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Abstract

Librariescontainenormousamountsof handwrittenhis-
torical documentswhich cannotbemadeavailableon-line
becausetheydonothavea searchableindex. Thewordspot-
ting ideahaspreviouslybeenproposedasa solutionto cre-
ating indexesfor such documentsandcollectionsbymatch-
ing word images. In this paper we presentan algorithm
which compareswholeword-imagesbasedontheir appear-
ance. This algorithm recovers correspondencesof points
of interest in two images,and then usesthesecorrespon-
dencesto constructa similarity measure. This similarity
measure canthenbeusedto rankword-imagesin order of
their closenessto a queryingimage. We achievedan aver-
ageprecisionof 62.57%ona setof 2372imagesof reason-
ablequalityandanaverageprecisionof 15.49%ona setof
3262imagesfrom documentsof poor quality that are even
hard to readfor humans.

1 Intr oduction

Traditional libraries contain an enormousamount of
hand-writtenhistoricaldocuments.Thesecollectionscan-
not be madeavailableelectronicallyon the Internetor on
digital mediaif they donot includesomesortof index. One
possibilityfor addinganindex would beto manuallyanno-
tateeachof thepages,andthento constructandindex from
this annotation. Manual transcriptionis, however, expen-
siveandautomationis a desirablealternative.

Using an automatichandwriting recognitionapproach
seemslikeanobvioussolution.However, theOpticalChar-
acterRecognition(OCR)techniqueswhichareusedin such
applicationscannotbe applied to index historical docu-
ments,sincetheir successis mostly limited to applications
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with limited lexicons(e.g.automaticcheckprocessing)and
on-linehandwritingrecognition,wherepenposition,veloc-
ity, etc.arerecordedduringwriting. Furthermore,OCR is
usuallyperformedon newly scannedimagesof goodqual-
ity, while historicaldocumentssuffer from degradationdue
to fadedink, stainedpaper, andotherfactors.

Word-spotting is an alternative method for indexing
handwrittenmanuscripts.For this approachit is required
thatall documentsin thecollectionwerewrittenby asingle
author(e.g.we useGeorgeWashington'smanuscriptsfrom
theLibrary of Congress).Due to this constraint,instances
of thesameword will have a similar appearance.This en-
ablesus to clusterwords basedon their visual similarity,
afterthey have beensegmentedfrom their respective docu-
ments.Clustersof frequentwords(lessstopwords,suchas
' the') areannotated,sothatan index canbebuilt for them.
Thisisamatchingandclusteringapproachfor wholewords,
ratherthanarecognitionsolution,whichwouldhaveto deal
with suchdif�cult issuesasthewell-known characterseg-
mentationproblem.

In thispaper, wepresentanalgorithmthatmatchesword-
imagesby recoveringcorrespondencesbetweenimagecor-
ners,which have beenidenti�ed by theHarrisdetector[2].
Thesimilarity betweentwo imagesis measuredby theac-
cumulateddisplacementof correspondingimagelocations.

Section1.1 discussespastexperimentsdoneon word-
matchingwith the George Washingtondataset. Section
2 explains the matchingalgorithmused. In section3 we
presentexperimentalresultsthat show the performanceof
the proposedalgorithm in a retrieval task on the George
Washingtondataset.

1.1. RelatedWork

Previous work on similar data (Thomas Jefferson's
manuscripts)hasshown that currentcharacterrecognizers
arenot 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 small lexiconsof at most11 wordspersegmented
word, only 83% of the words could be correctly aligned
with thetranscription.

Word-spottingasasolutionto indexing handwrittenhis-
torical documentswasinitially introducedin [5]. Thecur-
rent scale-spaceapproachto the word segmentationprob-
lemfor noisyhistoricalmanuscriptsis describedin [6].

A numberof authorsproposedifferent approachesto
matchingword/characterimages. They fall into two cate-
gories:

� image-domainmatches:this category containstech-
niquessuchas straightforward countingof pixel-by-
pixeldifferences(XOR),EuclideanDistanceMapping
(EDM), which weighsdifferencepixelsmoreheavily
if they occur clumpedtogetherand Sumof Squared
Differences(SSD)distancemeasures,which employs
anon-linearpenaltyfor pixel mismatches.All of these
techniqueswereexaminedin [3] for theirsuitabilityas
wordmatchingalgorithms.

� feature-basedmatches:herecorrespondencesbetween
imagefeaturesare recoveredand then usedto com-
parethe features.This category containsthe work in
[10], whereanaf�ne mappingbetweenfeaturepoints
is recovered(alsoimplementedin [3] for word outline
samplepoints),theshapecontext descriptor[1], which
washighly successfulfor handwrittendigit recognition
andDynamicTimeWarping (DTW) basedapproaches
suchasin [4] and[7], wheretime seriesof imagecol-
umn featuresarealignedandcompared.Of all these
approaches,theDTW techniquein [7] yieldedthebest
matchingperformance(seecomparisonin thatwork).

Thepoint-of-interestcorrespondenceapproachto match-
ing, which we presentin this work, is inspiredby the re-
searchin stereovision and mosaicking. Applications in
thesedomainsrequirerobustdeterminationof imagecorre-
spondences,which is often supportedby the identi�cation
of pointsof interest, suchas corners. A numberof point
of interestoperatorswereproposedin theliterature(see[9]
for acomparativestudy),from whichweselectedtheHarris
detector[2].

2. Matching

Matchingwordsis critical to the successof word spot-
ting. We examinethesimilarity of wholewordsin orderto
clusterthembasedon their appearance.

The �rst stepwhenwhenmatchingtwo gray-scaleim-
agesis to choose� pointsof interestin bothof theimages.
Correspondencesbetweenthesepoints are establishedby
comparinglocal context windowswith theSumof Squared
Differences(SSD)measure.The similarity is thenjudged
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Figure 1. Illustration of the procedure .

by theaccumulateddisplacementof correspondinginterest
pointsin the two images.This calculationrequiresthese-
lectionof consistentoriginsin theimages,whichwe de�ne
asthecentroidsof thedetectedinterestpoints.SeeFigure1
for anillustrationof thematchingprocedure.

In thenext sectionswe will explain thematchingproce-
durein moredetailafterbrie�y outlininghow word-images
areobtainedfrom theoriginaldocuments.

2.1. SegmentingWords From the Document

Beforetheword-imagescanbecompared,they mustbe
segmentedfrom theirrespectivedocuments.Weusedanau-
tomaticword segmentationalgorithm[6] which computes
a projectionpro�le in the horizontaldirection for the en-
tire document,in orderto identify line boundaries.It then
examineseachline at different scalesto determinewhen
entirewordsappearasconnected“blobs” (wordsbreakup
into smallerunits at higher scales,and inter-word spaces
aremissedat lower scales).Oncethe correctscaleis de-
termined,thewordscaneasilybesegmentedfrom thedoc-
ument. Due to the cursive writing style, suchsegmented
wordsoftencontaindescenders(lower partsof 'g') andas-
cenders(upperpartsof 'f ') from linesbelow andabovethe
segmentedword.

2.2. Harris Corner Detector

To compareall of the points in the imagewould be an
expensive proceduresinceour datasetincludesthousands
of word-images.We usedtheHarriscornerdetectorto de-
tectpointsof interestbecauseof theirrepeatability, invariant

2



to viewpoint changesandinvariantto illumination changes
[2].

This detectoroperateson thematrix
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where � is the gray level intensity image. A corneris
indicatedwhenthe2 eigenvaluesof � arelargesincethis
indicatesgrayscalevariationsin boththex andy directions.
Thenumberof cornersdetectedin imagesis variable.Extra
cornersdid not,however, complicateourevaluationmethod
sincewedonotpenalizefor non-correspondingpoints.Fur-
thermore,weassumethattheHarrisdetectorwill �nd about
thesamenumberof extraneouscornersin imagesof similar
sizeandcontent.

Figure 2. Corner s detected with the Harris
corner detector on two gray level images.

Figure2 shows theresultsof theHarris cornerdetector
on two images.We seethat mostof the pointsfound (de-
notedwith circles)in thetwo imageshavecorrespondences.

2.3. Recovering Corner Corr espondences

The focus in this sectionis on determiningcorrespon-
dencesbetweentwo setsof cornerpoints, that were de-
tectedwith theHarrisoperator. Mostcorrespondencemeth-
odscomparethecharacteristicsof the local regionsaround
featurepoints,andthenselectthemostsimilarpairsascor-
respondences.The characteristicsof local regionscanbe
representedby eithera featurevector, (e.g.see[8]) or by
windowsof gray-level intensities.

We use the Sum of SquaredDifferences(SSD) error
measureto comparegray-level intensity windows, which
are centeredarounddetectedcorner locations. The rea-
sonfor selectingtheSSDmeasureis its simplicity andthe
low numberof operationsneededto calculateit; an impor-
tantconsiderationwhencomparingalargenumberof image
pairs.Giventhewindows � and � of size ��� � , centered
atonefeaturepointin thequeryimageandonein adatabase
imagerespectively, theSSDerrormeasureis calculatedas
follows:�����
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Dueto its simplicity, therearesomelimitationsinherent
to the SSD error as a similarity measurementfor feature
points.Thefollowing aresomefactorsthatcancausefalse
matches.We try to alleviatethemwith constraints.

� thesizeof thequeryword maybe differentfrom that
of the databaseword image,that is, they have differ-
entresolutions.Assumingtight boundingboxesfor all
words,weresizeall candidateimagesto thesizeof the
queryimage.

� For a given featurepoint, theremight be several fea-
turepointsin a databaseimage,which resultin small
SSDerrors.This happenswhendistinctstrokesin the
databaseimageshave very similar local regions. To
decreasethe probability of falsematches,we add a
local constraintwhenmatchingfeaturepoints: corre-
spondingfeaturepoints in the databaseimagesmust
appearin a neighborhoodof the cornerpoint in the
templateimage.This constraintis valid in mostcases,
becausethecharactersarearrangedin thesameorder
for thesamewords. Furthermore,theconstantallows
somefeaturepointsto have no correspondencein the
databaseimage.Thismakessense,becauseof thepos-
sibility of partial visibility of strokes or becausethe
templateand the databaseimagedo not match. The
proportionof featureswith correspondencesand the
total numberof detectedfeaturesin the query image
will beusedasa factorwhencalculatingthedistance1

betweena databaseimageandthetemplatein thenext
step.

Thewholematchingprocessis implementedon images,
which are half the size of the originals. This is “equiva-
lent” to enlarging theSSDwindow (parameter� ) to twice
thesizewe areusing,without increasingthecomputations.
This alsoreducesthenumberdetectionof falsecorrespon-
dencepairs,by increasingthecontext thatis takeninto con-
siderationwhendeterminingcorrespondences.

Figure 3. Recovered correspondences in two
word images.

Preliminaryexperimentsshowedthataddingthesecon-
straintsgreatlyimprovedthematchingaccuracy (seeFigure

1This distancedoesnotnecessarilysatisfyall metricaxioms.
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3 for anexampleof recoveredcorrespondences).

2.4. DistanceMeasureCalculation

Thecorrespondencebetweenpairsof featurepointscap-
turesthe similarity betweenlocal regions of two images.
Our goal is now to combinethis local information into a
globalmeasureof similarity.

Variousapproacheswereinvestigated:they includethe
total sumof SSDerrorsfor all correspondingpairs,count-
ing thenumberof recoveredcorrespondencesandcalculat-
ing theEuclideandistancebetweencorrespondences.

Using theSumof SSDerrorsof thecorrespondencesis
sensitiveto globalbrightnessvariations.Themeasuretends
to assignvery low ranksto imagesof thesameword if their
backgroundshave very different gray levels or when the
writing strokeshavedifferentink properties.

Measuringthesimilarity by countingthenumberof re-
coveredcorrespondencesfalls in the voting methodcate-
gory: eachpair of featurepointsis countedasa vote,if the
similarity is larger thana given threshold. In the end,the
imagesarerankedaccordingto thenumberof votesthey re-
ceived.Oneproblemwith thismethodis thatthesparseness
of featurepointsdetectedin sometemplateimagesmakesit
dif�cult for limited votenumbersto determinethesimilari-
tiesof numerousdatabaseimages.

In our method,we usedEuclideandistancesof corre-
spondencesasthe distancemeasurementbetweentwo im-
ages. Unlike the above two measurements,the Euclidean
distancemeasurementto someextent takes the structure
of two words into account,becauseit assumesthe feature
pointsfor samewordsshouldhave similar spatialdistribu-
tion in differentimages.Our distancemeasurementis for-
mulatedas:

�

���

 ��

�

���

%��

���
	

%

/

���

%

�


�


����	

%

/

���

%

�




�

correspondences

�

�

featurepointsin A
�

correspondences
(2)

whereA is thequeryimage,B a databaseimage;
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� arethecoordinatesof apairof corresponding
featurepoints, in the query imageandthe databaseimage
respectively. Here,wemultiply theEuclideandistancewith
a factorindicatingthe proportionof correspondenceswith
the featurepoints in the templateimage. Thus, the fewer
correspondingfeaturepointsarefound in thedatabaseim-
age,the larger the distanceis betweenit andthe template
image.

3. Experimental Results

3.1. Data Setsand Processing

We performedexperimentson thesametwo testsetsof
differentquality imagesthatwereusedin theevaluationin
[7]. Both of thesesetswere10 pagesin size.Figure4(a)is
an examplefrom the �rst set,which is of acceptablequal-
ity. Figure4(b) is anexampleof thesecondsetwhich is so
degradedthatit is dif�cult evenfor peopleto read.Weused
thissecondsetto testhow poorly thealgorithmswouldper-
form. Severalvariationsof thealgorithmsweretestedand
theresultspresentedarethebestthatweachieved.Thefour
setswereconstructedasfollows:

A: 15 imagesin testset1.

B: entire test set 1 (2381 imagestotal, 9 without word
content2).

C: 32imagesin testset2, analyzedin [3] (for comparison
purposes).13 of theseonly occuronce(i.e. the image
itself) in thecollection.

D: entiretestset2 (3370imagestotal, 108without word
content2).

The subsetsA and C allow us to test algorithmswhich
wouldotherwisetake too long to runon theentiredataset.

3.2. Evaluation Method

Imagesin thedatasetsweretaggedmanuallywith their
ASCII equivalent.Partial imageswereannotatedwith what
letters were visible. We usedour algorithm to compare
every image againstevery other image in the data set 3

and createlists of imagesranked by similarity. Two im-
ageswereconsideredrelevantif their ASCII tagsmatched.
trec eval was thenusedto producethe averagepreci-
sionscoresin table1.

3.3. Results

Table1 containstheresultsfrom experimentsperformed
on the George Washingtoncollectionusingvariousword-
matchingalgorithms:

1. XOR[3]: alignsimagesandcountspixel-by-pixel dif-
ferences.

2. SSD[3]: imagesareshiftedrelative to oneanotherin
orderto �nd theminimumcostwhich is calculatedus-
ing theSSDerrormeasure.

2Theseimagesresultfrom segmentationerrors.
3Imagepairswerediscardedif they werenot similaraccordingto sim-

ple heuristics,suchasimagelength.
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(a)Goodquality image.

(b) Badquality image.

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

3. SLH[3]: usesthe Scott and Longuet-Higginsalgo-
rithm [10] to recover an af�ne warpingtransformbe-
tweensamplepointstakenfrom theoutlinesof words.
The residualbetweentemplateand warpedpoints is
thedistancemeasure.

4. SC[1]: shapecontext matching.

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

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

7. CORR:Approachproposedin this work.

In Kaneetal.'sexperiments[3], eachqueryimageis also
partof thecandidateimageset. This pushesthescoresup,
sincethequeryimageis alwaysretrievedat rank1 for most
matchingmethods.In orderto provideamorerealisticview
of our algorithm's performance,we have calculatedaver-
ageprecisionscoreswithout consideringqueriesascandi-
dates:thefour rightmostcolumnsin table1 containthere-
sultingscoresfor testrunsthatwereavailableto us in raw
(i.e. rankedlist) format. Theremainingentriesin the table
wereobtainedwith Kaneetal.'sevaluationmethod.

CORRoutperformedall methodson thesetof 15 good
quality images(setA) andperformedslightly worsethan
DTW onthecorrespondingfull setB. CORRalsoleadwhen
testedon thesmallersetof 32 poorquality images(setC),
but fell behindDTW whentestedon thecorrespondingfull
setD. Overall,ourapproachperformedbetterthanall meth-
odsexceptDTW, for which it performedalmostaswell. In
additionto this, CORRis twice asfastasDTW andmuch
fasterthantheotherapproachesevaluatedin this work (see
table2). Thesuccessof thetechniqueresultsfrom picking
goodpointsof interest. Our intuition for the goodperfor-
manceis thattheHarriscornerdetectorpicksuppointsthat
providea gooddescriptionof theoverall imagestructure.

We found thatour algorithmwould fail to assigna cor-
rect scoreto two correspondingimageswhen one image
wasshiftedsigni�cantly (for example,dueto a segmenta-
tion error). We believe thatthis failureis a resultof choos-
ing theupperleft-handcornerastheorigin whencomputing
theEuclideandistance.Whenthisupper-left handcorneris
chosenfor two images,oneof which is shifted

�

pixels,
�

will beaddedto theerrorof eachcorrespondingpointof in-
terest.Weattemptedto correctthisby implementingacom-
monorigin detectorusingseveraldifferentmethods.How-
ever, this detectordid not performwell andthe resultsdid
not improve. We alsofound that theprecisionscoresfrom
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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 & Longuet­Hig gins [10], SC: shape conte xt matc hing [1], EDM: euclidean distance mapping,
DTW: dynamic time warping matc hing, 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 inc lude
time necessar y 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
thescoresfrom largerwords.We speculatetwo reasonsfor
this arethat smallerwordshave lesspointsof interestand
thatthe�x edSSDwindow wastrainedon largerimages.A
dynamicwindow sizemayimproveperformance.

4 Summary and Conclusions

We presenteda simple algorithm that matchesword-
imagesby recovering correspondencesbetweenpoints of
interest. Speci�cally, we wereableto matchgoodquality
imageswith around64%accuracy with eachimagepairtak-
ing only 1 secondto becompared.Our furtherdevelopment
of thisalgorithmwill includeaddingadaptivewindow sizes,
andimplementinganindexing scheme.Webelievethatthis
will greatlyimproveboththerunningtime andaccuracy.
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