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Abstract

Thedigital librariesof thefuture will includenotonly
(ASCII) text information but scannedpaperdocuments
aswell asstill photagraphsandvideos.Ther is, there-
fore, a needto index andretrieve informationfrom sud
multi-mediacollections.TheCenterfor Intelligentinfor-
mationRetrieval (CIIR) hasa numbetrof projectsto index
andretrieve multi-mediainformation. Thesdanclude:

1. The extraction of text from images which may be
usedboth for nding text zonesagainst geneil
badgroundsaswell asfor indexing and retrieving
image information.

2. Indexing hand-written and poorly printed docu-
mentausingimage matding techniquegword spot-
ting).

3. Indexingimagesusingtheir content.

1 Intr oduction

The digital libraries of the future will include not only
(ASCII) text informationbut scannedaperdocuments
aswell asstill photographsndvideos. Thereis, there-
fore, a needto index andretrieve informationfrom such
multi-mediacollections. The Centerfor Intelligent In-
formationRetrieval (CIIR) hasa numberof projectsto
index and retrieve multi-mediainformation. Thesein-
clude:

1. FindingText in Images:The corversionof scanned
documentsinto ASCII so that they can be in-
dexed using INQUERY (CIIR's text retrieval en-
gine). CurrentOptical CharacteRecognitionTech-
nology (OCR) can corvert scannedext to ASCII
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but is limited to good cleanmachineprintedfonts
againstcleanbackgrounds.Handwrittentext, text
printedagainsshadedr texturedbackgroundsind
text embeddedh imagescannotberecognizedvell
(if it canbe recognizedat all) with existing OCR
technology Many nancial documentsfor exam-
ple, print text againstshadedbackgroundgo pre-
ventcopying.

The Centerhasdevelopedtechniquego detecttext
in images. The detectedtext is then cleanedup
andbinarizedandrun througha commercialOCR.
Suchtechniqueganbeappliedto zoningtext found
againsgenerabackgroundsaswell asfor indexing
andretrieving imagesusingthe associatedext.

2. Word Spotting: The indexing of hand-writtenand
poorly printed documentsusing image matching
techniquesLibrarieshold vastcollectionsof orig-
inal handwrittenmanuscriptsmary of which have
never beenpublished. Word Spottingcanbe used
to createindicesfor suchhandwrittenmanuscript
archies.

3. ImageRetrieval: Indexing imagesusingtheir con-
tent. The Centerhasalsodevelopedtechniquego
index andretrieveimagesby color andappearance.

2 Finding Textin Images

Most of the informationavailabletodayis eitheron pa-
per or in the form of still photographsind videos. To
build digital libraries, this large volume of information
needgo bedigitizedinto imagesandthe text corverted
to ASCII for storage retrieval, and easymanipulation.
For example,video sequencesf eventssuchasa bas-
ketball gamecan be annotatedcandindexed by extract-
ing aplayers number nameandtheteamnamethatap-
pearontheplayersuniform (Figurel(b,c)). Thismaybe
combinedwith methoddor imageindexing andretrieval
basednimagecontent(seesection3).

CurrentOCR technology[1, 20] is largely restricted
to nding text printedagainstcleanbackgroundssince
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Figurel: Thesystemgxampleinputimage,andextractedtext. (a) Thetop level component®f thetext detectiorandextraction

system.The pyramid of theinputimageis shavn as
beingfedto the CharacteRecognitionmodule.

in thesecasest is easyto binarizethe input imagesto

extract text (text binarization)before characterrecog-
nition begins. It cannothandletext printed against
shadedor textured backgroundsnor text embeddedn

pictures. More sophisticatedext readingsystemsusu-
ally employ pagesegmentationschemeso identify text

regions. Thenan OCR moduleis appliedonly to the
text regionsto improve its performance.Someof these
scheme$32, 33,21, 23] aretop-dovn approachesome
arebottom-upmethodq7, 22], andothersare basedon

texture sggmentatiortechniquesn computervision [8].

However, the top-davn and bottom-upapproachesisu-
ally requiretheinputimageto bebinaryandhave aMan-
hattanlayout. Althoughthe approactin [8] canin prin-

ciple be appliedto greyscaleimages,it wasonly used
on binary documentimages,and in addition, the text

binarizationproblemwas not addressed.In summary
few working systemshave beenreportedthat canread
text from documenpageswith both structuredandnon-
structuredayouts. A brief overview of a systemdevel-

opedat CIIR for constructinga completeautomatictext

readingsystemis presentechere (for more detailssee
[34, 35]).

2.1 SystemOverview

The systemtakesadvantageof the following distinctive
characteristicef text whichmaleit standoutfrom other
imageinformation: (1) Text possessea distinctive fre-
gueny andorientationattributes;(2) Text shavs spatial
cohesion— charactersf thesametext stringareof sim-
ilar heights orientationandspacing.

The rst characteristicsuggeststhat text may be
treatedas a distinctive texture, and thus be segmented
outusingtexturesegmentatiortechniquesThus,the rst
phaseof our systenis Texture Segmentatiorasshovn in
Figure1(a). In the Chip Generatiorphase strokes are
extractedfrom the segmentedtext regions. Using rea-

; (b) An exampleinputimage;(c) Outputof the systembefore

sonableheuristicson text stringsbasedon the second
characteristicthe extractedstrokesarethenprocessetb

form tight rectangulaboundingboxesaroundthe corre-
spondingtext strings. To detecttext over a wide range
of font sizes,the above stepsare appliedto a pyramid

of imagesgeneratedrom theinputimage,andthenthe

boxesformedat eachresolutionlevel of the pyramidare
fusedat the original resolution. A Text Clean-upmod-

ule which removesthe backgroundandbinarizeghe de-

tectedtext is appliedto extractthetext from theregions
encloseddy the boundingboxes. Finally, text bounding
boxesare re ned (re-generatedpy usingthe extracted
items as strokes. Thesenew boxes usually boundtext

stringsbetter The Text Clean-upprocesss thencarried
outontheregionsboundedy thesenew boxesto extract
cleanertext, which canthenbe passedhrougha com-
mercial OCR enginefor recognitionif the text is of an

OCR-recognizabldéont. The phasesf the systemare
discussedh thefollowing sections.

2.2 The Texture SegmentationModule

A standardapproachto texture sggmentationis to rst

Iter the imageusing a bank of linear lters suchas
Gaussiarderivatives[11] or Gaborfunctions,followed
by somenon-lineartransformatiorsuchasa hyperbolic
function . Thenfeaturesarecomputedo form
a feature vector for each pixel from the Itered im-

ages. Thesefeaturevectorsare then classi ed to sey-
mentthe texturesinto differentclassegfor moredetails
seg[34, 35]).

Figure 2(a) shavs a portion of an original input im-
agewith avariety of textual informationto be extracted.
Thereis text on a cleandark backgroundtext printed
on Stoufer boxes, Stoufer's trademarkgin script),and
a picture of the food. Figure2(b) shawvs the nal sey-
mentedext regions.
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Figure 2: Resultsof Texture Segmentationand Chip Generation.(a) Portionof an inputimage;(b) The nal segmentedtext
regions;(c) Extractedstroles;(d) Text chipsmappedntheinputimage.
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Figure3: Thescaleproblemandits solution. (a) Chipsgeneratedor the inputimageat full resolution;(b) half resolution;(c) -
resolution;(d) Chipsgeneratedtall threelevels mappedntotheinputimage.Scale-redundarthipsareremored.

2.3 The Chip Generation Phase

In practice text mayoccurin imageswith comple back-
groundsandtexture patterns suchasfoliage, windows,
grassetc. Thus,somenon-tet patterngnay passthe |-
tersandinitially be misclassi edastext (Figure 2(b)).
Furthermore sggmentationaccurag at texture bound-
ariesis a well-known and dif cult problemin texture
segmentation Consequentlyit is oftenthe casethattext
regionsareconnectedo otherregionswhich do notcor
respondo text, or onetext stringmight be connectedo
anothertext string of a differentsize or intensity This
might causeproblemdor laterprocessingFor example,
if two text stringswith signi cantly differentintensity
levelsarejoinedinto oneregion, oneintensitythreshold
mightnotseparatéothtext stringsfromthebackground.

Therefore,heuristicsneedto be emplosed to re ne
the sgmentatiorresult. Sincethe segmentatiorprocess
usually nds text regionswhile excludingmostof those
thatarenon-text, theseregionscanbe usedto directfur-
therprocessindfocusof attention). Furthermoresince
text is intendedto be readable thereis usually a sig-
ni cant contrastbetweenit andthe background. Thus
contrastcanbe utilized nding text. Also, it is usually

thecasethatcharacterin thesameword/phrase/sentence

are of the samefont andhave similar heightsandinter

charactespacesFinally, it is obviousthatcharacterin a

horizontaltext stringarehorizontallyaligned.Therefore,
all theheuristicsabove areincorporatedn the Chip Gen-

erationphasein a bottom-upfashion: signi cant edges
form strokes (Figure 2(c)); strokesfrom the segmented
regions are aggreatedto form chips correspondingo

text strings.Therectangulaboundingboxesof thechips
are usedto indicatewherethe hypothesizeddetected)
text stringsare (Figure2(d)). Thesestepsaredescribed
in detailin [34, 35].

2.4 A Solution to the ScaleProblem

The frequeny channelsusedin the segmentationpro-
cesswork well to covertext over a certainrangeof font
sizes.Text from largerfont sizesis eithermissedor frag-
mented.Thisis calledthescaleproblem. Intuitively, the
largerthefont sizeof thetext, thelowerthefrequeng it
possessesThus,whenthe text font size getstoo large,
its frequeng falls outsidethe channelsselectedn sec-
tion 2.2.

A pyramidapproach(Figurel(a))is usedto solve the
scaleproblem: a pyramid of the input imageis formed
andeachimagein the pyramidis processeasdescribed
in the previous sections. At the bottom of the pyramid
is the originalimage;theimageat eachlevel (otherthan
the bottom)hashalf of the resolutionasthat of the im-
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Figure4: Binarizationresultsbeforeandafterthe Chip Re nementstep.(a) Inputimage;(b) binarizationresultbeforere nement;
(c) afterre nement.



ageonelevel belov. Text of smallerfont sizescanbe
detectedusingtheimageslower in the pyramid (Figure
3(a)),while text of largefont sizesis foundusingimages
higherin the pyramid (Figure3(c). Theboundingboxes
of detectedext regionsat eachlevel aremappedackto
theoriginalinputimageandtheredundanboxesarethen
removedasshownn in Figure3(d). Detailsare presented
in [34, 35].

2.5 Texton ComplexBackgrounds

The previous sectionsdescribea systemwhich detects
text inimagesandputsboxesarounddetectedext strings
in the input image. Sincetext may be printed against
complex image backgroundswhich currentOCR sys-
temscannothandlewell, it is desirablego have the back-
groundsemoved rst. In addition,OCRsystemsequire
thatthe text mustbe binarizedbeforeactualrecognition
starts. In this system the backgroundemoval andtext

binarizationis doneby applyinganalgorithmto the text

boxesindividually insteadof trying to binarizetheinput

imageasawhole. Thisallowstheprocesgo adaptto the
individual contet of eachtext string. The detailsof the
algorithmarein [34, 35].

2.6 The Text Re nement

Sometimesion-tet itemsareidenti ed astext aswell.
In addition,the boundingboxesof the chipssometimes
donottightly surroundhetext strings.Theconsequence
of theseproblemsis that non-text items may occurin
thebinarizedimage,producedoy mappingthe extracted
items onto the original page. An exampleis shawvn in
Figure4(a,b). Thesenon-tect itemsarenotdesirable.

However, by treatingthe extracteditems as stroles,
the Chip Re nementmodulewhich is essentiallysim-
ilar to the chip Generationmodule but with stronger
constraints,can be appliedhereto eliminatethe non-
text items and henceform tighter text boundingboxes.
This can be achieved becausq1) the clean-upproce-
dureis ableto extract most characterswithout attach-
ing to nearbycharacterandnon-tectitems(Figure4(b)),
and(2) mostof the strokesat this stagearecomposeaf
completeor almostcompletecharactersas opposedo
theverticalconnecteddgesof the charactersn theini-
tial processingThus,it canbe expectedthatthe correct
text strokescomplymoreconsistentlywith theheuristics
usedin the early Chip Generatiorphase.Thesigni cant
improvements clearlyshovnin 4c.

2.7 Experiments

The systemhasbeentestedover  imagesfrom awide
variety of sourcesdigitizedvideo frames,photographs,
newspapersadwertisementin magazinesr salesyers,
and personakhecks. Someof the imageshave regular
pagelayouts,othersdo not. It shouldbe pointedout that
all the systemparametergsemainthe samethroughout

the entire setof testimages,shaving the robustnesf
thesystem.

Characterandwords(asperceved by oneof the au-
thors)werecountedin eachimageasgroundtruth. The
total numbersover the whole test setare shavn in the
“Total Perceved” columnin Tablel. Thedetectecthar
actersand words are thosewhich are completelyen-
closedby the boxes producedafter the Chip ScaleFu-
sionstep. Thetotal numbersof detecteccharacterand
wordsovertheentiretestsetareshovn in the“Total De-
tected”column. Characterandwordsclearly readable
by apersorafterthe Chip Re nementandText Clean-up
steps( hal extractedtext) arealsocountedfor eachim-
age,with the total numbersshowvn in the “Total Clean-
up” column. The column “Total OCRable”shaws the
total numbersof cleaned-upcharactersand words that
appeatrto be of OCRrecognizabldontsin  of the bi-
narizedmages Notethatonly thetext whichis horizon-
tally alignedis counted(skew angleof the text stringis
lessthanroughly 30 degrees$. The“Total OCRed”col-
umnshavsthenumberof characterandwordsfromthe
“Total OCRable”setscorrectly recognizedby Caeres
commerciaWordScarOCRengine.

Figure 5(a) is a portion of an original input image
whichhasnostructuredayout. The nal binarizatiorre-
sultis shavnin (b) andthecorrespondin CRoutputis
shavnin (c). Noticethatmostof thetext is detectedand
mostof the text of machine-printedonts are correctly
recognizedy the OCRengine.lt shouldbe pointedout
thatthe cleaned-upmutputlooks ne to a personin the
placesvherethe OCRerrorsoccurred.

3 Word Spotting: Indexing Handwritten
Ar chival Manuscripts

Thereare mary historical manuscriptswritten in a sin-
gle hand which it would be usefulto index. Exam-
plesinclude the W. B. DuBois collection at the Uni-
versity of Massachusettdyiargaret Sangers collected
works at Smith College and the early Presidentialli-
brariesat the Library of Congress. Thesemanuscripts
are largely written in a single hand. Suchmanuscripts
arevaluableresourcesor scholaraswell asotherswho
wish to consultthe original manuscriptsand consider
able effort has gone into manually producingindices
for them. For example,a substantiatollectionof Mar-
garetSangers work hasbeenrecentlyput on micro Im
(seehttp://MERCcla.sc.edu/Sanger/SangBase.HWith
anitemby itemindex. Thesdandiceswerecreatednanu-
ally. Theindexing schemealescribederewill helpin the
automaticcreatiorandproductionof indicesandconcor
dancedor sucharchives.

Onesolutionis to useOptical CharacteiRecognition
(OCR)to corvertscannegaperdocumentsnto ASCII.

1Here, the focusis on nding horizontal,linear text stringsonly.

Theissueof nding text stringsof ary orientationwill beaddresseth
futurework.



Table 1. Summaryof the systems performance.
imageswereusedfor the OCRprocess.

imageswere usedfor detectionand clean-up. Out of these,35 binarized

Total Total Total Total Total

Perceied | Detected Clean-up|| OCRable| OCRed
Char | 21820 20788(95%) | 91% 14703 12428(84%)
Word | 4406 4139(93%) | 86% 2981 2314(77%)

(@) (b)

©

Figure5: Examplel. (a) Originalimage(ads11){b) Extractedext; (c) The OCRresultusingCaeres WordScarPlus4.0onb.

Existing OCRtechnologyworkswell with standardna-
chineprintedfontsagainstcleanbackgroundslt works
poorly if the originalsare of poor quality or if the text
is handwritten. Since Optical CharacterRecognition
(OCR)doesnotwork well onhandwriting,analternatve
schemébasedon matchingthe imagesof thewordswas
proposedby usin [18, 17, 15] for indexing suchtexts.
Herea brief summaryof thework is presented.

Sincethe documenis written by a singleperson the
assumptioris thatthe variationin the word imageswill
be small. The proposedsolutionwill rst seggmentthe
pageinto wordsandthenmatchthe actualword images
againsteachotherto createequialenceclasses. Each
equivalenceclasswill consistof multipleinstance®f the
sameword. Eachword will have a link to the pageit
camefrom. The numberof wordsin eachequvalence
classwill be takulated. Thoseclasseswith the largest
numbersof wordswill probablybe stopwords,i.e. con-
junctionssuchas“and” or articlessuchas“the”. Classes
containingstopwordsare eliminated(sincethey arenot
very usefulfor indexing). A list is madeof the remain-
ing classes.This list is orderedaccordingto the num-
berof wordscontainedn eachof the classes.The user
providesASCII equivalentsfor a representadie word in
eachof thetop m (saym = 2000)classesThewordsin
theseclassesannow beindexed. Thistechniquewill be
called“word spotting”asit is analogougo “word spot-
ting” in speectprocessing9].

The proposedsolution completely avoids machine
recognitionof handwritterwordsasthisis adif cult task
[20]. Rokustnesss achievedcomparedo OCR systems
for two reasons:

1. Matchingis basedon entirewords. Thisis in con-
trastto corventional OCR systemswhich essen-
tially recognizecharactersatherthanwords.

2. Recognitionis avoided. Insteada humanis placed
in the loop when ASCII equivalentsof the words
mustbeprovided.

Someof the matchingaspect®f the problemaredis-
cussedhere(for a discussiorof pagesegmentationinto
words,see[18]). The matchingphaseof the problemis
expectedo bethemostdif cult partof theproblem.This
is becauseinlike machinefonts, thereis somevariation
in evena single persons handwriting. This variationis
dif cult to model.Figure(6) shovs two examplesof the
word“Llo yd” writtenby thesameperson.Thelastimage
is producedy XOR'ing thesewo images.Thewhitear
easin the XOR imageindicatewherethetwo versionsof
“Lloyd” differ. This resultis not unusual. In fact, the
differencesaresometimesvenlarger

Theperformancef two differentmatchingechniques
is discussedhere. The rst, basedon Euclideandis-
tance mapping[2], assumeghat the deformationbe-
tweenwords can be modelledby a translation(shift).
Thesecondpasednanalgorithmby ScottandLonguet



Figure 6: Two examplesof the word “Lloyd” andthe
XOR image

Higgins [28] modelsthe transformatiorbetweenwords
usinganafne transform.

3.1 Prior Work

Thetraditionalapproacho indexing documenténvolves

rst corverting them to ASCIl and then using a text
basedetrieval engine[30]. Scannedlocumentgprinted
in standardnachinefontsagainstleanbackgroundsan
be corvertedinto ASCII usingan OCR [1]. However,
handwritingis muchmoredif cult for OCRsto handle
becauseof the wide variability presentin handwriting
(notonly is therevariability betweerwriters,but a given
personswriting alsovaries).

Imagematchingof wordshasbeenusedto recognize
wordsin documentsvhich use machinefonts [5, 10].
Recognitionratesare much higherthanwhenthe OCR
is useddirectly [10]. Machine fonts are simpler to
matchthanhandwritterfontssincethevariationis much
smaller;multipleinstance®f agivenword printedin the
samefont are identical exceptfor noise. In handwrit-
ing, hawever, multipleinstance®f thesameword onthe
samepageby the samewriter shav variations.The rst
two picturesin Figure6 aretwo identicalwordsfrom the
samedocumentwritten by the samewriter. It maythus
benecessaryo accountor thesevariations.

3.2 Ouitline of Algorithm

1. A scannedyreylevel imageof the documents ob-
tained.

2. Theimageis rst reduceddy half by gaussianiter -
ing andsubsampling.

3. Thereducedmageis thenbinarizedby threshold-
ing theimage.

4. Thebinaryimageis now sggmentednto words.this
is doneby a procesof smoothingandthresholding
(se€[18]).

5. A givenword image(i.e. theimageof a word) is
usedasatemplate andmatchechgainstll theother
word images. This is repeatedor every word in

thedocumentThematchingis donein two phases.

First, the numberof wordsto be matcheds pruned
using the areasand aspectratios of the word im-
ages- theword to be matchedcannothave anarea

or aspectatio which is too differentfrom the tem-
plate. Next, the actualmatchingis doneby using
a matchingalgorithm. Two differentmatchingal-
gorithmsaretried here.Oneof themonly accounts
for translationshifts, while the otheraccountsfor
af ne matchesThematchingdividestheword im-
agesinto equivalenceclasses eachclasspresum-
ably containingotherinstance®f the sameword.

6. Indexing is doneasfollows. For eachequivalence
class,the numberof elementsn it is counted.The
top n equivalenceclassesrethendeterminedrom
this list. The equivalenceclasseswith the highest
numberof words (elements)are likely to be stop-
words (i.e. conjunctionslike “and' , articleslike
“the', and prepositiondike “of") andaretherefore
eliminatedfrom further consideration. Let us as-
sumethatof thetopn, m areleft afterthestopwords
have beeneliminated. The userthendisplaysone
memberof eachof thesem equivalenceclasseand
assigngheir ASCII interpretation. Thesem words
cannow be indexed anywherethey appearin the
document.

We will now discusghe matchingtechniquesn detail.

3.3 Determination of EquivalenceClasses

Thelist of wordsto be matcheds rst prunedusingthe
areasandaspectatiosof the word images.The pruned
list of wordsis thenmatchedisingamatchingalgorithm.

3.4 Pruning
It is assumedhat

- — 1)

where is the areaof the templateand

is the areaof theword to be matched.Typical valuesof
usedin theexperimentsangebetweenl.2and1.3. A

similar Itering stepis performedusingaspectatios(ie.

thewidth/heightratio). It is assumedhat

- )

Thevalueof usedn theexperimentsangebetweerl .4
andl.7.In boththeaboreequationstheexactfactorsare
not importantbut it shouldnot be solarge so that valid
wordsare omitted,nor sosmall sothattoo mary words
arepassedntothe matchingphase.The pruningvalues
maybeautomaticallydeterminedby runningstatisticon
samplef thedocumen{l15].

3.5 Matching

The templateis thenmatchedagainstthe imageof each
wordin the prunedlist. Thematchingfunctionmustsat-
isfy two criteria:



1. It mustproducealow matcherrorfor wordswhich
aresimilarto thetemplate.

2. It mustproducea high matcherrorfor wordswhich
aredissimilar

Two matchingalgorithmshave beentried. The rst
algorithm - EuclideanDistanceMapping (EDM) - as-
sumesthat no distortionshave occuredexceptfor rela-
tive translationandis fast. This algorithmusuallyranks
the matchedwordsin the correctorder(i.e. valid words

rst, followed by invalid words)whenthe variationsin
words is not too large. Although, it returnsthe low-
esterrorsfor wordswhich are similar to the template,
it alsoreturnslow errorsfor wordswhich aredissimilar
to thetemplate Thesecondhlgorithm[28],referredto as
SLH here,assumesnaf ne transformatiorbetweerthe
words. It thuscompensatefor someof thevariationsin
thewords. Thisalgorithmnotonly ranksthewordsin the
correctorderfor all examplestried sofar, it alsoseems
to beableto betterdiscriminatebetweervalid wordsand
invalid words. As currentlyimplementedhe SLH algo-
rithmis muchslowerthantheEDM algorithm(we expect
to beableto speedt up).

3.6 UsingEuclideanDistanceMapping for
Matching

Thisapproachs similarto thatusedby [6] to matchma-
chinegeneratedonts. A brief descriptionof themethod
follows (moredetailsareavailablefrom [18]).

Considertwo imagesto be matched.Therearethree
stepsin thematching:

1. First theimagesareroughly aligned. In the verti-
cal direction, this is doneby aligningthe baselines
of the two images. In the horizontaldirection,the
imagesarealignedby makingtheir left handsides
coincide.

Thealignmentis, thereforegxpectedo beaccurate
in theverticaldirectionandnotasgoodin the hori-
zontaldirection.Thisis borneoutin practice.

2. Next the XOR imageis computed.Thisis doneby
XOR'ing correspondingixels(seeFigure6).

3. An Euclideandistancemapping[2] is computed
from the XOR image by assigningto eachwhite
pixel in theimage,its minimumdistanceo a black
pixel. Thusa white pixel insidea blob is assigned
a larger distancethan an isolatedwhite pixel. An
error measure can now be computedby
addingup thedistancemeasurefor eachpixel.

4. Although the approximatetranslation has been
computedisingstepl, thismaynotbeaccurateand
may needto be ne-tuned. Thussteps(2) and(3)
arerepeatedvhile samplingthetranslatiorspacen
bothx andy. A minimumerrormeasure
is computedbver all thetranslatiorsamples.

3.7 SLH Algorithm for Matching

The EDM algorithmdoesnot discriminatewell between
goodandbadmatchesin addition,it fails whenthereis

signi cant distortionin thewords. Thishappensvith the
writing of ErasmusHudson(Figure 7). Thusa match-
ing algorithm which modelssomeof the variation is

needed. A secondmatchingalgorithm (SLH), which

modelsthe distortionasan af ne transformationsyas
thereforetried (notethatit is expectedthattherealvari-

ationis probablymuchmorecompl). An af ne trans-
form is a lineartransformatiorbetweencoordinatesys-
tems.In two dimensionsit is describedy

®3)

where is a 2-D vectordescribingthe translation, is
a 2 by 2 matrix which captureghe deformation, and

arethe coordinate®f correspondingointsin the two
imagedetweerwhichtheaf ne transformationmustbe
recovered. An af ne transformallows for the following
deformations scalingin both directions,shearin both
directionsandrotation.

The algorithm chosenhereis one proposedy Scott
andLonguet-Higgingd28] (see[16]). Thealgorithmre-
coversthe correspondencbetweentwo setsof points|
andJunderanaf ne transform.

The setsl andJ are createdasfollows. Every white
pixelin the rst imageis amembeiof thesetl. Similarly,
every white pixel in the secondimageis a memberof
setJ. First, the centroidsof the point setsare computed
and the origins of the coordinatesystemsis set at the
centroid. The SLH algorithmis thenusedto compute
thecorrespondendeetweerthe pointsets.

Giventhe (above) correspondenceetweerpoint sets
I andJ, theaf ne transform canbe determinedoy
minimizing thefollowing leastmeansquaresriterion:

(4)

where and
respectiely.

Thevaluesarethenpluggedbackinto theabove equa-
tion to computethe error . Theerror isan
estimateof how dissimilartwo wordsareandthewords
can,thereforeperankedaccordingo it.

It will be assumedhat the variationfor valid words
is not too large. This implies that if and are
considerabhdifferentfrom 1, thewordis probablynota
valid match.

Note: The SLH algorithmassumethatpruningonthe
basisof theareaandaspectatiothresholdss performed.

arethe (x,y) coordinatef point

3.8 Experiments

The two matching techniques were tested on
two handwritten pages, each written by a differ-
ent writer. The rst page can be obtained from



Figure7: Part of a pagefrom the collectedpapersof the Hudsonfamily



the DIMUND document sener on the internet
http://documents.ef.umd.edu/esouces/dathase/
handwriting.database.htnThis page will be referred
to as the Seniordocument. The handwriting on this
pageis fairly neat(see[18] for a picture). The second
pageis from an actualarchial collection- the Hudson
collection from the library of the University of Mas-
sachusettfpartof the pageis shovn in Figure(7). This
pageis part of a letter written by JamesS. Gibbonsto
Erasmudarwin Hudson.The handwritingon this page
is dif cult to readandthe indexing techniquehelpedin
decipheringsomeof thewords.

The experimentswill shav examplesof how the
matchingtechniquesvork onafew words. For moreex-
amplesof the EDM techniquesee[18]. For moreexam-
plesusingthe SLH techniqueandcomparisonsvith the
EDM techniquesee[16]. In generalthe EDM method
ranksmostwordsin the Seniordocumentcorrectly but
rankssomewordsin the Hudsondocumentincorrectly
The SLH techniqueperformswell on bothdocuments.

Both pageswere sggmentedinto words (see[18] for
details) The algorithmwas then run on the segmented
words. In the following gures, the rst word shavn
is thetemplate. After the template the otherwordsare
ranked accordingto the matcherror. Notethatonly the

rst few resultsof the matchingareshavn althoughthe
templatehasbeenmatdedwith everyword on the page.
Theareathreshold waschoserto bel.2andtheaspect
ratiothreshold waschoserasl.4. Thetranslatiorval-
uesweresampledo within pixelsin the X direction
and pixelin they direction.Experimentallythisgave
thebestresults.

3.9 Resultsusing Euclidean Distance
Mapping

The EuclideanDistanceMapping algorithmworks rea-

sonablywell on the Seniordocument. An exampleis

shavn below.

In Figure(8), the templateis the word “Lloyd”. The
gure shaws that the four other instancesof “Lloyd”
presentin the documentare ranked before ary of the
otherwords. As Table (2) shovs, the matcherrorsfor
otherinstance®f “Lloyd” is lessthanthatfor ary other
word. In thetable,the rst columnis the Tokennumber
(this is neededfor identi cation purposes)the second
columnis a transcriptionof the word, the third column
shavstheareain pixels,thefourth givesthe matcherror
andthelasttwo columnsspecifythe translationin thex
andy directionsrespectiely. Notethesigni cant change
in areaof thewords.

The performanceon otherwordsin the Seniordocu-
mentis comparablgfor otherexamplessee[18]). This
is becausehe pageis written fairly neatly The perfor
manceof the methodis expectedto correlatewith the
quality of the handwriting. Thiswasveri ed by running
experimentson a pagefrom the Hudsoncollection(Fig-

Figure 8: Ranled matchedor template“Lloyd” using
the EDM algorithm (the rankingsare orderedfrom left
to right andfrom top to bottom).

ure7). Thehandwritingin the Hudsoncollectionis dif -
culttoreadevenfor humandookingatgrey-levelimages
at300dpi Thewriting shavswide variationsin size- for
example the areaof theword “to” variesby asmuchas
100%! However, thislargeavariationis notexpectedo
occurandis not seenwhenthe wordsarelarger. Since
humanshave dif culty readingthis material,we do not
expectthat the methodwill perform very well on this
document.

The EuclideanDistanceMapping techniquefails for
the template“Standard”in the Hudsondocument(see
Figure (9)). The failure occurs becausethe two in-
stanceof “Standard”are written differently Thetem-
plate“Standard’hasa gapbetweernthe “t” andthe“a”.
This gapis not presenin the secondexampleof “Stan-
dard” (thisis moreclearlyvisiblein Figure(10). A tech-
niqueto modelsomedistortionsis, thereforenecessary

Figure 9: Rankingsfor template“Standard”using the
EDM algorithm(therankingsare orderedfrom left to
right andfrom top to bottom).

3.10 ExperimentsUsingthe SLH
Algorithm

The SLH algorithm handlesaf ne distortionsand is,
thereforemorepowerful thenthe EDM algorithm.Since



Token | Word | Area Xshift | Yshift
105 | Lloyd | 1360 0.000 0 0
70 Lloyd | 1224 0.174 0 0
165 | Lloyd | 1230 0.175 -2 0
197 | Lloyd | 1400 0.194 4 0
239 | Lloyd | 1320 0.197 -3 0
21 Maybe | 1147 0.199 -1 0
180 | along | 1156 0.200 1 0
215 party | 1209 0.202 1 0
245 spurt | 1170 0.205 -1 0
121 | dreary | 1435 0.206 3 0

Table2: RankingsandmatchErrorsfor template‘Llo yd”.

Token| Word | Area| CP A T
105 Lloyd | 1368 | 233 | 0.00 | 1.00 0.00 | 0.00
0.00 1.00| 0.00
197 Lloyd | 1400| 199 | 1.302 | 0.96 -0.04 | 1.58
0.01 1.04| 0.14
70 Lloyd | 1224 | 176 | 1.356 | 0.94 0.09 | -1.02
0.03 092 | -1.38
165 Lloyd | 1230| 189 | 1.631 | 1.03 0.05 | -0.43
-0.01 0.87 | -2.60
239 Lloyd | 1320| 203 | 1.795| 0.99 -0.05| 1.44
0.03 107 | 2.21
157 | lawyer | 1518 | 185 | 3.393 | 0.96 -0.03| 1.89
0.05 1.11| 0.03
240 | Selwyn | 1564 | 188 | 3.673 | 0.94 0.06 | -4.23
0.05 1.05| -0.75
91 thought| 1178 | 181 | 3.973 | 0.97 0.03 | 2.33
-0.01 1.08| 291

Table3: RankingsandMatch Errorsfor template‘Llo yd” UsingSLH Algorithm.

the currentversionof the SLH algorithmis slow, theini-
tial matcheswvere prunedusingthe EDM algorithmand
thenthe SLH algorithmrun onthe prunedsubset.

Experimentswere performedusing both the Senior
documentandthe Hudsondocuments A few examples
areshowvn here(for moredetailssee[16]). For the Se-
nior documentghe samepruningratioswere chosenas
before.To accounfor thelargevariationsin the Hudson
paperstheareathreshold was x edat1.3andtheas-
pectratiothresholdat1.7. Thevalueof depend®nthe
expectedranslation.Sinceit is small, . A lower
valueof yieldedpoorerresults.

Thematchedor thetemplateé‘Llo yd” areshovnin Ta-
ble (3). Thesuccesie columnsof thetable,takulatethe
TokenNumber the transcriptiornof theword, the areaof
theword image,the numberof correspondingointsre-
coveredby the SLH algorithm,the matcherror
usingthe SLH algorithmandthe af ne transform. The
entriesarerankedaccordingo thematcherror f
eitherof or is lessthan0.8or greatetthan1/0.8,
thatwordis eliminatedfrom therankings.A comparison
with Table (2) shows that the rankingschange. This is

notonly true of theinvalid words(for examplethe sixth
entryin Table(2) is “Maybe” while thesixthentryin Ta-
ble (3) is “lawyer” butis alsotrueof the“Llo yd™ s. Both
tablesrank instancesof “Lloyd” aheadof otherwords.
Thetechniguealsoshovs a muchgreaterdiscrimination
in matcherror - the matcherror for “lawyer” is almost
doublethe matcherrorfor the fth “Lloyd”.

The methodwas also run on the Hudsondocument
(Figure (7)) and it ranked mostof the words correctly
on this document.As an example,we look at the word
“Standard”on whichthe EDM methoddid not rank cor-
rectly. The SLH methodproduceshecorrectrankingin-
spiteof thesigni cant distortionsin theword (seeFigure

(10)).

3.10.1 Recall-PrecisionResults

Indexing andretrieval techniquesnaybeevaluatedis-
ing recall and precision. Recallis de ned asthe “pro-
portion of relevantdocumentsactually retrieved” while
precisionis de ned asthe “proportion of retrieved doc-
umentsthatarerelevant” [31]. Figure3.10.1shows the
recall-precisiomesultsfor bothalgorithmsonthe Senior



Figure 10: Rankingsfor template“Standard”for the
SLH algorithm (the rankingsare orderedfrom left to
right andfrom top to bottom).

document. The two EDM graphsare for two different
valuesof the arearatio (1.22and1.3). Notice thatthey

do not differ signi cantly, thus shaving that the exact
valuesof the arearatio arenot signi cant. The average
precisionfor theEDM andSLH algorithmsontheSenior
documentre79.7% and86.3% respectrely. Notethat
SLH performssigni cantly betterthanEDM. Similarre-

sultsareobtainedwith the Hudsondocument.

Figurell: Recallprecisionresultsfor Seniordocument

4 Image Retrieval

Theindexing andretrieval of imagesusingtheir content
is a poorly understoodanddif cult problem. A person
usinganimageretrieval systemusuallyseekgo nd se-
manticinformation.For example,a persormaybelook-

ing for apictureof aleopardrom acertainviewpoint. Or
alternatvely, the usermay requirea pictureof Abraham
Lincoln from a particularviewpoint.

Retrieving semantidnformationusingimagecontent
is dif cult to do. The automaticsggmentatiorof anim-
ageinto objectsis a dif cult andunsohed problemin
computervision. However, mary imageattributeslike
color, texture,shapeand“appearanceéreoftendirectly
correlatedvith the semantic®f the problem.For exam-
ple,logosor productpackagege.g.,a box of Tide) have
the samecolor wherever they arefound. The coatof a
leopardhasa uniquetexture while AbrahamLincoln's
appearancés uniquelyde ned. Theseimageattributes
canoftenbeusedto index andretrieveimages.

The Centerhascarriedout pioneeringesearctin this
area. The Centerconductsresearchin both color based
imageretrieval seeandappearancbasedmageretrieval
(themethodsappliedto appearancbasedmageretrieval
may alsobe directly appliedto texture basedmagere-
trieval). We will now discussappearancbasedetrieval
(the readeris referredto [3] for discussionsaboutthe
colorbasedetrieval.

4.1 Retrieval by Appearance

Someattemptshave beenmadeto retrieve objectsusing
their shapd4, 24]. For example,the QBIC system[4],
developedby IBM, matchesbinary shapes.lIt requires
thatthe databasée sgmentednto objects.Sinceauto-
maticsegmentatioris anunsohedproblem thisrequires
the userto manuallyoutline the objectsin the database.
Clearlythisis notdesirableor practical.

Exceptfor certainspecialdomainsall methodshased
on shapearelikely to have the sameproblem. An ob-
ject's appearanceéependot only on its threedimen-
sionalshape but alsoon the objects albedo,the view-
point from which it is imagedand a numberof other
factors. It is non-trivial to separatahe differentfactors
constitutingan object's appearance For example, it is
usuallynot possibleto separaten objects threedimen-
sionalshapdrom the otherfactors.

The Centerhasovercomethis dif culty by develop-
ing methodsto retrieve objectsusing their appearance
[26, 27,19, 25]. The methodsinvolve nding objects
similar in appearanct an exampleobjectspeci ed by
thequery

To the bestof our knowledge, oursis the rst gen-
eral query by appearancémageretrieval system. Sys-
temshave beenbuilt to retrieve speci c objectdikefaces
(e.g.,[29])). However, thesesystemsequireanumberof
trainingexamplesandit is not clearwhetherthey canbe
generalizedo retrieve otherobjects.

Someof thesalientfeaturesf our systeminclude:

1. The ability to retrieve “similar” images.Thisis in
contrastwith techniqueswhich try to recover the
sameobject. In our system,a car usedasa query



will also retrieve other carsratherthan retrieving
only carsof aspeci ¢ model.

2. Theability to retrieve imagesembeddedn a back-
ground(seefor examplethecarsin Figure13which
appeamgainstvariousbackgrounds).

3. It doesnot requireary prior manualsegmentation
of thedatabase.

4. No trainingis required.
5. It canhandlearangeof variationsin size.

6. It canhandle3D viewpoint changesip to about20
to 25 dggrees.

The userconstructghe query by taking an example
picture,andmarkingregionswhich sheconsidersmpor-
tantaspect®f the object. Thequerymaybere ned later
dependingon the retrieval results. Considey for exam-
ple,the rst carshavnin Figure4.1. Theusermarksthe
region shown in the gure usinga mouse. Notice that
the region re ects the fact that wheelsare centralto a
car Theusers queryin this situationis to nd visually
similar objects(i.e., othercars)from a similar viewpoint
(wheretheviewpoint canvary upto 25 degreesfrom the
query).

The databaseémagesare Itered with derivatives of
Gaussiangat multiple scales Derivativesof the rst and
secondorderareused.Differentialinvariants(invariants
to 2D rotation)arecreatedisingthederivatives.[19, 25].
An invertedlist is constructedrom thesenvariants.The
invertedlist is indexedusingthe valueof eachinvariant.
Theentirecomputatiormaybe carriedout off-line.

Theon-linecomputatiorconsist®f calculatingnvari-
antsfor pointsin the query(whichis aregionin theim-
age). Pointswith similar invariantvaluesare now re-
coveredfrom the databasdy indexing on the invariant
values. The pointsobtainedby indexing mustalsosat-
isfy certainspatial constraints. That is, the valuesof
the invariantsat a pixel and at someof its neighbors
mustmatch. This ensuresghattheindexing schemepre-
senesthe spatiallayoutof objects.Pointswhich satisfy
this spatialrelationshipvote andthedatabasémagesare
rankedon thebasisof thisvote.

The schemedescribedabore works if the objectis
roughly the same size in the query and the image
databaseln practiceit is quite commonfor the objects
to be of differentsizesin a database.The variationin
sizeis handledby doinga searchover scalespace.That
is, thequeryis Itered with Gaussiarderivativesof dif-
ferentstandardieviations[14, 13, 12] andtheimagesi-
multaneouslywarped. This allows objectsover a range
of sizesto be matched26, 27].

Thequeryis outlinedby the userwith a mouseFigure
4.1. Figure 13 shows theresultsof a query Noticethat
a large numberof carswith white wheelshave beenre-
trieved. For moreexamplesse€[19, 25]. This retrieval

Figurel2: CarQueryfor retrieval by indexing

wasperformedon adatabasef 1600imagesakenfrom
the Internet,the Library of Congressandothersources.
The databaseconsistsof faces, monkeys, apes, cars,
dieselandsteamocomotivesandafew housesLighting
andcamergparameterarenotknown.

5 Conclusion

This paperhasdescribedthe multimediaindexing and
retrieval work beingdoneatthe Centerfor Intelligentin-
formation Retrieval. Work on systemsfor nding text
in imagesjndexing archival handwritterdocumentsnd
imageretrieval by contenthasbeendescribed.There-
searchdescribeds part of an on-goingresearcheffort
focusedon indexing andretrieving multimediainforma-
tion in asmary ways as possible. The work described
herehasmary applicationsprincipallyin thecreationof
thedigital librariesof thefuture.
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Figure13: Theresultsof thecarquery



