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ABSTRACT
Largearchivesof Ottomandocumentsarechallengingto many his-
toriansall over theworld. However, thesearchivesremaininacces-
siblesincemanualtranscriptionof sucha hugevolumeis dif�cult.
Automatictranscriptionis required,but dueto thecharacteristicsof
Ottomandocuments,characterrecognitionbasedsystemsmaynot
yield satisfactoryresults.It is alsodesirableto storethedocuments
in imageform sincethe documentsmay containimportantdraw-
ings,especiallythesignatures.Dueto thesereasons,in this study
we treattheproblemasan imageretrieval problemwith theview
thatOttomanwordsareimages,andweproposeasolutionbasedon
imagematchingtechniques.Thebag-of-vistermsapproach,which
is shown to besuccessfulto classifyobjectsandscenes,is adapted
for matchingwordimages.Eachwordimageis representedby aset
of visual termswhich areobtainedby vectorquantizationof SIFT
descriptorsextractedfrom salientpoints. Similar wordsare then
matchedbasedon the similarity of the distributionsof the visual
terms.Theexperimentsarecarriedout on printedandhandwritten
documentswhich includedover 10,000words. The resultsshow
that,theproposedsystemis ableto retrieve wordswith high accu-
racies,andcapturethesemanticsimilaritiesbetweenwords.

Categoriesand SubjectDescriptors
I.7.5 [Documentand Text Processing]: DocumentCapture—doc-
umentanalysis; I.4.7 [Image Processingand Computer Vision]:
FeatureMeasurement—feature representation

GeneralTerms
Documentation,Experimentation
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word-imagematching,bag-of-features,indexing
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Figure1: Characters in Ottoman Alphabet. Ottoman alphabet
has 5 more additional characters than Arabic alphabet which
consistsof 28 basiccharacters. Ottoman characterswhich are
differ ent fr om Arabic are indicated with bounding rectangles.

1. INTRODUCTION
Largearchivesof historicaldocumentsremaininaccessibledue

to thehugeamountof work requiredfor manualannotationor tran-
scriptionandthedif�culty in building automaticsystems.

Ottomanarchives,asbeingoneof thelargestcollectionof histor-
icaldocuments,holdover150million documentsrangingfrommil-
itary reportsto economicandpolitical correspondence,belonging
to theOttomanera. Largenumberof researchersfrom aroundthe
world areinterestedin accessingthearchivedmaterial[13]. How-
ever, many documentsare in defective editionsor in manuscript
formatandmanualtranscriptionandindexing of Ottomantexts re-
quire a lot of time and effort, causingmost of thesedocuments
inaccessible.

TheOttomanscriptis a connectedscriptbasedon Arabicalpha-
betwith additionalvocalsandcharactersfrom PersianandTurkish
languages[8] (Figure1) andthereforesharesthedif�culties faced
in Arabic [4]. Similar to Arabic, in Ottomanscriptseachcharacter
canhave four differentformsaccordingto thepositionof thechar-
acterin the word (beginning, middle, endandisolated). Another
commonpropertyof OttomanandArabic is that thereareonly a
few vowels.Therefore,transcriptionof awordstronglydependson
the context of thedocumentandvocabulary of the reader. Some-
timestwo differentwordscanbewritten asthesame,but suitable
oneis selectedaccordingto thecontext of thedocument.

Althoughcharacterrecognitionis awell studiedarea[9, 27,26],
therearenot many studieson recognitionof Arabic characters[1,
4, 2, 10] andrecognitionor retrieval of Ottomandocumentsis al-
mostuntouchedotherthana few studies[16, 20, 22, 3]. Recogni-



Figure2: Somecalligraphy stylesin Ottoman script.

tion of Ottomancharactersis dif�cult, if not impossible,with the
traditional characterrecognitionsystems,due to the skewed and
elongatedcharacteristicsof writing.

The main dif�culty of Ottomandocumentsis dueto the differ-
entcalligraphystylesheavily usedin writing. Ottomancalligraphy
was a respectedandencouragedart during OttomanEmpireand
thereforemany calligraphystyleswerefoundedandimproved by
Ottomans[6]. Someexamplesof differentcalligraphystylesare
shown in Figure2.

In Ottomandocuments,differenttypesof drawings,suchasminia-
turesandsignaturesarealsowidely used.Someroyal documents
which arecalledasFirmans[15] areshown in Figure3. As can
be seen,the documentsare very complicatedand they look like
drawingsratherthansimplewritings asaimedin calligraphy.

Thesecharacteristicsof Ottomandocumentssuggestus to treat
theproblemasanimageretrieval problemratherthana traditional
characterrecognitionproblem.With theproposedmethod,thedoc-
umentsare�rst segmentedinto words,whichareconsideredasim-
agesratherthan collection of characters,and then words are re-
trievedbasedon their visualdescriptorsusingtheimagematching
techniques.

With theassumptionthat thecurvatureor connectionpoints,or
thedotswhich arecommonlyusedin Ottomancharacters,areim-
portantvisualfeatures,wemakeuseof thesalientpointswhichare
shown to be successfulin representingsuchdistinctive areasand
heavily usedfor matching.Speci�cally, we usedSIFToperatorfor
detectingand representingsalientpoints [11]. Then, we usethe

Figure3: ExampleFirmans (royal documents)

bag-of-words approachwhich is recentlyadoptedfrom statistical
text analysisliteraturefor classifyingobjectsandscenes[24, 17,
23]. The descriptorsextractedfrom the salientpoints arevector
quantizedto have a setof visual termsandthenthewordsarerep-
resentedascollectionsof thesevisual terms. Then,the similarity
of wordsarefoundbasedonthesimilarity of thevisualtermdistri-
butions.

In thefollowing, �rst somerelatedstudieson characterrecogni-
tion anddocumentretrieval arereviewed.After describingthedata
set,andexplainingthepreprocessingmethodsfor obtainingwords,
theproposedmethodfor matchingwordswill bediscussed.Finally,
detailedexperimentalresultswill bepresentedandtheresultswill
becomparedwith DynamicTime Warpingapproachwhich is used
for a similarproblem.

2. RELATED WORK
In [21], matchingon bywords is proposedby using different

combinationsof � ve featurecategories: angularline features,co-
centriccircle features,projectionpro�les, Hu's momentandgeo-
metric features.Anotherstudy [7] make useof atomicsegments
andViterbi algorithmin orderto createanArabic text recognition
system.

Edwardsetal. [5] describedageneralizedHMM modelin order
to make a scannedLatin manuscriptaccessibleto full text search.
Themodelis �tted by usingtranscribedLatin asa transitionmodel
andeachof 22 Latin lettersastheemissionmodel.

Chanetal. [4] presentedasegmentationbasedapproachthatuti-
lizesgHMMs with abi-gramlettertransitionmodel.Their lexicon-
freesystemperformstext queriesonoff-line printedandhandwrit-
tenArabicdocuments.

Saykol etal. [20] usedtheideaof compressionfor content-based
retrieval of Ottomandocuments.They createa codebook,for the
charactersandsymbolsin thedatasetandprocessedthequeriesby
thehelpof this codebook.Scaleinvariantfeaturesnameddistance
andangularspanareusedin theformationof thecodebook.

Recently, RathandManmatha[18] proposedaword-imagematch-
ing techniquefor retrieval of historicaldocumentsby makinguse
of dynamictime warpingandshow that thedocumentscanbeac-
cessedeffectively without requiringrecognitionof characterswith
theirwordspottingidea.They useintensity, background-inktransi-
tion, lower andupperboundof theword asthefeaturesfor match-
ing process.They make experimentswith sevendifferentmethods,
which showed that their projectionbasedDTW methodresultsin



Figure 4: Example documentsused in the study: top: large-
printed, bottom left: rika, bottom right: small-printed.

thehighestprecision[12]. In their anotherstudy[19] they useda
HiddenMarkov Modelbasedautomaticalignmentalgorithmin or-
der to align text to handwrittendata.Experimentsaredoneon the
samedatasetasbeforeandthey claim that this algorithmoutper-
formsthepreviousDTW approach.

Srihariet al. [25] proposeda systemusingword matchingidea
after a prototypeselectionstep. They make useof 1024 binary
featuresin word matchingstepandacquiredpromisingresultsfor
a datasetwith variouswriters.

In our previous study[3], Ottomanwordsarematchedusinga
sequenceof eliminationtechniqueswhicharemainlybasedonver-
tical projectionpro�les.

3. DATA SETS
In thisstudy, weusedthreedifferentsourcestoconstructourdata

sets(Figure4). Two of thesesourcesarein printedform. The�rst
one,referredassmall-printed, is arelatively smalldatasetconsist-
ing of 6 documentsaboutarrangementsof the libraries. This data
set,consistingof 823words,is manuallytranscribedfor automatic
evaluation.Theseconddataset,referredaslarge-printed, consists
of 9524wordsextractedfrom the �rst 25 pagesof a book. This
dataset is usedto show that the proposedmethodscalesto large
volumes.Although,bothof thesedatasetsarein printedform, the
scaleof thecharactersslightly differ. Thethird dataset,referredas
rika , consistsof handwrittenwordswhicharewrittenwith awidely
usedcalligraphystylenamedRika,whichis especiallyusedin doc-
umentsaboutgovernmentalissues.It consistsof 3 pageswith 257
wordsandis alsomanuallyannotatedfor evaluation.

4. WORD SEGMENTATION
For extracting words from documents,simple and commonly

usedtechniquesareadopted.First, documentsarebinarizedusing
theOTSUmethod[14]. Then,linesandwordsaresegmentedusing
smoothedhorizontaland vertical projectionpro�les respectively.
Sincedocumentsarecarefullyscanned,andthewriting stylesused
aremostlywritten onstraightlines,recti�cation is not required.

With the evaluationson small-printeddataset,100%line seg-
mentationand82%wordsegmentationperformancesareobtained.
Figure5 shows someerrorsin word segmentation.Only on rika
dataset,afterautomaticbinarizationandline segmentationsteps,
manualwordsegmentationis performeddueto thedif�culty of the
dataset.

Figure5: Someexamplesof word extraction errors. Redboxes
are the wrong extractions and greenboxesare the correct ex-
tractions. Onereasonfor thesegmentationerrors is the phrases
with very small gaps in betweenthe words. This situation is
seenin the phraseat the upper left corner, meaningPublic Li-
braries, which could not be split into two words becauseof the
tails of the letters near spaces.Similarly , the words at the bot-
tom left are also unextracted due to elongatedletters. On the
other hand, isolatedformat of someconsecutivecharactersmay
result in large gaps causing over-segmentationas seenin the
words at the right.

We shouldnotethatbettermethodscouldbeappliedfor prepro-
cessing,but our focusis on representationof wordsaftersegmen-
tation,andthereforein this stagewe choosethesimplestmethods
with theknowledgethatbettersegmentationwould resultin better
retrieval performance.

We shouldalsomentionthatword segmentationerrorscouldbe
toleratedwith theproposedapproach.Forexample,if asingleword
is wrongly segmentedinto two parts,it is likely that the subparts
will bematchedwith theoriginal word with relatively largescores
sincethe proposedapproachis able to capturethe semanticrela-
tionsbetweenwordswhich have commonparts.

5. WORD MATCHING
Ratherthan further segmentingthe words into charactersand

matchingwordsbasedon consecutive charactersas in traditional
methods,in this study the words are consideredas imagesand
directly matchedusing visual featuresextractedfrom the entire
words.

In this study, we representthe wordsusingSIFT descriptorsof
thekeypoints[11]. As Figure6 shows, thekeypointsusuallycor-
respondto distinctive areason the characters,suchas dots,high
curvatureor connectionpoints.

Then, ratherthan matchingwords basedon similarity of indi-
vidual keywords,we preferto usebag-of-words approachwhere
the imagesare treatedasdocumentswith eachimagebeing rep-
resentedby a histogramof visual terms.Thevisual terms,usually
referredasvisterms, areobtainedby vectorquantizationof thefea-
turevectors.Weusek-meansfor vectorquantizationandrepresent
thesegmentedwordswith thenormalizeddistribution of visterms.
The similarity of two words are then found by using symmetric
KL-divergenceof thetwo distributions.

In thefollowing, wediscussamethodto generatebettervisterms
by makinguseof acodebook.



Figure6: Examplewords with extractedkeywords and visterm
distrib utions.

Figure7: Four differ ent forms of thr eeexampleletters, nun, ha
and shin respectively.

6. VISTERM GENERATION
Charactersin Ottomanalphabetmay have four different forms

accordingto the position in the word: initial, middle, �nal, and
isolated(seeFigure7). Usually, thesedifferentformsof thesame
characterare very similar. Also, althoughsomecharactersmay
includesomecommonparts,the similarity amongthesedifferent
formsis higherthanthesimilarity to othercharacters.

Basedon theseobservations,we force the keypoints in differ-
ent forms of the samecharacterto be in the sameclusterandthe
keypointsof differentcharactersto bein separateclusters,by com-
puting an error measurefor different k valuesin k-meanswhile
obtainingthevisterms.

For thispurpose,acodebookof 117elementswhich includesup
to four different forms of 31 charactersin the alphabetis created
by alsoconsideringdifferentconnectionsto othercharacters.This
codebookis thenusedto choosethebestnumberof clusters,k, in
k-meansby minimizing thefollowing error:

err or = 1=C
CX

i =1

ci + 1=M
MX

j =1

m j (1)

Here C is the numberof charactersin the alphabet,ci is the
numberof clustersthata characterc appears,M is thenumberof
clusters,andm j is thenumberof differentcharactersthattheclus-
ter j includes. The error measurecorrespondsto the sumof the
averagenumberof clustersfor acharacterwith theaveragenumber
of charactersfor a cluster. We assumethata characteris in a clus-
ter if a keypoint belongingto any form of that characteris in that
cluster.

Figure8: Examplequery resultson codebook.

Using1256keypointsfrom thecodebook,by incrementingk val-
uesby 10 between20 and200,theminimumerror is achieved for
k = 110.

In orderto testtheeffectivenessof thismethod,weusetheclus-
ters obtainedby the codebookand perform querieson eachele-
mentin thecodebookusingtheproposedmethod.Figure8 shows
two examplesof characterqueries.As canbeseen,differentforms
of thesamecharactercanbesuccessfullymatched,andthewrong
matchesareusuallydueto similar sub-patterns.

Although,thiscodebookcouldalsobeusedfor initializing thek-
means,sincetheresultswerenot very differentthanusingrandom
initialization,we prefernot to usethecodebookfurther. In theex-
periments,only k=110valueis usedto setthenumberof clusters,
but theclustersarerandomlyinitialized usingtheelementsof the
working dataset.

7. EXPERIMENT AL RESULTS
The experimentsare carriedout on all of the threedatasets.

Since,small-printedandrika setsaremanuallyannotated,quanti-
tative resultsareobtainedon thesedatasetsin the form of mAP
(meanAveragePrecision)values. In order to test the effect of
mixedwriting styleswe alsobuild anotherdataset,whichwe refer
ascombined, by combiningsmall-printedandrika datasets.Due
to dif�culty of annotatinglarge-printeddatasetconsistingof over
9500wordsonly qualitative resultsaregivenon this dataset.

Figure9 shows examplequeryresultsfor threewordson large-
printeddatasetandFigure10shows examplequeryresultsfor two
wordsonrika dataset.As �gures show, otherinstancesof thequery
wordsarecorrectlyretrievedwithin thetopmatches.

Due to characteristicsof Turkish languagenew words can be
generatedfrom a commonstemusingsuf�x es.Therefore,it is im-
portantto alsomatchthesewordswhich aresemanticallysimilar.
As canbeseenfrom the �gures, the proposedsystemis alsoable
to capturethesemanticsimilarities.

Figure 11 shows retrieval resultsfor someselectedwords on
small-printedand large-printeddatasets. In this experiment,the
wordswhich aresemanticallysimilar arealsoconsideredascor-
rect matches. As can be seen,the black dots, correspondingto
relevant images,aremostly on the left, showing that mostof the
wordsarematchedeitherwith otherinstancesof thesameword or
with semanticallysimilarwordswith high accuracies.

Table1 shows themAP valueson small-printed,rika andcom-
bineddatasets.Clustersareobtainedon eachdatasetseparately.
Eachword in a datasetis usedasa queryandall theotherwords
in thatdatasetarerankedaccordingto their similarity to thequery
word. Thequeryword is alwaysfoundasthe�rst match,therefore
theresultswhenwe useall wordsasqueryarehigher(thenumber
of wordswhich appearonly onceis 472for small-printed,174for
rika, and648 for combined).Note that,not the similar wordsbut
only theexactmatchesareconsideredfor quantitative results.

Thereare only 10 words which are commonin small-printed



Figure 9: Example query results for the �rst 15 matcheson
large-printed data sets.Exact matchesare shown by greencol-
ors, and matchedsimilar words are shown in blue colors. The
�rst query word olan meansexisted , thesecondword ordu
meansarmy and the third word milletin meansnation's .
Note that, in the secondquery, a similar word orduya mean-
ing to army is alsoretrieved.

Table 1: mAP resultsusing proposedmethod. The resultsare
reported on small-printed, and rika data setstogetherwith the
combined data set which is the combination of thesetwo data
sets. Thr ee casesare evaluated: all words: all of the words
are usedas query, fr equent the oneswhich appear only once
are skipped and the rest is usedfor query, common: only the
words which are common in small-printed and rika are used
for query.

small-printed rika combined
all words 0.84 0.91 0.81

frequentwords 0.62 0.71 0.54
commonwords 0.55 0.61 0.30

and rika, most of which are stop words, suchas one, each,
what, which, like, all . Since,mostof thesewordsare
short words, the performanceis low and when the datasetsare
mixedmAPvaluesdecreasefurther. However, asFigure12shows,
we arestill ableto capturethesimilaritieseven for differentwrit-
ing styles. Therefore,we believe that theproposedsystemcanbe
usedto retrieve wordswritten by differentpeoplein very different
writing styles.

8. COMPARISON WITH DTW METHOD
Themostsimilarwork to oursis thestudyof RathandManmatha

[18], whereDynamicTime Warping(DTW) is usedfor matching
wordsin single-authorhistoricaldocuments.This methodis used
for comparisonto evaluatethe successof our proposedmethod.
Vertical ProjectionPro�les (VPP) are obtainedfor eachword in
small-printedandrika datasets,andthenDTW is usedfor match-
ing.

With DTW methodweobtainmAPvalues0.94for all wordsand

Figure 10: Example query results on rika data set. Exact
matchesareshown by greencolors,and matchedsimilar words
are shown in blue colors. The �rst query word istiklal
meansindependence , and the secondword benim means
my. Note that, in the secondquery, a similar word beni mean-
ing meis alsoretrieved.

.

0.86 for wordsappearingmore thanonce. Whencomparedwith
Table 1, the resultsof DTW methodis betterwhenmAP values
areusedfor comparison.It is an expectedresult,sincethe DTW
methodis very successfulin matchingthe exact instancesof the
words.

However, asdiscussedabove, in Turkish new wordsaregener-
atedfrom a commonstemusingsuf�x es. For example,thewords
meaninglibraries, to library, to libraries, from
library, at library areall derivedfromasinglestemmean-
ing library . For a betterretrieval of Ottomandocumentsthese
wordsshouldalsobeconsideredbut DTW methodis unableto cap-
turethesesimilaritiesasshown in Figure13.

9. CONCLUSION
In thisstudy, weproposeamethodfor retrieval of Ottomandocu-

mentswithout requiringcharacterrecognition.Weshow that,large
numberof historicaldocumentscanbe indexed by using the im-
ageretrieval techniques.Theproposedsystemmatchesthewords
with high accuraciesandalsocapturesthe semanticsimilarity of
words.Sincewordsaretreatedasimages,theproposedsystemcan
beextendedto matchwordsin differentdocumentswith different
writing stylesandauthors. Although this systemis evaluatedon
Ottomandocuments,it couldbeadoptedto otherlanguages.
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