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Abstract

In this paper we presenta multiple classifier system
for script identification. Applying a Gabor filter analysis
of textures on word-level, our systemidentifiesLatin and
non-Latinwordsin bilingual printed documentsThe clas-
sifiersystenctomprisedour differentarchitecturesbasedn
neaestneighbos, weightedeuclideandistancesGaussian
mixture modelsandsupportvectormadines.We reportre-
sultsfor Arabic, ChineseHindi, and Koreanscript. More-
over, weshowthatcombininginformationalconfidenceval-
uesusingsum-rulecanconsistenthputperformthebestsin-
glerecanitionrate

1. Intr oduction

The purposeof this paperis twofold: First, our intention
is to improve word-level scriptidentification.In particular
we wantto improve on our previousexperimentsdescribed
in [9]. Seconde usescriptidentificationto shov the ben-
efit of informationalconfidencevalues atechniquaecently
introducedn [5, 6]. Classifiercombinationis a particularly
promisingapplicationfor informationalconfidencevalues.
We arethusgoing to apply a multiple classifiersystemto
the problemof scriptidentificationin this paper which is
structuredasfollows: Section2 presentsomeexisting ap-
proachedor scriptidentificationandoutlinesour approach
in detail. Section3 describeghe classifiersusedin our ex-
perimentsandthe way we computeconfidencevaluesfor
eachof them.Sectiord elaborate®n themainfocusof this
paperinformationalconfidenceFinally, Section5 presents
our classifiercombinatiorresultsfor word-level scriptiden-
tification with informationalconfidence and a short sum-
marythenconcludegshe paper

2. Script Identification

Among the significant numberof documentsthat can
only be accessedh printedform, a large portion are mul-

tilingual documentssuchaspatentsor bilingual dictionar
ies. In generalautomaticprocessingf multilingual docu-
mentsrequireghatthescriptsmustbeidentifiedbeforethey
canbefed into anappropriateOCR system.

Earlier work on scriptidentificationincludestemplate-
basedapproacheg[4]), approachesxploiting character
specificcharacteristicg[12, 13, 14]), aswell astext line
projectiong([15]) andfont recognitionbasedon globaltex-
tureanalysig([16]).

Our approacthis differentin thatit operate®ontheword-
level [9]. We usea modified Docstrumalgorithm ([10]) to
first sgmentthe documentinto words and then apply a
script classificationon word-level. Our focusis on bilin-
gual documentswith one script being either English or a
script basedon the Latin alphabet.The other scripts we
have experimentedwith are Arabic, Chinese,Hindi, and
Korean.Scriptidentificationthenbecomes 2-classclassi-
ficationproblemfor eachword. Figurel shavsapagefrom
a bilingual Arabic-Englishword dictionary with the Ara-
bic words beingsuccessfullyidentified. We use Gaborfil-
tersto computefeaturesfor eachscript class.More infor-
mationon thesefeaturesand other pre-processingtepsis
givenin [9].

3. Classifiers

In the following description,we usex to representhe
feature vector, which is a 32-dimensionalvector value,
and S to representhe training set. Script identificationis
a2-classclassificatiorproblemin our case soall theequa-
tionsfocusonthe 2-classproblem.

3.1. NearestNeighbor (KNN)

Firstintroducedoy CoverandHart[2] in 1967 theNear
estNeighbor(NN) classifierwasprovento bea very effec-
tive andsimpleclassifier It found applicationsn mary re-
searcHfields.UsingtheNN classifieratestsamplex is clas-
sified by assigningit the label thatits nearessamplerep-
resentdn the training samplesThe distancebetweentwo



Figure 1. Arabic word segmentation.

featurevectorsis usuallymeasuredy computingthe Eu-
clideandistanceln our experimentswe computethe clas-
sifier's confidencdn a classlabel assignedo a testing
samplex asfollows:

X X X
X S

where  x x computeghe Euclideandistancebetween
two vectorsx andx , andS is thesetcontainingall train-
ing sampleswith label

3.2. WeightedEuclidean Distance(WED)

From the training sampleswe computethe mean
andstandardleviation of thetrainingsampledor each
class . Thenfor eachtestsamplex, we computethe dis-
tancebetweerx and  usingthefollowing formula:

where is the featuredimensionand is the numberof
classesTestingsamplesare assignedhe classlabel with
the minimum distance We computethe classifiers confi-
dencein aclasslabel asfollows:

X

3.3. Support Vector Machine (SVM)

SVMs werefirst introducedn the late seventies but are
now receving increasedttention.The SVM classifiercon-

structsa ‘best’ separatindhyperplangthe maximalmargin

plane)in ahigh-dimensionaleaturespacewhichis defined
by nonlineartransformationgrom the original featurevari-

ables Burges[1] gave adetaileddescriptionon how to find

the separatindiyperplanesWe chosethe SVM implemen-
tation SVM-light [7] andthe polynomialkernelfunctionin

ourwork. In aSVM classifierthedistancebetweerthetest-
ing sampleandthehyperplanegeflectsthe confidencen the
final classification.The larger the distance the more con-
fidencethe classifierhasin its classificationresult. Hence,
we candirectly usethis distanceasconfidencen our exper

iments.

3.4. GaussianMixtur e Model (GMM)

The GaussiarMixture Model (GMM) classifieris used
to modelthe probability densityfunction of a featurevec-

tor, x, by the weighted combinationof multi-variate
Gaussiardensitiey ):

X X
where the weight (mixing parameter) corresponds

to the prior probability that feature x was generatedby
component , and satisfies . Each com-

ponent is representeddy a Gaussianmixture model
whoseprobability densitycan be de-
scribedas:

where and arethe meanvectorand covariancema-
trix of Gaussiammixture component respectiely. Details
abouthow to estimatethe classifiercanbefoundin [9]. We
takethelikelihoodvalue x astheclassifiers con-
fidencein labelingtestingpatternx as

4. Informational Confidence

Most researchersvould agreethat the ability of a clas-
sifierto provide soft decisionds anintegral partof classifi-
cation.Classifiersproviding merelyharddecisionswith no
gradingwhatso®er give away muchof theinformationin-
herentin their trainedparameterssuchasdistancego tem-
platesor hyperplanesThis informationis extremelyuseful
for improving recognitionrateswith post-processingech-
nigueslike languagemodelsor other statisticalmethods,
e.g.hiddenMarkov Models.Fortunately moststate-of-the-
art classifiersnow do returnsoft decisionsln fact,theim-
portanceof soft decisionshasgivenrise to new research
in fuzzy logic andsoft-computingmotivatedby the human
mind’s remarkableability to procespenasively imprecise
anduncertainnformation.



A soft-decisiorprovidedby a classifierfor apatternwith
unknown classis basicallyalist of candidateglasseseach
being assigneda confidenceby the classifier The confi-
dence,asthe namealreadysuggestsindicateshow confi-
dentthe classifieris that a particularclasslabel is indeed
thecorrectclasslabelfor theinput pattern.n theliterature,
thereexist differentnamedor this confidenceprovided by
the classifier e.g. measurementr likelihood. Throughout
this paperwe will usethetermconfidenceFor implemen-
tational reasonswe assumethat confidencetakes on dis-
cretevalues.

One major drawback of confidencein practiceis that
confidencevaluesfrom differentinformation sourcesge.g.
multiple classifiersarealmostnever compatiblewith each
other, featuring different means,standarddeviations etc.
For instanceaninformationsourceproviding a confidence
of is not necessarilftwice as confidentas anotherin-
formationsourcewith confidence . Our solutionto this
problemis a standardrepresentatiofior confidencevalues
in which eachconfidencevaluematchests actualinforma-
tional content.This approachwasfirst presentedn [5, 6]
with goodresultsfor characterecognition.

4.1. Information-Theoretical Approach

We take the notion of information literally andrequire
confidenceo be equalto informationas definedby Shan-
non,i.e. equalto thenegativelogarithm[11]. Let beaset
of confidencevaluesfor a classifier :

1)

Furthermorelet  denotethe lowestpossibleconfidence,
and be the confidenceindicating that the classifieris
absolutelycertainaboutits output. Then,we computenew,
informationalconfidencevalues that satisfythe fol-
lowing linearequation:

)

In (2), functional term is just the negative logarithm,
while is a multiplying scalarand standsfor the
performancef . In otherwords,thenew confidenceval-
uesdependlinearly on the information containedin their
performanceThe betterthe performance of a con-
fidencevalue,the more informationit provides.A perfect
performancef providesinfinite information,while aper
formanceequalto providesno information at all. Note

that (2) saysnothingaboutwhat or actuallyare.
Neverthelessywe canfind out the meaningof and
by simply resolving(2) for

- (3)

This straightforvard derivation shavs that is actu-
ally the exponentialdistribution of a randomvariablewith
expectationvalue : In statistics,the exponentialdensity
function with parameter is definedasfollows:

(4)

The correspondingdistribution describesthe
probability that the exponentiallydistributed randomvari-
able assumewalueslower than or equalto . This prob-
ability equalsthe areaunderthe density curve delimited
by .We cancompute by solving the following in-
tegral:

()

Notethat(5) becomesdenticalto (3) oncewe set —.
This confirms the aforementionedesult stating that the
performancen (2) is actually an exponentialdistribution.
Moreover, we now alsoknow thatparameter is anexpec-
tation valuein the statisticalsense This follows from the
factthatan exponentiallydistributedrandomvariablewith
distribution hasanexpectatiorvalueof —.

The next subsectiorproposes techniquefor computing
informationalconfidencevaluesbasedon this relationship
betweerperformancenddistribution.

4.2. Learning Informational Confidence

Oncewe know the performanceof a confidencevalue,
we cancomputehecorrespondingew informationalconfi-
dencevalueby simply applyingthedefinitionin (2). Hence,
theideais to first estimatethe performanceof a confidence
value  on an evaluationset, and then computeits new
value accordingto (2). Motivatedby the fact that the dis-
tribution providesthe percentagef areacoveredunderthe
densityfunctionfor aparticularconfidencevalue ,weuse
thefollowing estimate of

(6)

is the percentagef patternsin the evaluationsetthat
classifier correctlyclassifieswith confidenceequalto or
lessthan . For meaningfulconfidencevalues, will in
generalincreasemonotonouslyover the setof confidence



values
tion of
Analogousto the distribution , We can consider
as an estimateof the percentageof total informa-
tion corveyed when classifier hasconfidence . The
maximuminformationis recevedwhen returnsits high-
estpossibleconfidencelnsertingthe performanceestimate
directlyinto (2) thenprovidesthe new informational
confidencevalues , whichreplacetheold values:

, with ,and beingthe overall recogni-

()

Note that we use an estimateof that is slightly
differentfrom the previouswork in [5]. Also, in the experi-
mentspresentedn the next sectionwe will useaslightre-
finementof (7) asintroducedn [6], namely:

(8)

In this equation, is setto the overall recognitionrate
of , andall valuesare normalizedaccordingto the over-
all information corveyedby , with

. A moredetaileddiscussiorof this formulais notin the
scopeof this paper Readersarereferredto [6] for morede-
tails.

In summary learning informational confidencevalues
is a 3-stepprocessin the first stepclassifier is trained
with its specifictrainingmethodandtrainingset.In thesec-
ond step, the performancefor eachconfidencevalue and
the overall recognitionrateof — areestimatedn a second
training (evaluation)setaccordingto (6). Finally, new in-
formationalconfidencevaluesarecomputedandstoredin a
look-uptableaccordingto (8). In all future classifications,
confidencevaluesprovidedby classifier will thenalways
be replacedwith their informationalcounterpartstoredin
thelook-uptable.

5. Classifier Combination

We will concentrateon four elementarycombination
schemedn this papersum-rule max-rule product-ruleand
majority vote. As their namesalready suggest,sum-rule
addsall confidencevaluesfor a class,product-rulemul-
tiplies confidencevalues,and max-rule simply takes the
maximum value without any further operations Majority
voteis a simplevoting, with a randombreakof tiesin our
caseThoughthereexist morecomplex schemesit is by no
meang<ertainthatthoseschemesresuperiorto moresim-
pler ones.Also, the sum-ruleis the naturalway of integrat-
ing informationfrom differentsourceg11]. It is veryrobust
againsnoiseaswell, atleasttheoretically[8].

In the following experimentswe computethe informa-
tional confidencevaluesfor eachclassifier as described

| Classifier | Arabic | Chinese| Korean| Hindi ]

KNN 90.90 | 92.19 | 94.04 | 97.51
WED 80.07 | 84.89 | 84.68 | 91.97
GMM 88.14 | 90.59 | 90.72 | 93.11
SVM 90.93 | 9343 | 9254 | 97.27

Table 1. Recognition rates for each script.

Combination| Arabic | Chinese| Korean| Hindi |

Sum-rule 90.27 | 92.92 93.06 | 97.05
Inf. sum-rule | 92.66 94.43 94.31 | 98.08
Max-rule 88.14 | 90.83 90.97 | 93.13
Product-rule | 90.97 93.34 92.50 | 97.09
Majority vote | 92.46 | 92.81 92.93 | 96.38
Table 2. Performance of combination

schemes for each script.

above, andstorethemin alook-uptable.For eachtestpat-
tern, thesenew valuesreplacethe confidencevaluespro-
vided by therespectie classifier andthensene asinputto
thecombinatiorprocessNotethatwe assumehathighval-
uesindicatehigh confidenceThis requiresa mirroring of
confidencevaluesfor theKNN andSVM beforenormaliza-
tion.

5.1. Combination Experiments

Tablel liststheindividualrecognitionratesof eachclas-
sifier for eachwriting system.The KNN and SVM clas-
sifiers provide the bestoverall performanceClassification
ratesare lowestfor Arabic script sincethe texture formed
by Arabic wordsis moresimilar to texturesof Latin words
thantexturesof otherscripts.

Table 2 shawvs the combinedrecognitionratesfor each
combinationschemeandeachscript. The elementarycom-
binationschemegprovide almostalwayslower recognition
ratesthan the single bestclassifiers.Only the sum-rulein
connectionwith informational confidencevaluesprovides
better rates (see secondrow in Table 2). In fact, infor-
mational confidencevaluesalways outperformthe single
bestrecognitionrate. The biggestimprovementof more
than1.7%is onthe mostdifficult script: Arabic.

5.2. AdaBoost

In orderto have a bettercomparisonwith other state-
of-the-art combination schemes,we also experimented
with Boosting,in particular AdaBoost.AdaBoost(Adap-



| Classifier | Arabic | Chinese| Korean| Hindi ]

KNN 90.95 | 9222 | 94.12 | 97.39
WED 82.24 | 85.17 | 85.18 | 92.13
GMM 88.03 | 91.02 | 91.14 | 92.85
SVM 90.48 | 93.49 | 93.03 | 97.38

Table 3. Recognition rates with Boosting.

tive Boosting) was introduced by Freund and Schapire
in 1995 to expand the boosting approachintroducedby

Schapireln ourwork, we concentrat®n the AdaBoostap-
proachcalled AdaBoost.M1(Freundand Schapire1996).
The AdaBoostalgorithm generates setof classifiersand
votesthem. It changesthe weights of the training sam-
plesbasedon classifierspreviously built (trials). The goal

is to force the final classifiersto minimize expecteder

ror over differentinput distributions. The final classifieris

formed using a weightedvoting scheme.Details of Ad-

aBoost.M1canbefoundin [3]. In our experimentswe set
thenumberof trials to 20.

Table 3 is a representatie exampleof our Boostingex-
perimentswith differenttraining sets.Exceptperhapsfor
WED, theimprovementsare only smallwhencomparedo
therecognitionratesin Table1, andvery oftenevenworse.
Also, the nearesneighborclassifierdoesnot lend itself to
boostingsinceit never misclassifie®on thetrainingset.

6. Summary

We have presentedh classifiersystemof four classifiers
for scriptidentification.The performanceof all four classi-
fiersvariesamongdifferentscripts.While the performance
for Hindi scriptis pretty good, Arabic scriptidentification
hasthelowestperformanceWhenwe combineall four clas-
sifiers,we achievethegreatesimprovementor Arabic,and
getalsosmallimprovementdor the otherscripts.The ele-
mentarycombinationschemesakenalonealmostneverre-
sultedin animprovedrecognitionrate. However, informa-
tional confidencesaluesin combinatiorwith sum-rulecon-
sistentlyoutperformthe bestsinglerecognitionrate.

While sum-ruleis the mostnaturalcombinationscheme
for informational confidencevalues,informational confi-
denceis by no meansa contradictionto othercombination
schemesOn the contrary informationalconfidencecanbe
considered generaktandardepresentatiofor confidence
onwhich othercombinationschemeganrest.
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