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Abstract

Librariescontainenormousmountof handwrittenhis-
torical documentsvhich cannotbe madeavailableon-line
becausehey donothavea seachableindex. Thewordspot-
ting ideahaspreviouslybeenproposedsa solutionto cre-
atingindexesfor sut documentsindcollectionsby matd-
ing word images. In this paper we presentan algorithm
which compaeswholeword-imagesbasedontheir appear
ance This algorithm recovers correspondencesf points
of interestin two images, and then usesthesecorrespon-
dencegto constructa similarity measue. This similarity
measue canthenbe usedto rank word-imagesin order of
their closenesso a queryingimage. We achievedan aver
age precisionof 62.57%o0n a setof 2372imagesof reason-
ablequality andan average precisionof 15.49%on a setof
3262imagesfrom document®f poor quality that are even
hard to readfor humans.

1 Intr oduction

Traditional libraries contain an enormousamount of
hand-writtenhistorical documents.Thesecollectionscan-
not be madeavailable electronicallyon the Internetor on
digital mediaif they donotincludesomesortof index. One
possibilityfor addinganindex would beto manuallyanno-
tateeachof thepagesandthento constructandindex from
this annotation. Manualtranscriptionis, however, expen-
sive andautomatioris a desirablealternatve.

Using an automatichandwriting recognitionapproach
seemsik e anobvioussolution.However, the Optical Char
acterRecognition(OCR)techniquesvhichareusedn such
applicationscannotbe applied to index historical docu-
ments,sincetheir successs mostly limited to applications
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with limited lexicons(e.g.automaticcheckprocessingand
on-linehandwritingrecognitionwherepenposition,veloc-
ity, etc.arerecordedduringwriting. FurthermoreOCRis
usuallyperformedon newly scannedmagesof goodqual-
ity, while historicaldocumentsuffer from degradationdue
to fadedink, stainedoaper andotherfactors.

Word-spottingis an alternatve method for indexing
handwrittenmanuscripts. For this approachit is required
thatall documentsn the collectionwerewritten by asingle
author(e.g.we useGeoge Washingtons manuscriptgrom
the Library of Congress).Dueto this constraintjnstances
of the sameword will have a similar appearanceThis en-
ablesus to clusterwords basedon their visual similarity,
afterthey have beensegmentedrom their respectre docu-
ments.Clustersof frequentwords(lessstopwords,suchas
'the") areannotatedsothatanindex canbe built for them.
Thisis amatchingandclusteringapproachor wholewords,
ratherthanarecognitionsolution,whichwould have to deal
with suchdif cult issuesasthe well-known characteiseg-
mentationproblem.

In thispaperwe presenainalgorithmthatmatchesvord-
imagesby recoveringcorrespondencdsetweenmagecor
ners,which have beenidenti ed by the Harrisdetector2].
The similarity betweerntwo imagesis measuredy the ac-
cumulateddisplacemendf correspondingmagelocations.

Section1.1 discussegastexperimentsdone on word-
matchingwith the Geoige Washingtondataset. Section
2 explains the matchingalgorithmused. In section3 we
presentexperimentalresultsthat shav the performanceof
the proposedalgorithm in a retrieval task on the Geoge
Washingtordataset.

1.1 RelatedWork

Previous work on similar data (Thomas Jefersons
manuscriptshasshown that currentcharacterecognizers
are not suitablefor historic manuscripts:in [11] a recog-
nizer was usedto align a transcriptionwith a manuscript
by extracting lexicons for every word hypothesis. Even



for very smalllexiconsof at most11 wordsper segmented
word, only 83% of the words could be correctly aligned
with thetranscription.

Word-spottingasa solutionto indexing handwritterhis-
torical documentsvasinitially introducedin [5]. The cur-
rent scale-spacapproacho the word segmentationprob-
lem for noisy historicalmanuscriptss describedn [6].

A numberof authorsproposedifferent approachego
matchingword/characteimages. They fall into two cate-
gories:

image-domainmatches:this category containstech-
niguessuchas straightforward counting of pixel-by-
pixel differencegXOR), EuclideanDistanceMapping
(EDM), which weighsdifferencepixels more heavily
if they occur clumpedtogetherand Sumof Squaed
DifferenceqSSD)distancemeasureswhich employs
anon-lineamenaltyfor pixel mismatchesAll of these
techniquesvereexaminedin [3] for their suitability as
word matchingalgorithms.

featule-basednatchesherecorrespondencdsetween
image featuresare recoveredand then usedto com-
parethe features. This category containsthe work in
[10Q], wherean af ne mappingbetweerfeaturepoints
is recovered(alsoimplementedn [3] for word outline
samplepoints),theshapecontext descriptof1], which
washighly successfuior handwritterdigit recognition
andDynamicTime Warping (DTW) basedapproaches
suchasin [4] and[7], wheretime seriesof imagecol-
umn featuresare alignedand compared.Of all these
approachegheDTW techniquen [7] yieldedthebest
matchingperformancdseecomparisorin thatwork).

Thepoint-of-interestorrespondencapproacho match-
ing, which we presentin this work, is inspiredby the re-
searchin stereovision and mosaicking. Applicationsin
thesedomainsrequirerobustdeterminatiorof imagecorre-
spondencesyhich is often supportedby the identi cation
of points of interest suchas corners. A numberof point
of interestoperatoravereproposedn theliterature(see[9]
for acomparatiestudy),fromwhichwe selectedheHarris
detector2].

2. Matching

Matchingwordsis critical to the succes®f word spot-
ting. We examinethe similarity of wholewordsin orderto
clusterthembasecdon their appearance.

The rst stepwhenwhenmatchingtwo gray-scaleim-
agesis to choose pointsof interestin both of theimages.
Correspondencelsetweenthesepoints are establishedoy
comparingocal context windows with the Sumof Squared
DifferencegSSD) measure.The similarity is thenjudged

Query Image Candidate Image

Extract Corners Extract Corners

Establish
Correspondences

Compute error measure
from point displacements

Figure 1. lllustration of the procedure .

by the accumulatediisplacemenbf correspondingnterest
pointsin the two images. This calculationrequiresthe se-
lectionof consistenbriginsin theimageswhichwe de ne
asthecentroidsof thedetectednterestpoints. SeeFigurel
for anillustrationof the matchingprocedure.

In the next sectionswve will explainthe matchingproce-
durein moredetailafterbrie y outlininghow word-images
areobtainedirom the original documents.

2.1 SegmentingWords From the Document

Beforetheword-imagesanbe comparedthey mustbe
segmentedrom theirrespectie documentsWe usedanau-
tomaticword segmentationalgorithm[6] which computes
a projectionpro le in the horizontaldirection for the en-
tire documentjn orderto identify line boundaries It then
examineseachline at differentscalesto determinewhen
entirewordsappearasconnectedblobs” (wordsbreakup
into smallerunits at higher scales,and inter-word spaces
are missedat lower scales). Oncethe correctscaleis de-
termined thewordscaneasilybe segmentedrom thedoc-
ument. Due to the cursive writing style, suchseggmented
wordsoftencontaindescender@ower partsof 'g") andas-
cenderqupperpartsof 'f ') from linesbelon andabove the
segmentedvord.

2.2 Harris Corner Detector

To compareall of the pointsin the imagewould be an
expensve proceduresince our datasetincludesthousands
of word-images We usedthe Harris cornerdetectorto de-
tectpointsof interestbecausef theirrepeatabilityinvariant



to viewpoint changesndinvariantto illumination changes

2].

This detectoroperate®n the matrix

where is the gray level intensityimage. A corneris
indicatedwhenthe 2 eigervaluesof  arelarge sincethis
indicateggrayscalevariationsin boththex andy directions.
Thenumberof cornersdetectedn imagess variable.Extra
cornergdid not, however, complicateour evaluationmethod
sincewe donotpenalizefor non-correspondingoints. Fur-
thermorewe assuméhatthe Harrisdetectowill nd about
thesamenumberof extraneousornersan imagesof similar
sizeandcontent.
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Figure 2. Corners detected with the Harris
corner detector on two gray level images.

Figure 2 shaws the resultsof the Harris cornerdetector
on two images. We seethat mostof the pointsfound (de-

notedwith circles)in thetwo imageshave correspondences.

2.3 Recovering Corner Corr espondences

The focusin this sectionis on determiningcorrespon-
dencesbetweentwo setsof corner points, that were de-
tectedwith theHarrisoperator Most correspondencmeth-
odscomparethe characteristicef the local regionsaround
featurepoints,andthenselectthe mostsimilar pairsascor-
respondencesThe characteristicof local regions canbe
representedby eithera featurevector, (e.g.see[8]) or by
windows of gray-level intensities.

We use the Sum of SquaredDifferences(SSD) error
measureto comparegray-level intensity windows, which
are centeredarounddetectedcornerlocations. The rea-
sonfor selectingthe SSDmeasuras its simplicity andthe
low numberof operationsieededo calculateit; animpor-
tantconsiderationvhencomparingalargenumberof image
pairs.Giventhewindows and of size , centered
atonefeaturepointin thequeryimageandonein adatabase
imagerespectiely, the SSDerror measurds calculatedas
follows:

(1)

Dueto its simplicity, therearesomelimitationsinherent
to the SSD error as a similarity measurementor feature
points. The following aresomefactorsthat cancausefalse
matchesWe try to alleviatethemwith constraints.

the sizeof the queryword may be differentfrom that
of the databasevord image,thatis, they have differ-
entresolutions Assumingtight boundingboxesfor all
words,we resizeall candidatémageso thesizeof the
gueryimage.

For a given featurepoint, theremight be several fea-

ture pointsin a databasémage,which resultin small

SSDerrors. This happensvhendistinct strokesin the

databasemageshave very similar local regions. To

decreaseahe probability of false matches,we add a

local constraintwhen matchingfeaturepoints: corre-
spondingfeaturepointsin the databasémagesmust
appearin a neighborhoodof the cornerpoint in the

templatemage. This constraints valid in mostcases,
becausehe character@arearrangedn the sameorder
for the samewords. Furthermorethe constantallows

somefeaturepointsto have no correspondenci the

databas@énage.This makessensebecausef thepos-
sibility of partial visibility of strokes or becausehe

templateand the databasémage do not match. The

proportionof featureswith correspondenceand the

total numberof detectedfeaturesin the queryimage
will beusedasa factorwhencalculatingthe distancé

betweera databasémageandthetemplatein the next

step.

Thewhole matchingprocesds implementedn images,
which are half the size of the originals. This is “equiva-
lent” to enlaging the SSDwindow (parameter ) to twice
the sizewe areusing,withoutincreasinghe computations.
This alsoreduceghe numberdetectionof falsecorrespon-
dencepairs,by increasinghe context thatis takeninto con-
siderationwhendeterminingcorrespondences.

e
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Figure 3. Recovered correspondences
word images.

Preliminaryexperimentsshoved that addingthesecon-
straintsgreatlyimprovedthematchingaccuray (seeFigure

1This distancedoesnot necessarilatisfyall metricaxioms.



3 for anexampleof recoveredcorrespondences).

2.4. DistanceMeasure Calculation

Thecorrespondendeetweerpairsof featurepointscap-
turesthe similarity betweenlocal regions of two images.
Our goalis how to combinethis local informationinto a
globalmeasuref similarity.

Variousapproachesvereinvestigated:they includethe
total sumof SSDerrorsfor all correspondingpairs,count-
ing the numberof recoveredcorrespondenceandcalculat-
ing the Euclideandistancebetweercorrespondences.

Using the Sumof SSDerrorsof the correspondences
sensitve to globalbrightneswariations.The measuregends
to assigrnvery low ranksto imagesof the samewordif their
backgroundshave very different gray levels or when the
writing strokeshave differentink properties.

Measuringthe similarity by countingthe numberof re-
coveredcorrespondencefalls in the voting methodcate-
gory: eachpair of featurepointsis countedasavote, if the
similarity is larger thana given threshold. In the end,the
imagesarerankedaccordingo thenumberof votesthey re-
ceived. Oneproblemwith thismethodis thatthesparseness
of featurepointsdetectedn sometemplateémagesmalesit
dif cult for limited vote numbergo determinghe similari-
tiesof numerougiatabasémages.

In our method,we usedEuclideandistancesof corre-
spondencesasthe distancemeasuremenetweentwo im-
ages. Unlike the above two measurementghe Euclidean
distancemeasuremento someextent takes the structure
of two wordsinto account,becauseét assumeshe feature
pointsfor samewordsshouldhave similar spatialdistribu-
tion in differentimages.Our distancemeasuremeris for-
mulatedas:

correspondences
featurepointsin A
correspondences

(@)

whereA is thequeryimage,B a databasémage;

and arethe coordinate®f a pair of corresponding
featurepoints,in the queryimageandthe databasémage
respectiely. Here,we multiply the Euclideandistancewith
a factorindicatingthe proportionof correspondencesith
the featurepointsin the templateimage. Thus, the fewer
correspondindeaturepointsarefound in the databasém-
age,the larger the distanceis betweenit andthe template
image.

3. Experimental Results
3.1 Data Setsand Processing

We performedexperimentson the sametwo testsetsof
differentquality imagesthatwereusedin the evaluationin
[7]. Bothof thesesetswere10 pagesn size.Figure4(a)is
an examplefrom the rst set,which is of acceptablejual-
ity. Figure4(b)is anexampleof the secondsetwhichis so
degradedhatit is dif cult evenfor peopleto read.We used
this secondsetto testhow poorly thealgorithmswould per
form. Severalvariationsof the algorithmsweretestedand
theresultspresented@rethebestthatwe achieved. Thefour
setswereconstructedsfollows:

A: 15imagedn testset1.

B: entiretestset1 (2381 imagestotal, 9 without word
content).

C: 32imagedn testset2, analyzedn [3] (for comparison
purposes)13 of theseonly occuronce(i.e.theimage
itself) in the collection.

D: entiretestset2 (3370imagestotal, 108 without word
content).

The subsetsA and C allow us to test algorithmswhich
would otherwisetake too long to runontheentiredataset.

3.2 Evaluation Method

Imagesin the datasetsweretaggedmanuallywith their
ASCII equivalent.Partialimageswvereannotatedvith what
letters were visible. We usedour algorithmto compare
every image againstevery otherimagein the dataset 2
and createlists of imagesranked by similarity. Two im-
ageswereconsideredelevantif their ASCII tagsmatched.
trec _eval wasthenusedto producethe averagepreci-
sionscoredn tablel.

3.3 Results

Tablel containgheresultsfrom experimentperformed
on the Geoge Washingtoncollection using variousword-
matchingalgorithms:

1. XORJ3]: alignsimagesandcountspixel-by-pixel dif-
ferences.

2. SSDI[3: imagesare shiftedrelative to oneanotherin
orderto nd theminimumcostwhichis calculatedus-
ing the SSDerrormeasure.

2Theseimagesesultfrom sgmentatiorerrors.
SImagepairswerediscardedf they werenot similar accordingto sim-
ple heuristics suchasimagelength.



(a) Goodqualityimage.

(b) Badqualityimage.

Figure 4. Example images from the two testsets used in the evaluation.

3. SLH[3]: usesthe Scott and Longuet-Higginsalgo-
rithm [10] to recover anaf ne warpingtransformbe-
tweensamplepointstakenfrom the outlinesof words.
The residualbetweentemplateand warpedpointsis
thedistancameasure.

4. SCJ1]: shapecontext matching.

5. EDM[3]: like XOR, but weighsclustersof pixel dif-
ferencesnoreheaily.

6. DTW[7]: Matching using dynamictime warping on
columnfeaturetime series.

7. CORR:Approachproposedn this work.

In Kaneetal!sexperimentg3], eachqueryimageis also
partof the candidatémageset. This pusheghe scoresup,
sincethequeryimageis alwaysretrievedatrank1 for most
matchingmethodsin orderto provideamorerealisticview
of our algorithm's performancewe have calculatedaver
ageprecisionscoreswithout consideringqueriesas candi-
dates:thefour rightmostcolumnsin table1 containthere-
sulting scoresfor testrunsthatwereavailableto usin raw
(i.e. rankedlist) format. Theremainingentriesin thetable
wereobtainedwith Kaneetal's evaluationmethod.

CORRoutperformedall methodson the setof 15 good
quality images(setA) and performedslightly worsethan
DTW onthecorrespondindull setB. CORRalsoleadwhen
testedon the smallersetof 32 poor quality images(setC),
but fell behindDTW whentestedon the correspondindull
setD. Overall,ourapproactperformedetterthanall meth-
odsexceptDTW, for whichit performedalmostaswell. In
additionto this, CORRis twice asfastasDTW andmuch
fasterthanthe otherapproachesvaluatedn this work (see
table?2). The succes®f thetechniqueresultsfrom picking
good pointsof interest. Our intuition for the good perfor
manceis thatthe Harris cornerdetectompicksup pointsthat
provide agooddescriptionof the overallimagestructure.

We found that our algorithmwould fail to assigna cor-
rect scoreto two correspondingmageswhen one image
was shiftedsigni cantly (for example,dueto a segmenta-
tion error). We believe thatthis failureis aresultof choos-
ing theupperleft-handcornerastheorigin whencomputing
the Euclideandistance Whenthis upperleft handcorneris
choserfor two images,one of which is shifted pixels,
will beaddedo theerrorof eachcorrespondingointof in-
terest.We attemptedo correctthis by implementingacom-
mon origin detectorusingseveral differentmethods.How-
ever, this detectordid not performwell andthe resultsdid
notimprove. We alsofound thatthe precisionscoresrom



| Testset/Algor || XOR | SSD | SLH | SC | EDM | DTW | CORR || SC | EDM | DTW | CORR |
A 54.14% | 52.66% | 42.43% | 48.67% | 72.61% | 73.71% | 73.95% || 40.58% | 67.67% | 67.92% | 69.69%
B n/a n/a n/a n/a n/a 65.34% | 62.57% n/a n/a 40.98% | 36.23%
C n/a n/a n/a 48.11% | 49.56% | 58.81% | 59.96% | 9.46% n/a 13.04% | 14.84%
D n/a n/a n/a n/a n/a 51.81% | 51.08% n/a n/a 16.50% | 15.49%

Table 1. Average precision scores on all data sets(results for test set A and B have been corrected,
XOR: matc hing using diff erence images, SSD: sum of squared diff erences technique , SLH: technique
by Scott & Longuet-Hig gins [10], SC: shape conte xt matc hing [1], EDM: euclidean distance mapping,

DTW: dynamic time warping matching, CORR:reco vered correspondences).

Scores to the right of

the doub le line were calculated using a diff erent evaluation method (see text).

| Algorithm:

[ XOR [ SSD[ SLH | SC | EDM | DTW [ CORR]|

| Runningtime[s]: | 13 | 72 | 121 [ 50 |

14 ] 2] 1 |

Table 2. Run times for the compared algorithms in Matlabon a 400MHz machine . Given values include
time necessary for normalization (e.g. relative scaling), feature extraction, and similar processing

steps.

smallerwords which occur frequently (for example, stop
words suchas “the”, “and”, “of ") were much lower than
thescoredrom largerwords. We speculatéwo reasongor
this arethat smallerwords have lesspoints of interestand
thatthe x ed SSDwindow wastrainedon largerimages.A

dynamicwindow sizemayimprove performance.

4 Summary and Conclusions

We presenteda simple algorithm that matchesword-
imagesby recovering correspondencelsetweenpoints of
interest. Speci cally, we were ableto matchgood quality
imageswith aroundé4%accurag with eachimagepairtak-
ing only 1 secondo becomparedOur furtherdevelopment
of thisalgorithmwill includeaddingadaptvewindow sizes,
andimplementinganindexing schemeWe believe thatthis
will greatlyimprove boththerunningtime andaccurag.
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