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Abstract

Electronic bilingual lexicons are crucial for machine
translation,cross-lingualinformationretrieval andspeech
recognition. For low-densitylanguages,however, theavail-
ability of electronic bilingual lexiconsis questionable. One
solutionis to acquireelectronic lexiconsfromprintedbilin-
gual dictionaries.Whilemanualdataentry is a possibility,
automaticacquisitionof lexiconsfrom scannedimagesof
bilingual dictionarieswould expeditethe prototypingpro-
cessof cross-language systems.Printed dictionarieshave
a logical modelthatdefinesthesyntaxof thedictionaryen-
tries – i.e. order of thedictionaryentry, its part of speech,
its pronunciationand its definition. In this article we pro-
posean algorithm to automaticallyextract bilingual dic-
tionary entriesbasedon stochastic language models. We
demonstrate this algorithm on a printed Chinese-English
dictionary. This work can be easily usedfor extracting
information from other tabular structures like telephone
books,catalogs,etc.

1 Intr oduction

Documentimageanalysis(DIA) is the processof con-
verting a documentpageimageinto a symbolic file. An
importantcomponentof theany DIA systemis theanalysis
of the logical structureof documentpageimages. Docu-
mentlogical structurespecifieslogical labelsandthe logi-
cal relationamongdocumentcomponents.For instance,in
a scientificjournalpaper, title andauthorarelogical labels
andtitle is followedby author. Documentlogical structure
analysisis a processof assigninglogical labelsand rela-
tionsto thephysicallysegmentedregions.While numerous
algorithmshave beenproposedfor analyzinga document’s
physicalstructure,thereis relatively lesspublishedwork on
documentlogical structureanalysis.

Bilingual lexicon is anindispensabletool in naturallan-
guageunderstanding,machinetranslation,cross-language

informationretrieval andspeechrecognition.In this paper,
we describean algorithmfor parsingthe logical structure
of printedbilingualdictionariesusingastochasticlanguage
model. We discussrelevant literaturein Section2. In Sec-
tion 3 we presenta stochasticlanguagemodel for repre-
sentingthe logical structureof a printed Chinese-English
dictionary. In Section4, wedescribea protocolfor training
andevaluatingour algorithmand in Section5 we discuss
theexperimentalresults.

2 Survey

Languagemodelshave beenusedfor efficiently model-
ing thesyntacticknowledgein thegivendatain many appli-
cationsbesideslinguistics. Formal languagesrepresented
by thegrammaticalruleshavebeenusedin patternrecogni-
tion [5]. In thecomputervisionarea,languagemodelssuch
as context-free grammarshave beenusedfor recognizing
visual activities [7]. N-gramsandHiddenMarkov Model
(HMM) arevery popularlanguagemodelsusedin speech
recognition[17]. Languagemodelssuchasfinite stateau-
tomatahavebeenusedfor documentimagedecoding[11].

Documentlayout structureconsistsof documentphysi-
cal layout analysisandlogical layout analysis.Document
physicalanalysismethodcanbecategorizedinto top-down
approaches[13, 2], bottom-upapproaches[14, 8] andhy-
brid approaches[16]. A survey of pagesegmentational-
gorithms can be found in [15]. Mao and Kanungo[12]
evaluatedthreeresearchphysicalsegmentationalgorithms
and two commercialproducts. Rule-basedsystemhave
beenusedfor automaticallylabelingthe documentimages
[10]. The linguistic propertiesof documentlayout have
beenstudiedin [6, 19]. Conway [3] performeddocument
layoutrecognitionbasedona setof pagegrammars.Krish-
namoorthyet. al. usedasetof blockgrammarsfor syntactic
segmentationandlabelingof documentpages.

Efficientparsingalgorithmshavebeenproposedfor gen-
erating syntactic structuresbasedon grammaticalrules.



Earley algorithm[1] is a top-down dynamicprogramming
approach.Cocke-Younger-Kasami(CYK) algorithm[1] is
abottom-updynamicprogrammingapproach.While deter-
ministic languagemodelscanbe useful, they arenot use-
ful whenthe input hassentenceswith grammaticalerrors.
Stochasticparsingtechniquescanremove this difficulty by
selectingaparsingtreewith thehighestprobability. Stolcke
[18] augmentedEarley parserby asetof probabilityandef-
ficiently find theoptimalparsingresult.

3 DocumentModel

We usea generative documentmodelfor modelingdic-
tionarypagesasshown in Figure1(a)andFigure1(b). This
modelcontainsa physicallayoutmodel,a logical structure
model,a text generationmodel,a bordernoisemodeland
a local noisemodel. In this paper, we focus on the logi-
cal structurerecognitionandthedetaileddescriptionof the
physicalstructuremodelandrecognitionalgorithmcanbe
found in [9]. Figure1(c) shows a samplesegmentationre-
sultof a dictionarypage.

3.1 DocumentLogical Model

In the Chinese-Englishdictionary, thereare four cate-
goriesof objects:Pinyin (Chinesepronunciation),Chinese
word, part of speechand the English definition. Within
eachlexicon item, the objectsof different typesare logi-
cally structured. We usecontext-free grammar(CFG) to
model this logical structureof Chinese-Englishdictionary
lexicon items. Let
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is Englishdefinition.Finally, let
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bethefinite setof
stochasticproductionrulesand

�
be the nonterminalstart

symbol. For the Chinese-Englishdictionary, we formally
definethepossibleproductionset

�
asfollows:

S - P C T [1.0] T - U T [ .�/10 ]
P - a [ 2 ] U - G D [1.0]
P - a P [ .�/32 ] G - c [ 4 ]
C - b [ 5 ] G - c G [ .�/64 ]
C - b C [ .7/35 ] D - d [ 8 ]
T - U [ 0 ] D - d D [ .�/38 ]

wherethenumbersin thesquaredbracketareruleprobabil-
ities. Theword split error from physicalsegmentationcan
be handledby the rulesP - a P, C - b C, G - c G and
D - d D. However, if two or morewords from different
categoriesaremergedduringphysicalsegmentationproce-
dure,the parserwill generateerroneousresults. Hence,it

is importantto train thephysicalmodelparametersto avoid
mergeerrorasmuchaspossible.On theotherhand,if split
errorbecomessever, the lengthof stringof physicallyseg-
mentedwordsin lexicon itembecomeslongerandthepars-
ing of it becomesslower.

Weaugmenteachproductionrulewith aprobability. The
parsingresult with the highestprobability is retainedand
all otherparsingresultsarediscarded.In this paper, we use
theStolcke-Earley parser[18] to generatethemostprobable
parsingresult basedon stochasticcontext-free grammars.
Theterminalsymbolsequencesaretheinputsto theparser.

3.2 Modeling the Uncertainty in the Input Sym-
bols

In ourproblemtheterminalsymbolsarealsoprobabilis-
tic. That is, for eachword-tokenwe have probabilitiesthat
thetokencanbeoneof thefour categories,namely, Pinyin,
or a Chineseword, or a partof speech,or part of a defini-
tion. Theseprobabilitiesarederived from the distribution
of theheightfeaturethatis extractedfrom thewordbound-
ing boxgeneratedby thephysicalsegmentationstage.Thus
the input hasa distribution on the four categories. Let 9
bearandomvariablecorrespondingto thefeatureextracted
from theinput andlet

�
bea randomvariablewhosevalue

canbeoneof thefour categories.
By studyingthephysicalsegmentationresultsasshown

in Figure1, we modeledthe height featuredistribution of
Pinyin, Chineseandpart of speechusingGaussiandistri-
butions. However, sinceEnglishwordscanhave ascender,
descenderor noneof them,theheightdistributionhasthree
peaks.Mixture densitycanbe usedto model this kind of
distribution. In our case,we usedtheheighthistogramdis-
tribution obtainedfrom a training datasetasthe empirical
probabilitydensityfunction.For agiven 9 ,
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The prior probability
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can be easily estimated
from the training dataset.Thereforefor eachinput feature
9 , we cancompute

�:���V�O=@? 9 �@	�=�� . 	�WS	�XS	�Y usingabove
equations.

4 Experimental Protocol

Our dictionary imagepagetest dataset containedsix
scannedpagesfrom aChinese-Englishdictionary[4]. Each
dictionarypagecontainsabout90 lexicon items. We used
onedictionarypagewith 88lexiconitemsfor estimatingthe
input featuremodelparametersandstochasticcontext-free
grammarproductionrule probabilities. We thenevaluated
our algorithmwith the estimatedmodelparameterson the



(a) (b) (c)

Figure 1. This figure sho ws a real dictionar y page in (a), a synthetic dictionar y page in (b) using
estimated style parameter s for (a), and a sample physicall y segmented real dictionar y page in (c).
Notice that one of the headword and the corresponding Chinese word have both been split into two
tokens.

remainingfivedictionarypages.DifferentOCRenginesare
selectively appliedto the the subimagescorrespondingto
logical componentsparsedby the stochasticparser. The
script of the text wasautomaticallyclassifiedby the algo-
rithm. Finally, the logical structureof the file wasgener-
ated.

The platform used for the implementation,algorithm
training and testingwasa Dell PC with a 355 MHz Pen-
tium II CPUand128MB mainmemoryrunningLinux 7.0
operatingsystem.

5 Experimental Results
and Discussions

We report four performanceindices of our algorithm:
parsingaccuracy, parsingfailurerate,parsingerrorrateand
parsingmiss rate. We report thesenumberson individual
pagesof the dictionarypagesand thenreport the average
overall five testdictionarypagesasshown in Table1.

Parsingaccuracy is definedastheratioof numberof cor-
rectly parsedlexicon itemsandthetotal numberof lexicon
items.Parsingfailurerateis definedastheratio of number
of lexicon itemsthatcannotbeparsedandthetotalnumber
of lexicon items.Parsingerrorrateis definedastheratioof
numberof lexicon itemsthatareincorrectlyparsedandthe
total numberof lexicon items. Parsingmissrateis defined
asthe ratio of numberof lexicon itemsthatarenot parsed
andthetotal numberof lexicon items.

Most failed parsesaredueto inaccuratefeatureextrac-
tion as shown in Figure 2(a) wherethe height of part of

Table 1. Performance Indices. The values are
in percenta ge.

PageNo. 1 2 3 4 5 pageaverage
parsingaccuracy 91.11 89.80 96.70 93.10 90.63 92.21

parsingfailurerate 0 2.04 1.10 1.15 7.29 2.32
parsingerrorrate 6.67 7.14 2.20 5.75 2.08 4.81
parsingmissrate 2.22 1.02 0 0 0 0.66

speechis too large;mostincorrectparsesaredueto thefact
that wordsof differentcategory within a lexicon item got
mergedasshown in Figure2(b). However, missedparses
are due to incorrect physical segmentationresult on the
missedlexicon item asshown in Figure2(c).

Currentlyour featureincludestokenheightonly. Wecan
seethattheparsingresultis verygoodgiventhesimplefea-
ture we extract from physicallysegmentedtokens. How-
ever, the performancecanbe further improvedif usersex-
tract betterandmorefeaturesfrom the segmentedtokens.
We planto evaluateour algorithmon a muchlargerdataset
andextractmulti-dimensionalfeaturesfrom physicallyseg-
mentedtokens.

References

[1] A. V. Aho and J. D. Ullman. The Theoryof Pars-
ing, Translation,and Compiling. Prentice-Hall,En-
glewoodCliffs, NJ,1972.

[2] H. S.Baird,S.E. Jones,andS.J.Fortune.Imageseg-
mentationby shape-directedcovers. In Proceedings



(a) (b) (c)

Figure 2. This figure sho ws an example of failed parsing (a), incorrect parsing (b) and missed parsing
(c).

of International Conferenceon Pattern Recognition,
pages820–825,Atlantic City, NJ,June1990.

[3] A. Conway. Page grammarsand page parsing a
syntatic approachto document layout recognition.
In Proceedingsof InternationalConferenceon Doc-
ument Analysis and Recognition, pages 761–764,
TsukubaScienceCity, Japan,October1993.

[4] J.DeFrancis,Y. Q. Bai, S.Z. Fang,V. H. Mair, R. M.
Sanders,R. Y. D. Sun, and B. Y. Yi, editors. ABC
Chinese-EnglishDictionary. ChineseGrandDictio-
nary, Shanghai,China,1997.

[5] K. S. Fu. SyntacticMethodsin Pattern Recognition.
AcademicPress,New York andLondon,1974.

[6] M. Hurst. Layout and language:An efficient algo-
rithm for detectingtext blocks basedon spatialand
linguistic evidence. In Proceedingsof SPIE Con-
ferenceon DocumentRecognition, pages56–67,San
Jose,CA, January2001.

[7] Y. A. Ivanov andA. F. Bobick. Recognitionof visual
activitiesandinteractionsby stochasticparsing.IEEE
TransactionsonPatternAnalysisandMachineIntelli-
gence, 22:852–872,2000.

[8] A. K. JainandB. Yu. Documentrepresentationand
its applicationto pagedecomposition. IEEE Trans-
actionsonPatternAnalysisandMachineIntelligence,
20:294–308,1998.

[9] T. KanungoandS. Mao. Stochasticlanguagemodel
for analyzingdocumentphysicallayout. In Proceed-
ings of SPIE Conferenceon DocumentRecognition
and Retrieval, SanJose,CA, January2002. Submit-
ted.

[10] J.Kim, D. X. Le, andG. R. Thoma.Automatedlabel-
ing in documentimages.In Proceedingsof SPIECon-

ferenceon DocumentRecognition, pages111–117,
SanJose,CA, January2001.

[11] G. E. Kopecand P. A. Chou. Documentimagede-
codingusingmarkov sourcemodels. IEEE Transac-
tions on Pattern Analysisand Machine Intelligence,
16:602–617,1994.

[12] S.MaoandT. Kanungo.Empiricalperformanceeval-
uation methodologyand its applicationto pageseg-
mentationalgorithms. IEEE Transactionson Pat-
tern AnalysisandMachine Intelligence, 23:242–256,
2001.

[13] G. Nagy, S. Seth,andM. Viswanathan.A prototype
documentimageanalysissystemfor technicaljour-
nals.Computer, 25:10–22,1992.

[14] L. O’Gorman.Thedocumentspectrumfor pagelayout
analysis.IEEE Transactionson PatternAnalysisand
MachineIntelligence, 15:1162–1173,1993.

[15] L. O’GormanandR.Kasturi.DocumentImageAnaly-
sis. IEEEComputerSocietyPress,LosAlamitos,CA,
1995.

[16] T. Pavlidis andJ. Zhou. Pagesegmentationandclas-
sification. Graphical Modelsand Image Processing,
54:484–496,1992.

[17] L. RabinerandB. H. Juang.Fundamentalsof Speech
Recognition. PrenticeHall, Englewood Cliffs, NJ,
1993.

[18] A. Stolcke. An efficient probabilistic context-free
parsingalgorithm that computesprefix probabilities.
ComputationalLinguistics, 21:165–201,1995.

[19] L. Todoran,M. Aiello, M. Christof,andM. Worring.
Logical structuredetectionfor heterogeneousdocu-
mentclasses.In Proceedingsof SPIEConferenceon
DocumentRecognition, pages99–110,SanJose,CA,
January2001.


