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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-Latinwords in bilingual printeddocuments.Theclas-
sifiersystemcomprisesfour differentarchitecturesbasedon
nearestneighbors,weightedEuclideandistances,Gaussian
mixturemodels,andsupportvectormachines.Wereportre-
sultsfor Arabic, Chinese, Hindi, andKoreanscript. More-
over, weshowthatcombininginformationalconfidenceval-
uesusingsum-rulecanconsistentlyoutperformthebestsin-
gle recognition rate.

1. Intr oduction

Thepurposeof this paperis twofold: First,our intention
is to improve word-level script identification.In particular,
we wantto improveon our previousexperimentsdescribed
in [9]. Second,weusescriptidentificationto show theben-
efit of informationalconfidencevalues,atechniquerecently
introducedin [5, 6]. Classifiercombinationis a particularly
promisingapplicationfor informationalconfidencevalues.
We arethusgoing to apply a multiple classifiersystemto
the problemof script identificationin this paper, which is
structuredasfollows: Section2 presentssomeexisting ap-
proachesfor script identificationandoutlinesour approach
in detail.Section3 describestheclassifiersusedin our ex-
periments,andthe way we computeconfidencevaluesfor
eachof them.Section4 elaborateson themainfocusof this
paper:informationalconfidence.Finally, Section5 presents
ourclassifiercombinationresultsfor word-levelscriptiden-
tification with informationalconfidence,anda shortsum-
marythenconcludesthepaper.

2. Script Identification

Among the significant numberof documentsthat can
only be accessedin printedform, a large portion aremul-

tilingual documents,suchaspatentsor bilingual dictionar-
ies. In general,automaticprocessingof multilingual docu-
mentsrequiresthatthescriptsmustbeidentifiedbeforethey
canbefed into anappropriateOCRsystem.

Earlier work on script identificationincludestemplate-
basedapproaches([4]), approachesexploiting character-
specificcharacteristics([12, 13, 14]), as well as text line
projections([15]) andfont recognitionbasedon globaltex-
tureanalysis([16]).

Our approachis differentin thatit operateson theword-
level [9]. We usea modifiedDocstrumalgorithm([10]) to
first segment the documentinto words and then apply a
script classificationon word-level. Our focus is 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.Script identificationthenbecomesa 2-classclassi-
ficationproblemfor eachword.Figure1 showsapagefrom
a bilingual Arabic-Englishword dictionary, with the Ara-
bic wordsbeingsuccessfullyidentified.We useGaborfil-
ters to computefeaturesfor eachscript class.More infor-
mationon thesefeaturesandotherpre-processingstepsis
givenin [9].

3. Classifiers

In the following description,we usex to representthe
feature vector, which is a 32-dimensionalvector value,
andS to representthe training set.Script identificationis
a 2-classclassificationproblemin ourcase,soall theequa-
tionsfocuson the2-classproblem.

3.1. NearestNeighbor (KNN)

First introducedby CoverandHart [2] in 1967,theNear-
estNeighbor(NN) classifierwasprovento bea very effec-
tive andsimpleclassifier. It foundapplicationsin many re-
searchfields.UsingtheNN classifier, atestsamplex is clas-
sified by assigningit the label that its nearestsamplerep-
resentsin the training samples.The distancebetweentwo



Figure 1. Arabic word segmentation.

featurevectorsis usuallymeasuredby computingthe Eu-
clideandistance.In our experiments,we computetheclas-
sifier’s confidencein a classlabel ��� assignedto a testing
samplex asfollows:���	��

� x � ����������� �

x ��� S��� ��� � � � x ! x "����#!
where � � � � x ! x " � computestheEuclideandistancebetween
two vectorsx andx " , andS$ � is thesetcontainingall train-
ing sampleswith label � � .
3.2. WeightedEuclidean Distance(WED)

From the training samples,we computethe mean %'& �)(
andstandarddeviation *+& �,( of thetrainingsamplesfor each
class�-� . Thenfor eachtestsamplex, we computethedis-
tancebetweenx and �-� usingthefollowing formula:
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where � is the featuredimensionand C is the numberof
classes.Testingsamplesare assignedthe classlabel with
the minimum distance.We computethe classifier’s confi-
dencein a classlabel �-� asfollows:
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3.3. Support Vector Machine (SVM)

SVMs werefirst introducedin thelateseventies,but are
now receiving increasedattention.TheSVM classifiercon-

structsa ‘best’ separatinghyperplane(themaximalmargin
plane)in ahigh-dimensionalfeaturespacewhich is defined
by nonlineartransformationsfrom theoriginal featurevari-
ables.Burges[1] gaveadetaileddescriptiononhow to find
theseparatinghyperplanes.We chosetheSVM implemen-
tationSVM-light [7] andthepolynomialkernelfunctionin
ourwork. In aSVM classifier, thedistancebetweenthetest-
ing sampleandthehyperplanereflectstheconfidencein the
final classification.The larger the distance,the morecon-
fidencethe classifierhasin its classificationresult.Hence,
wecandirectlyusethisdistanceasconfidencein ourexper-
iments.

3.4. GaussianMixtur e Model (GMM)

The GaussianMixture Model (GMM) classifieris used
to modelthe probability densityfunction of a featurevec-
tor, x, by the weightedcombinationof C multi-variate
Gaussiandensities( L ):

MI� x � LN��� G2 � 476 M �POB� � x �#!
where the weight (mixing parameter) M � corresponds
to the prior probability that featurex was generatedby
component � , and satisfies E G� 476 M �Q� ? . Each com-
ponent ��� is representedby a Gaussianmixture model�-�R�TS �UM � !V% � !�WX�/� whoseprobability densitycanbe de-
scribedas:
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where % � and WX� arethe meanvectorandcovariancema-
trix of Gaussianmixturecomponent� respectively. Details
abouthow to estimatetheclassifiercanbefoundin [9]. We
takethelikelihoodvalue a ���UMI� �-��� x ��� astheclassifier’s con-
fidencein labelingtestingpatternx as �-� .
4. Inf ormational Confidence

Most researcherswould agreethat the ability of a clas-
sifier to providesoft decisionsis anintegralpartof classifi-
cation.Classifiersproviding merelyharddecisionswith no
gradingwhatsoever give away muchof the informationin-
herentin their trainedparameters,suchasdistancesto tem-
platesor hyperplanes.This informationis extremelyuseful
for improving recognitionrateswith post-processingtech-
niqueslike languagemodelsor other statisticalmethods,
e.g.hiddenMarkov Models.Fortunately, moststate-of-the-
art classifiersnow do returnsoft decisions.In fact, the im-
portanceof soft decisionshasgiven rise to new research
in fuzzy logic andsoft-computing,motivatedby thehuman
mind’s remarkableability to processpervasively imprecise
anduncertaininformation.



A soft-decisionprovidedby aclassifierfor apatternwith
unknown classis basicallya list of candidatesclasses,each
being assigneda confidenceby the classifier. The confi-
dence,as the namealreadysuggests,indicateshow confi-
dent the classifieris that a particularclasslabel is indeed
thecorrectclasslabelfor theinputpattern.In theliterature,
thereexist differentnamesfor this confidenceprovidedby
the classifier, e.g.measurementor likelihood.Throughout
this paper, we will usethetermconfidence.For implemen-
tational reasons,we assumethat confidencetakes on dis-
cretevalues.

One major drawback of confidencein practiceis that
confidencevaluesfrom different informationsources,e.g.
multiple classifiers,arealmostnever compatiblewith each
other, featuring different means,standarddeviations etc.
For instance,aninformationsourceproviding a confidence
of b-A c is not necessarilytwice asconfidentasanotherin-
formationsourcewith confidencebdA e . Our solutionto this
problemis a standardrepresentationfor confidencevalues
in which eachconfidencevaluematchesits actualinforma-
tional content.This approachwasfirst presentedin [5, 6]
with goodresultsfor characterrecognition.

4.1. Inf ormation-Theoretical Approach

We take the notion of information literally andrequire
confidenceto be equalto informationasdefinedby Shan-
non,i.e.equalto thenegativelogarithm[11]. Let f beaset
of confidencevaluesfor a classifierg :fQ�ihjflkm!�AnA�A�!.f � !nA�AnA#!Vfloqp (1)

Furthermore,let f k denotethelowestpossibleconfidence,
and f o be the confidenceindicating that the classifieris
absolutelycertainaboutits output.Then,we computenew,
informationalconfidencevaluesfsrBtvu� that satisfythe fol-
lowing linearequation:fl�w� xzyX{ � ? : MI� fl�|�V�� xzy :~},� � ? : MI� f����V� (2)

In (2), functional term { is just the negative logarithm,
while x is a multiplying scalarand M7� f � � standsfor the
performanceof f � . In otherwords,thenew confidenceval-
uesdependlinearly on the information containedin their
performance.The betterthe performanceM7� f � � of a con-
fidencevalue,the more information it provides.A perfect
performanceof ? providesinfinite information,while aper-
formanceequalto b provides no information at all. Note
that (2) saysnothingaboutwhat MI� fl��� or x actuallyare.
Nevertheless,we canfind out themeaningof MI� fl�|� and x
by simply resolving(2) for MI� f��|� :fl���zx�y :~})� � ? : M7� fl������R� fl�x � :~})� � ? : M7� fl�����

�R� ] `X� �� �i? : MI� f � ��R� M7� fl�����i? : ] `N� �� (3)

This straightforward derivation shows that MI� f���� is actu-
ally theexponentialdistribution of a randomvariablewith
expectationvalue x : In statistics,the exponentialdensity
function ] $ ��9 � with parameter� is definedasfollows:

] $ ��9 ����� ��y ] ` $j� � 9�� bb � 9�� b �~��b (4)

The correspondingdistribution x $ �|� � describesthe
probability that the exponentiallydistributedrandomvari-
able assumesvalueslower than or equalto � . This prob-
ability equalsthe areaunder the density curve delimited
by � . We cancomputex'$ �|� � by solving the following in-
tegral:

x $ �|� ��� � 3
`�� ] $ ��9 � ��9

� � 3
k ��y ] ` $j� ��9

� � : ] ` $j�\� 3k� ? : ] ` $ 3
(5)

Note that (5) becomesidenticalto (3) oncewe set �s� 6� .
This confirms the aforementionedresult stating that the
performancein (2) is actuallyan exponentialdistribution.
Moreover, wenow alsoknow thatparameterx is anexpec-
tation value in the statisticalsense.This follows from the
fact thatanexponentiallydistributedrandomvariablewith
distribution x $ ��� � hasanexpectationvalueof

6$ .
Thenext subsectionproposesa techniquefor computing

informationalconfidencevaluesbasedon this relationship
betweenperformanceanddistribution.

4.2. Learning Inf ormational Confidence

Oncewe know the performanceof a confidencevalue,
wecancomputethecorrespondingnew informationalconfi-
dencevalueby simplyapplyingthedefinitionin (2).Hence,
theideais to first estimatetheperformanceof a confidence
value fl� on an evaluationset, and then computeits new
valueaccordingto (2). Motivatedby the fact that the dis-
tribution providesthepercentageof areacoveredunderthe
densityfunctionfor aparticularconfidencevalue f , weuse
thefollowing estimate�MI� f � � of MI� f � � :�MI� f � ����� � (6)� � is the percentageof patternsin the evaluationset that
classifierg correctlyclassifieswith confidenceequalto or
lessthan fl� . For meaningfulconfidencevalues,�;� will in
generalincreasemonotonouslyover the setof confidence



values f , with �;��� � , and � beingthe overall recogni-
tion of g .

Analogousto the distribution x $ ��� � , we can consider�M�� fl�/� as an estimateof the percentageof total informa-
tion conveyed when classifier g hasconfidencef � . The
maximuminformationis receivedwhen g returnsits high-
estpossibleconfidence.Insertingtheperformanceestimate�M�� f � � directly into (2) thenprovidesthenew informational
confidencevalues �f � , which replacetheold values:

f rBtvu� ��x�y :~},� � ? : �MI� f � ��� (7)

Note that we usean estimateof �M7� fl�/� that is slightly
differentfrom thepreviouswork in [5]. Also, in theexperi-
mentspresentedin thenext section,we will usea slight re-
finementof (7) asintroducedin [6], namely:

f rBtvu� �¢¡ £)¤¦¥§ �¨y :~},�l© ? : ¡v£ª¤¦¥Y �MI� f � � « (8)

In this equation,x is setto the overall recognitionrate �
of g , andall valuesarenormalizedaccordingto the over-
all information { � g�� conveyedby g , with { � g��0� :~},� � ? :�¬� . A moredetaileddiscussionof this formulais not in the
scopeof this paper. Readersarereferredto [6] for morede-
tails.

In summary, learning informational confidencevalues
is a 3-stepprocess:In the first stepclassifier g is trained
with its specifictrainingmethodandtrainingset.In thesec-
ond step,the performancefor eachconfidencevalue and
theoverall recognitionrateof g areestimatedon a second
training (evaluation)setaccordingto (6). Finally, new in-
formationalconfidencevaluesarecomputedandstoredin a
look-up tableaccordingto (8). In all future classifications,
confidencevaluesprovidedby classifierg will thenalways
be replacedwith their informationalcounterpartsstoredin
thelook-uptable.

5. ClassifierCombination

We will concentrateon four elementarycombination
schemesin thispaper:sum-rule,max-rule,product-ruleand
majority vote. As their namesalreadysuggest,sum-rule
addsall confidencevaluesfor a class,product-rulemul-
tiplies confidencevalues,and max-rule simply takes the
maximumvalue without any further operations.Majority
vote is a simplevoting, with a randombreakof ties in our
case.Thoughthereexist morecomplex schemes,it is by no
meanscertainthatthoseschemesaresuperiorto moresim-
pler ones.Also, thesum-ruleis thenaturalway of integrat-
ing informationfrom differentsources[11]. It is veryrobust
againstnoiseaswell, at leasttheoretically[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 93.43 92.54 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 a look-uptable.For eachtestpat-
tern, thesenew valuesreplacethe confidencevaluespro-
videdby therespectiveclassifier, andthenserve asinput to
thecombinationprocess.Notethatweassumethathighval-
uesindicatehigh confidence.This requiresa mirroring of
confidencevaluesfor theKNN andSVM beforenormaliza-
tion.

5.1. Combination Experiments

Table1 lists theindividualrecognitionratesof eachclas-
sifier for eachwriting system.The KNN and SVM clas-
sifiersprovide the bestoverall performance.Classification
ratesare lowestfor Arabic script sincethe texture formed
by Arabic wordsis moresimilar to texturesof Latin words
thantexturesof otherscripts.

Table2 shows the combinedrecognitionratesfor each
combinationschemeandeachscript.Theelementarycom-
binationschemesprovide almostalwayslower recognition
ratesthan the singlebestclassifiers.Only the sum-rulein
connectionwith informationalconfidencevaluesprovides
better rates (seesecondrow in Table 2). In fact, infor-
mational confidencevaluesalways outperformthe single
best recognitionrate. The biggest improvementof more
than1.7%is on themostdifficult script:Arabic.

5.2. AdaBoost

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



Classifier Arabic Chinese Korean Hindi

KNN 90.95 92.22 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 introducedby Freund and Schapire
in 1995 to expand the boostingapproachintroducedby
Schapire.In ourwork, we concentrateon theAdaBoostap-
proachcalled AdaBoost.M1(Freundand Schapire1996).
The AdaBoostalgorithmgeneratesa setof classifiersand
votes them. 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.M1canbefound in [3]. In our experiments,we set
thenumberof trials to 20.

Table3 is a representative exampleof our Boostingex-
perimentswith different training sets.Exceptperhapsfor
WED, the improvementsareonly smallwhencomparedto
therecognitionratesin Table1, andvery oftenevenworse.
Also, the nearestneighborclassifierdoesnot lend itself to
boostingsinceit nevermisclassifieson thetrainingset.

6. Summary

We have presenteda classifiersystemof four classifiers
for script identification.Theperformanceof all four classi-
fiersvariesamongdifferentscripts.While theperformance
for Hindi script is pretty good,Arabic script identification
hasthelowestperformance.Whenwecombineall four clas-
sifiers,weachievethegreatestimprovementfor Arabic,and
getalsosmall improvementsfor theotherscripts.Theele-
mentarycombinationschemestakenalonealmostnever re-
sultedin an improvedrecognitionrate.However, informa-
tionalconfidencevaluesin combinationwith sum-rulecon-
sistentlyoutperformthebestsinglerecognitionrate.

While sum-ruleis themostnaturalcombinationscheme
for informational confidencevalues,informational confi-
denceis by no meansa contradictionto othercombination
schemes.On thecontrary, informationalconfidencecanbe
consideredageneralstandardrepresentationfor confidence
onwhich othercombinationschemescanrest.
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