dueto badinitialization,badmatchingandothersare9.7%,
3.4%and 1.4%,respectrely. This shavs the effectiveness
of the bidirectionalmatchingalgorithmandtheimportance
of goodmodelinitializationto goodmatchingperformance.
Figure3 depictssomeof the matchingresults.

&Q,F/U/Q Wf
(a)bb0008.0 (b) bb0075.0

Figure 3. Some matching results.

6.2. Handwritten Word Retrieval based on
Character Shape

To apply the algorithm to a non-rigid shaperetrieval
problem,we matcha setof characteshapemodelsfor the
candidatecharacterspne by one, with the first 100 hand-
written word imagesextractedfrom the bb datasetWe use
the forward evidenceas the final discriminatingmeasure,
which can penalizemodelsresting on white space. Fig-
ure4 shavs themodelset(7 models)we usedfor theinput
gueries. To quantify the retrieval results,we first sortthe
list of wordimagesaccordingo theirforwardevidenceval-
ues,cut off thelist at a certainpoint to form the outputlist
and computethe correspondingecall and precisionrates.
To determinethe cut-off point, two differentschemesare
tested,oneusingthe bestV approachandthe otherusing
the evidencethresholdingapproach.The overall precision
rateandrecall ratearefoundto be 43% and 59%, respec-
tively, whenthe best10 word imagesare selectedfor the
output,and 45% and 65%, respectiely, whenthe images
with the negative logarithmof the forward evidencevalues
largerthan-5.5areselected.

To comparewith the text retrieval problemwherefalse
alarmscan be resultedfrom the fact that an input string
is part of someotherirrelevant strings, our retrieval sys-
tem’s falsealarmsarecausedy the input shapebeingpart
of someotherirrelevantportionsof the handwrittencursive
script. The irrelevant portion canbe one single character
(e.g.,a“C” modelcanfind a good matchwith part of an
“O") oracompositeof two adajacentharacterg¢e.g.,a“U”
modelcanfind a goodmatchsomevherebetweerthe con-
secutve charactersd!”).

7. Conclusion

A Bayesiarframework for deformablepatterndetection
is proposedin this paperwhich can solve both the out-

6 As a comparisonthe averagenumberof candidatess 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 frameawork proposedn [1] for deformable
patternclassification a reverse-and-fonard duality is ob-
sened. Usingonly oneof thetwo frameworksfor extracting
non-rigid shapeswill suffer from beingeithertoo sensitve
towardsoutliersor toopoorin dataexploration.By properly
combiningthe two frameaworks, a new matchingalgorithm
called bidirectionalmatchingis proposed. The combined
framework bearsa closetheoreticabnalogywith Hausdorf
matchingand hasbeenprovedto converge. The proposed
systemhasbeenappliedto shape-basebandwrittenword
retrieval. For the bb datasein the CEDAR databasavith
300 handwrittencity nameimages,we canachieve a cor-
rectmatchingrateof 85.5%. For a particularsubsebf the
datasetcontaining100 handwrittencity nameimages,we
achieve atbesta 59%recallratewith a corresponding3%
precisionrate basedon the best10 approachor selecting
thecandidates.
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