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ABSTRACT

Largearchivesof Ottomandocumentsrechallengingo mary his-
toriansall overtheworld. However, thesearchvesremaininacces-
sible sincemanualtranscriptionof sucha hugevolumeis dif cult.
Automatictranscriptions required but dueto thecharacteristicef
Ottomandocumentsgharacterecognitionbasedsystemsnay not
yield satishctoryresults.lt is alsodesirableo storethedocuments
in imageform sincethe documentsmay containimportantdraw-
ings, especiallythe signatures Due to thesereasonsin this study
we treatthe problemasanimageretrieval problemwith the view
thatOttomanwordsareimagesandwe proposeasolutionbasemn
imagematchingtechniquesThe bag-of-vistermsapproachyhich
is shawn to be successfuto classifyobjectsandscenesis adapted
for matchingwordimages Eachwordimageis representetly aset
of visualtermswhich areobtainedby vectorquantizatiorof SIFT
descriptorsxtractedfrom salientpoints. Similar words arethen
matchedbasedon the similarity of the distributions of the visual
terms. The experimentsarecarriedout on printedandhandwritten
documentswhich includedover 10,000words. The resultsshov
that, the proposedsystemis ableto retrieve wordswith high accu-
racies,andcapturethe semanticsimilaritiesbetweernwords.
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Figure 1: Charactersin Ottoman Alphabet. Ottoman alphabet
has 5 more additional charactersthan Arabic alphabet which
consistsof 28 basic characters. Ottoman characterswhich are
differ ent from Arabic are indicated with bounding rectangles.

1. INTRODUCTION

Large archivesof historicaldocumentgemaininaccessiblaue
to thehugeamountof work requiredfor manualannotatioror tran-
scriptionandthedif culty in building automaticsystems.

Ottomanarchives,asbeingoneof thelargestcollectionof histor
icaldocumentshold over 150million documentsangingfrom mil-
itary reportsto economicand political correspondencdyelonging
to the Ottomanera. Large numberof researcherfom aroundthe
world areinterestedn accessinghe archived material[13]. How-
ever, mary documentsarein defectve editionsor in manuscript
formatandmanuatltranscriptionandindexing of Ottomantexts re-
quire a lot of time and effort, causingmost of thesedocuments
inaccessible.

The Ottomanscriptis a connectedcriptbasedn Arabic alpha-
betwith additionalvocalsandcharactergérom Persiarand Turkish
language$8] (Figurel) andthereforeshareghe dif culties faced
in Arabic[4]. Similarto Arabic,in Ottomanscriptseachcharacter
canhave four differentformsaccordingo the positionof thechar
acterin the word (beginning, middle, endandisolated). Another
commonpropertyof Ottomanand Arabic is thatthereareonly a
few vowels. Thereforetranscriptiorof aword stronglydependsn
the context of the documentand vocahulary of the reader Some-
timestwo differentwordscanbe written asthe same but suitable
oneis selectedaccordingto the context of thedocument.

Althoughcharacterecognitionis awell studiedared9, 27, 26],
therearenot mary studieson recognitionof Arabic character$l,
4, 2, 10] andrecognitionor retrieval of Ottomandocumentss al-
mostuntouchedtherthanafew studieg[16, 20, 22, 3]. Recogni-
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Figure 2: Somecalligraphy stylesin Ottoman script.

tion of Ottomancharacterss dif cult, if notimpossible with the
traditional charactemrecognitionsystemsdue to the skewed and
elongatectharacteristicsf writing.

The maindif culty of Ottomandocumentss dueto the differ-
entcalligraphystylesheavily usedin writing. Ottomancalligraphy
was a respectedand encouragedrt during OttomanEmpire and
thereforemary calligraphystyleswere foundedandimproved by
Ottomang[6]. Someexamplesof differentcalligraphystylesare
shavn in Figure2.

In Ottomandocumentsdifferenttypesof dravings,suchasminia-
turesandsignaturesare alsowidely used. Someroyal documents
which are calledas Firmans[15] are shavn in Figure3. As can
be seen,the documentsare very complicatedand they look like
drawingsratherthansimplewritings asaimedin calligraphy

Thesecharacteristicof Ottomandocumentsuggesusto treat
the problemasanimageretrieval problemratherthanatraditional
characterecognitionproblem.With the proposednethodthedoc-
umentsare rst sgmentednto words,which areconsideredgsim-
agesratherthan collection of charactersandthenwords arere-
trieved basedon their visual descriptoraisingtheimagematching
techniques.

With the assumptiorthat the cunatureor connectionpoints, or
the dotswhich arecommonlyusedin Ottomancharactersareim-
portantvisualfeaturesye make useof the salientpointswhich are
shavn to be successfuln representinguchdistinctive areasand
heavily usedfor matching.Speci cally, we usedSIFT operatorfor
detectingand representingsalientpoints[11]. Then,we usethe

Figure 3: Example Firmans (royal documents)

bag-of-words approachwhich is recentlyadoptedfrom statistical
text analysisliteraturefor classifyingobjectsand scened24, 17,
23]. The descriptorsextractedfrom the salientpoints are vector
quantizedo have a setof visualtermsandthenthewordsarerep-
resentedas collectionsof thesevisualterms. Then,the similarity
of wordsarefoundbasedn the similarity of thevisualtermdistri-
butions.

In thefollowing, rst somerelatedstudieson characterecogni-
tion anddocumentetrieval arereviewed. After describinghedata
set,andexplainingthe preprocessingiethodgor obtainingwords,
theproposednethodfor matchingwordswill bediscussedFinally,
detailedexperimentalkesultswill be presentedndthe resultswill
be comparedvith DynamicTime Warpingapproactwhichis used
for asimilar problem.

2. RELATED WORK

In [21], matchingon bywords is proposedby using different
combinationsof ve featurecateyories: angularline featuresco-
centriccircle features projectionpro les, Hu's momentand geo-
metric features. Anotherstudy [7] make useof atomic sggments
andViterbi algorithmin orderto createan Arabic text recognition
system.

Edwardsetal. [5] describedhgeneralizedHMM modelin order
to make a scanned_atin manuscriptaccessibleo full text search.
Themodelis tted by usingtranscribed.atin asatransitionmodel
andeachof 22 Latin lettersasthe emissionrmodel.

Chanetal. [4] presented segmentatiorbasedapproactthatuti-
lizesgHMMs with abi-gramlettertransitionmodel. Theirlexicon-
free systemperformstext querieson off-line printedandhandwrit-
ten Arabic documents.

Saylol etal. [20] usedtheideaof compressioffior content-based
retrieval of OttomandocumentsThey createa codebook, for the
characterandsymbolsin thedatasetandprocessethe queriesby
the help of this codebook.Scaleinvariantfeaturesmameddistance
andangularspanareusedin the formationof the codebook.

RecentlyRathandManmathd18] proposedword-imagematch-
ing techniquefor retrieval of historicaldocumentdy makinguse
of dynamictime warpingandshav thatthe documentsanbe ac-
cesseckffectively without requiringrecognitionof charactersvith
theirword spottingidea. They useintensity background-inkransi-
tion, lower andupperboundof theword asthe featuresor match-
ing processThey malke experimentswith sevendifferentmethods,
which shaved that their projectionbasedDTW methodresultsin
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Figure 4: Example documentsusedin the study: top: large-
printed, bottom left: rika, bottom right: small-printed.

the highestprecision[12]. In their anotherstudy[19] they useda
HiddenMarkov Model basedautomaticalignmentalgorithmin or-
derto aligntext to handwrittendata. Experimentsaredoneon the
samedatasetas beforeandthey claim that this algorithm outper
formsthepreviousDTW approach.

Sriharietal. [25] proposecdh systemusingword matchingidea
after a prototypeselectionstep. They male useof 1024 binary
featuresin word matchingstepandacquiredpromisingresultsfor
adatasetvith variouswriters.

In our previous study[3], Ottomanwords are matchedusinga
sequencef eliminationtechniquesvhicharemainly basednver
tical projectionpro les.

3. DATA SETS

In this study we usedthreedifferentsourceso construcburdata
sets(Figure4). Two of thesesourcesarein printedform. The rst
one,referredassmall-printed, is arelatively smalldatasetconsist-
ing of 6 documentaboutarrangementsf thelibraries. This data
set,consistingof 823words,is manuallytranscribedor automatic
evaluation.Thesecondlataset,referredaslarge-printed, consists
of 9524 words extractedfrom the rst 25 pagesof a book. This
datasetis usedto shawv thatthe proposedmethodscalesto large
volumes.Although, bothof thesedatasetsarein printedform, the
scaleof thecharacterslightly differ. Thethird dataset,referredas
rika , consistof handwritterwordswhicharewrittenwith awidely
usedcalligraphystylenamedRika, whichis especiallyusedin doc-
umentsaboutgovernmentalssues.lt consistsof 3 pageswith 257
wordsandis alsomanuallyannotatedor evaluation.

4. WORD SEGMENTATION

For extracting words from documents simple and commonly
usedtechniquesareadopted.First, documentsrebinarizedusing
the OTSUmethod14]. Then linesandwordsaresggmentedising
smoothedhorizontaland vertical projectionpro les respectiely.
Sincedocumentsarecarefullyscannedandthewriting stylesused
aremostlywritten on straightlines, recti cation is notrequired.

With the evaluationson small-printeddataset, 100% line seg-
mentationand82%word sggmentatiorperformanceareobtained.
Figure 5 shavs someerrorsin word seggmentation. Only on rika
dataset, after automaticbinarizationandline segmentationsteps,
manualword seggmentatioris performeddueto thedif culty of the
dataset.
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Figure5: Someexamplesof word extraction errors. Red boxes
are the wrong extractions and greenboxesare the correct ex-
tractions. Onereasonfor the segmentationerrorsis the phrases
with very small gapsin betweenthe words. This situation is
seenin the phraseat the upper left corner, meaning Public 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 someconsecutve charactersmay
result in large gaps causing over-segmentationas seenin the
words at the right.

We shouldnotethatbettermethodscould be appliedfor prepro-
cessinghut our focusis on representationf wordsafter segmen-
tation, andthereforein this stagewe choosethe simplestmethods
with the knowledgethat bettersegmentatiorwould resultin better
retrieval performance.

We shouldalsomentionthatword segmentatiorerrorscould be
toleratedwith theproposedipproachForexample,if asingleword
is wrongly segmentedinto two parts,it is likely thatthe subparts
will be matchedwith the original word with relatively large scores
sincethe proposedapproachis ableto capturethe semanticrela-
tionsbetweenwordswhich have commonparts.

5. WORD MATCHING

Ratherthan further sggmentingthe words into charactersand
matchingwords basedon consecutie charactersasin traditional
methods,in this study the words are consideredas imagesand
directly matchedusing visual featuresextractedfrom the entire
words.

In this study we representhe wordsusing SIFT descriptorsof
the keypoints[11]. As Figure6 shaws, the keypointsusuallycor
respondto distinctive areason the characterssuchas dots, high
cunatureor connectiorpoints.

Then, ratherthan matchingwords basedon similarity of indi-
vidual keywords, we preferto usebag-of-words approachwhere
the imagesare treatedas documentswith eachimagebeingrep-
resentedy a histogramof visualterms. Thevisualterms,usually
referredasvisterms, areobtainedby vectorquantizatiorof thefea-
turevectors.We usek-meandor vectorquantizatiorandrepresent
the segmentedvordswith the normalizeddistribution of visterms.
The similarity of two words are then found by using symmetric
KL-divergenceof thetwo distributions.

In thefollowing, we discussamethodto generatdettervisterms
by makinguseof acodebook.
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Figure6: Examplewords with extractedkeywords and visterm
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Figure 7: Four differ entforms of thr eeexampleletters, nun, ha
and shin respectvely.

6. VISTERM GENERATION

Charactersn Ottomanalphabetmay have four differentforms
accordingto the positionin the word: initial, middle, nal, and
isolated(seeFigure 7). Usually thesedifferentforms of the same
characterare very similar. Also, althoughsomecharactersnay
include somecommonparts, the similarity amongthesedifferent
formsis higherthanthe similarity to othercharacters.

Basedon theseobserations, we force the keypointsin differ-
entforms of the samecharactetto be in the sameclusterandthe
keypointsof differentcharacterso bein separatelusterspy com-
puting an error measurefor differentk valuesin k-meanswhile
obtainingthevisterms.

For this purposea codeboolof 117 elementavhichincludesup
to four differentforms of 31 charactersn the alphabets created
by alsoconsideringdifferentconnectiongo othercharactersThis
codebookis thenusedto choosethe bestnumberof clustersk, in
k-meandoy minimizing thefollowing error:

X
G+ 1=M m; Q)
i=1 j=1

error = 1=C

Here C is the numberof charactersn the alphabet,c is the
numberof clustersthata characterc appearsM is the numberof
clustersandm; is thenumberof differentcharactershatthe clus-
terj includes. The error measurecorrespondso the sum of the
averagenumberof clusterdor acharactewith theaveragenumber
of characterdor a cluster We assumehata characteis in a clus-
terif a keypoint belongingto ary form of thatcharacteiis in that
cluster
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Figure 8: Example query resultson codebook.

Using1256keypointsfrom thecodebookby incrementing val-
uesby 10 betweer20 and200, the minimumerroris achiezed for
k = 110

In orderto testthe effectivenessf this method we usetheclus-
ters obtainedby the codebookand perform querieson eachele-
mentin the codebookusingthe proposedmethod.Figure8 shavs
two examplesof charactequeries.As canbe seendifferentforms
of the samecharacteicanbe successfullymatched andthe wrong
matchesareusuallydueto similar sub-patterns.

Although,this codeboolcouldalsobeusedfor initializing thek-
meanssgincetheresultswerenot very differentthanusingrandom
initialization, we prefernotto usethe codebookurther. In the ex-
perimentspnly k=110valueis usedto setthe numberof clusters,
but the clustersarerandomlyinitialized usingthe elementsf the
working dataset.

7. EXPERIMENTAL RESULTS

The experimentsare carried out on all of the three datasets.
Since,small-printedandrika setsare manuallyannotatedguanti-
tative resultsare obtainedon thesedatasetsin the form of mAP
(meanAveragePrecision)values. In order to testthe effect of
mixedwriting styleswe alsobuild anotherdataset,which we refer
ascombined, by combiningsmall-printedandrika datasets.Due
to dif culty of annotatingarge-printeddatasetconsistingof over
9500wordsonly qualitative resultsaregiven on this dataset.

Figure9 shavs examplequeryresultsfor threewordson large-
printeddatasetandFigure10 shavs examplequeryresultsfor two
wordsonrika dataset.As gures shaw, otherinstance®f thequery
wordsarecorrectlyretrievedwithin thetop matches.

Due to characteristicof Turkish languagenew words canbe
generatedrom a commonstemusingsufx es. Thereforejt isim-
portantto alsomatchthesewordswhich are semanticallysimilar.
As canbe seenfrom the gures, the proposedsystemis alsoable
to capturethe semanticsimilarities.

Figure 11 shaws retrieval resultsfor someselectedwords on
small-printedand large-printeddatasets. In this experiment,the
wordswhich are semanticallysimilar are also consideredas cor-
rect matches. As can be seen,the black dots, correspondingo
relevantimages,are mostly on the left, shaving that mostof the
wordsarematcheckitherwith otherinstance®f the sameword or
with semanticallysimilar wordswith high accuracies.

Table 1 showvs the mAP valueson small-printed rika and com-
bineddatasets. Clustersare obtainedon eachdatasetseparately
Eachword in a datasetis usedasa queryandall the otherwords
in thatdatasetareranked accordingto their similarity to the query
word. Thequeryword is alwaysfoundasthe rst match therefore
theresultswhenwe useall wordsasqueryarehigher(the number
of wordswhich appearonly onceis 472 for small-printed, 174 for
rika, and 648 for combined).Note that, not the similar words but
only theexactmatchesreconsideredor quantitatve results.

Thereare only 10 words which are commonin small-printed
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Figure 9: Example query resultsfor the rst 15 matcheson
large-printed data sets.Exact matchesare shavn by greencol-
ors, and matchedsimilar words are showvn in blue colors. The
rst query word olan meansexisted ,the secondword ordu
meansarmy and the third word milletin meansnation's
Note that, in the secondquery, a similar word orduya mean-
ingto army is alsoretrieved.

Table 1: mAP resultsusing proposedmethod. The resultsare
reported on small-printed, and rika data setstogetherwith the
combined data setwhich is the combination of thesetwo data
sets. Three casesare evaluated: all words: all of the words
are usedas query, frequentthe oneswhich appear only once
are skipped and the restis usedfor query, common: only the
words which are commonin 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, suchasone, each,
what, which, like, all . Since,mostof thesewordsare
shortwords, the performances low and when the datasetsare
mixed mAP valuesdecreaséurther However, asFigure12 shavs,
we arestill ableto capturethe similaritieseven for differentwrit-
ing styles. Therefore we believe thatthe proposedsystemcanbe
usedto retrieve wordswritten by differentpeoplein very different
writing styles.

8. COMPARISON WITH DTW METHOD

Themostsimilarwork to oursis thestudyof RathandManmatha
[18], whereDynamic Time Warping (DTW) is usedfor matching
wordsin single-authomistoricaldocuments.This methodis used
for comparisonto evaluatethe succesf our proposedmethod.
Vertical ProjectionPro les (VPP) are obtainedfor eachword in
small-printedandrika datasets,andthenDTW is usedfor match-
ing.

With DTW methodwe obtainmAP values0.94for all wordsand
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Figure 10: Example query results on rika data set. Exact
matchesare showvn by greencolors,and matchedsimilar words
are shown in blue colors. The rst query word istiklal
meansindependence , and the secondword benim means
my. Notethat, in the secondquery, a similar word beni mean-
ing meis alsoretrieved.

0.86 for words appearingmore thanonce. Whencomparedwith
Table 1, the resultsof DTW methodis betterwhen mAP values
areusedfor comparison.It is an expectedresult, sincethe DTW
methodis very successfuln matchingthe exact instancef the
words.

However, asdiscussedibore, in Turkish nev wordsaregener
atedfrom a commonstemusingsufx es. For example,the words
meanindibraries, to library, to libraries, from
library, at library  areall derivedfromasinglestemmean-
ing library . For a betterretrieval of Ottomandocumentghese
wordsshouldalsobeconsideredut DTW methods unableto cap-
turethesesimilaritiesasshavn in Figurel3.

9. CONCLUSION

In this study we proposeamethodfor retrieval of Ottomandocu-
mentswithoutrequiringcharacterecognition.We shawv that, large
numberof historical documentsan be indexed by using the im-
ageretrieval techniques The proposedsystemmatcheghe words
with high accuraciesand also captureghe semanticsimilarity of
words. Sincewordsaretreatedasimagestheproposedystemcan
be extendedto matchwordsin differentdocumentswith different
writing stylesandauthors. Although this systemis evaluatedon
Ottomandocumentsit couldbe adoptedo otherlanguages.
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