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Abstract
Thedigital librariesof thefuturewill includenotonly

(ASCII) text informationbut scannedpaperdocuments
aswell asstill photographsandvideos.There is, there-
fore, a needto index andretrieveinformationfromsuch
multi-mediacollections.TheCenterfor IntelligentInfor-
mationRetrieval (CIIR)hasanumberofprojectsto index
andretrievemulti-mediainformation.Theseinclude:

1. The extraction of text from images which may be
used both for �nding text zonesagainst general
backgroundsaswell as for indexing andretrieving
image information.

2. Indexing hand-written and poorly printed docu-
mentsusingimagematchingtechniques(word spot-
ting).

3. Indexing imagesusingtheir content.

1 Intr oduction

The digital librariesof the future will includenot only
(ASCII) text informationbut scannedpaperdocuments
aswell asstill photographsandvideos.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:Theconversionof scanned
documentsinto ASCII so that they can be in-
dexed using INQUERY (CIIR's text retrieval en-
gine).CurrentOpticalCharacterRecognitionTech-
nology (OCR) canconvert scannedtext to ASCII
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but is limited to goodcleanmachineprintedfonts
againstcleanbackgrounds.Handwrittentext, text
printedagainstshadedor texturedbackgroundsand
text embeddedin imagescannotberecognizedwell
(if it canbe recognizedat all) with existing OCR
technology. Many �nancial documents,for exam-
ple, print text againstshadedbackgroundsto pre-
ventcopying.

TheCenterhasdevelopedtechniquesto detecttext
in images. The detectedtext is then cleanedup
andbinarizedandrun througha commercialOCR.
Suchtechniquescanbeappliedto zoningtext found
againstgeneralbackgroundsaswell asfor indexing
andretrieving imagesusingtheassociatedtext.

2. Word Spotting: The indexing of hand-writtenand
poorly printed documentsusing image matching
techniques.Librarieshold vastcollectionsof orig-
inal handwrittenmanuscripts,many of which have
never beenpublished.Word Spottingcanbe used
to createindicesfor suchhandwrittenmanuscript
archives.

3. ImageRetrieval: Indexing imagesusingtheir con-
tent. The Centerhasalsodevelopedtechniquesto
index andretrieve imagesby colorandappearance.

2 Finding Text in Images

Most of the informationavailabletodayis eitheron pa-
per or in the form of still photographsandvideos. To
build digital libraries, this large volumeof information
needsto bedigitizedinto imagesandthe text converted
to ASCII for storage,retrieval, andeasymanipulation.
For example,video sequencesof eventssuchasa bas-
ketball gamecanbe annotatedand indexed by extract-
ing a player'snumber, nameandtheteamnamethatap-
pearontheplayer'suniform(Figure1(b,c)). Thismaybe
combinedwith methodsfor imageindexing andretrieval
basedon imagecontent(seesection3).

CurrentOCR technology[1, 20] is largely restricted
to �nding text printedagainstcleanbackgrounds,since
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Figure1: Thesystem,exampleinput image,andextractedtext. (a) Thetop level componentsof thetext detectionandextraction
system.Thepyramidof the input imageis shown as
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; (b) An exampleinput image;(c) Outputof thesystembefore
beingfed to theCharacterRecognitionmodule.

in thesecasesit is easyto binarizethe input imagesto
extract text (text binarization)before characterrecog-
nition begins. It cannot handle text printed against
shadedor texturedbackgrounds,nor text embeddedin
pictures. More sophisticatedtext readingsystemsusu-
ally employ pagesegmentationschemesto identify text
regions. Then an OCR module is appliedonly to the
text regionsto improve its performance.Someof these
schemes[32, 33,21,23] aretop-down approaches,some
arebottom-upmethods[7, 22], andothersarebasedon
texturesegmentationtechniquesin computervision [8].
However, the top-down andbottom-upapproachesusu-
ally requiretheinput imageto bebinaryandhaveaMan-
hattanlayout. Althoughtheapproachin [8] canin prin-
ciple be appliedto greyscaleimages,it was only used
on binary documentimages,and in addition, the text
binarizationproblemwas not addressed.In summary,
few working systemshave beenreportedthat can read
text from documentpageswith bothstructuredandnon-
structuredlayouts. A brief overview of a systemdevel-
opedat CIIR for constructinga completeautomatictext
readingsystemis presentedhere(for more detailssee
[34, 35]).

2.1 SystemOverview

Thesystemtakesadvantageof the following distinctive
characteristicsof text whichmakeit standout from other
imageinformation: (1) Text possessesa distinctive fre-
quency andorientationattributes;(2) Text shows spatial
cohesion— charactersof thesametext stringareof sim-
ilar heights,orientationandspacing.

The �rst characteristicsuggeststhat text may be
treatedas a distinctive texture, and thus be segmented
outusingtexturesegmentationtechniques.Thus,the�rst
phaseof oursystemis TextureSegmentationasshown in
Figure1(a). In the Chip Generationphase,strokesare
extractedfrom the segmentedtext regions. Using rea-

sonableheuristicson text stringsbasedon the second
characteristic,theextractedstrokesarethenprocessedto
form tight rectangularboundingboxesaroundthecorre-
spondingtext strings. To detecttext over a wide range
of font sizes,the above stepsareappliedto a pyramid
of imagesgeneratedfrom the input image,andthenthe
boxesformedateachresolutionlevel of thepyramidare
fusedat the original resolution. A Text Clean-upmod-
ule which removesthebackgroundandbinarizesthede-
tectedtext is appliedto extractthetext from theregions
enclosedby theboundingboxes. Finally, text bounding
boxesare re�ned (re-generated)by using the extracted
itemsas strokes. Thesenew boxesusuallyboundtext
stringsbetter. TheText Clean-upprocessis thencarried
outontheregionsboundedby thesenew boxesto extract
cleanertext, which can thenbe passedthrougha com-
mercialOCR enginefor recognitionif the text is of an
OCR-recognizablefont. The phasesof the systemare
discussedin thefollowing sections.

2.2 The Texture SegmentationModule

A standardapproachto texture segmentationis to �rst
�lter the image using a bank of linear �lters such as
Gaussianderivatives[11] or Gaborfunctions,followed
by somenon-lineartransformationsuchasa hyperbolic
function �
	���
�������� . Thenfeaturesarecomputedto form
a feature vector for each pixel from the �ltered im-
ages. Thesefeaturevectorsare then classi�ed to seg-
mentthetexturesinto differentclasses(for moredetails
see[34, 35]).

Figure2(a) shows a portion of an original input im-
agewith a varietyof textual informationto beextracted.
Thereis text on a cleandark background,text printed
on Stouffer boxes,Stouffer's trademarks(in script),and
a pictureof the food. Figure2(b) shows the �nal seg-
mentedtext regions.
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Figure2: Resultsof Texture SegmentationandChip Generation.(a) Portionof an input image;(b) The �nal segmentedtext
regions;(c) Extractedstrokes;(d) Text chipsmappedon theinput image.
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Figure3: Thescaleproblemandits solution. (a) Chipsgeneratedfor theinput imageat full resolution;(b) half resolution;(c)
�

�

resolution;(d) Chipsgeneratedatall threelevelsmappedontotheinput image.Scale-redundantchipsareremoved.

2.3 The Chip GenerationPhase

In practice,text mayoccurin imageswith complex back-
groundsandtexturepatterns,suchasfoliage,windows,
grassetc.Thus,somenon-text patternsmaypassthe�l-
ters and initially be misclassi�edas text (Figure2(b)).
Furthermore,segmentationaccuracy at texture bound-
aries is a well-known and dif�cult problemin texture
segmentation.Consequently, it is oftenthecasethattext
regionsareconnectedto otherregionswhichdo notcor-
respondto text, or onetext stringmight beconnectedto
anothertext string of a differentsizeor intensity. This
mightcauseproblemsfor laterprocessing.For example,
if two text stringswith signi�cantly different intensity
levelsarejoinedinto oneregion,oneintensitythreshold
mightnotseparatebothtext stringsfromthebackground.

Therefore,heuristicsneedto be employed to re�ne
thesegmentationresult.Sincethesegmentationprocess
usually�nds text regionswhile excludingmostof those
thatarenon-text, theseregionscanbeusedto directfur-
therprocessing(focusof attention). Furthermore,since
text is intendedto be readable,thereis usually a sig-
ni�cant contrastbetweenit and the background.Thus
contrastcanbe utilized �nding text. Also, it is usually
thecasethatcharactersin thesameword/phrase/sentence
areof thesamefont andhave similar heightsandinter-

characterspaces.Finally, it is obviousthatcharactersin a
horizontaltext stringarehorizontallyaligned.Therefore,
all theheuristicsaboveareincorporatedin theChipGen-
erationphasein a bottom-upfashion:signi�cant edges
form strokes(Figure2(c)); strokesfrom the segmented
regions are aggregatedto form chips correspondingto
text strings.Therectangularboundingboxesof thechips
are usedto indicatewherethe hypothesized(detected)
text stringsare(Figure2(d)). Thesestepsaredescribed
in detail in [34, 35].

2.4 A Solution to the ScaleProblem
The frequency channelsusedin the segmentationpro-
cesswork well to cover text over a certainrangeof font
sizes.Text from largerfont sizesis eithermissedor frag-
mented.Thisis calledthescaleproblem. Intuitively, the
largerthefont sizeof thetext, thelower thefrequency it
possesses.Thus,whenthe text font sizegetstoo large,
its frequency falls outsidethe channelsselectedin sec-
tion 2.2.

A pyramidapproach(Figure1(a))is usedto solve the
scaleproblem: a pyramidof the input imageis formed
andeachimagein thepyramidis processedasdescribed
in the previous sections.At the bottomof the pyramid
is theoriginal image;theimageateachlevel (otherthan
the bottom)hashalf of the resolutionasthat of the im-
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Figure4: BinarizationresultsbeforeandaftertheChipRe�nementstep.(a)Inputimage;(b) binarizationresultbeforere�nement;
(c) afterre�nement.



ageone level below. Text of smallerfont sizescanbe
detectedusingthe imageslower in the pyramid (Figure
3(a)),while text of largefont sizesis foundusingimages
higherin thepyramid(Figure3(c). Theboundingboxes
of detectedtext regionsateachlevel aremappedbackto
theoriginalinputimageandtheredundantboxesarethen
removedasshown in Figure3(d). Detailsarepresented
in [34, 35].

2.5 Text on ComplexBackgrounds
The previous sectionsdescribea systemwhich detects
text in imagesandputsboxesarounddetectedtext strings
in the input image. Sincetext may be printed against
complex imagebackgrounds,which currentOCR sys-
temscannothandlewell, it is desirableto have theback-
groundsremoved�rst. In addition,OCRsystemsrequire
that thetext mustbebinarizedbeforeactualrecognition
starts. In this system,the backgroundremoval andtext
binarizationis doneby applyinganalgorithmto thetext
boxesindividually insteadof trying to binarizetheinput
imageasawhole.Thisallowstheprocessto adaptto the
individual context of eachtext string. Thedetailsof the
algorithmarein [34, 35].

2.6 The Text Re�nement
Sometimesnon-text itemsareidenti�ed astext aswell.
In addition,theboundingboxesof thechipssometimes
donot tightly surroundthetext strings.Theconsequence
of theseproblemsis that non-text items may occur in
thebinarizedimage,producedby mappingtheextracted
itemsonto the original page. An exampleis shown in
Figure4(a,b).Thesenon-text itemsarenotdesirable.

However, by treatingthe extracteditems as strokes,
the Chip Re�nementmodulewhich is essentiallysim-
ilar to the chip Generationmodule but with stronger
constraints,can be appliedhere to eliminate the non-
text itemsandhenceform tighter text boundingboxes.
This can be achieved because(1) the clean-upproce-
dure is able to extract most characterswithout attach-
ing to nearbycharactersandnon-text items(Figure4(b)),
and(2) mostof thestrokesat thisstagearecomposedof
completeor almostcompletecharacters,asopposedto
theverticalconnectededgesof thecharactersin theini-
tial processing.Thus,it canbeexpectedthatthecorrect
text strokescomplymoreconsistentlywith theheuristics
usedin theearlyChipGenerationphase.Thesigni�cant
improvementis clearlyshown in 4c.

2.7 Experiments
Thesystemhasbeentestedover

���

imagesfrom a wide
varietyof sources:digitizedvideoframes,photographs,
newspapers,advertisementsin magazinesor sales�yers,
andpersonalchecks. Someof the imageshave regular
pagelayouts,othersdonot. It shouldbepointedout that
all the systemparametersremainthe samethroughout

the entiresetof test images,showing the robustnessof
thesystem.

Charactersandwords(asperceivedby oneof theau-
thors)werecountedin eachimageasgroundtruth. The
total numbersover the whole test setareshown in the
“TotalPerceived” columnin Table1. Thedetectedchar-
actersand words are thosewhich are completelyen-
closedby the boxesproducedafter the Chip ScaleFu-
sionstep. Thetotal numbersof detectedcharactersand
wordsovertheentiretestsetareshown in the“TotalDe-
tected”column. Charactersandwordsclearly readable
by apersonaftertheChipRe�nementandText Clean-up
steps(�nal extractedtext) arealsocountedfor eachim-
age,with the total numbersshown in the “Total Clean-
up” column. The column “Total OCRable”shows the
total numbersof cleaned-upcharactersand words that
appearto beof OCRrecognizablefonts in ��� of thebi-
narizedimages.Notethatonly thetext whichis horizon-
tally alignedis counted(skew angleof the text string is
lessthanroughly30degrees)1. The“TotalOCRed”col-
umnshowsthenumbersof charactersandwordsfromthe
“Total OCRable”setscorrectly recognizedby Caere's
commercialWordScanOCRengine.

Figure 5(a) is a portion of an original input image
whichhasnostructuredlayout.The�nal binarizationre-
sult is shown in (b) andthecorrespondingOCRoutputis
shown in (c). Noticethatmostof thetext is detected,and
mostof the text of machine-printedfonts arecorrectly
recognizedby theOCRengine.It shouldbepointedout
that the cleaned-upoutput looks �ne to a personin the
placeswheretheOCRerrorsoccurred.

3 Word Spotting: Indexing Handwritten
Archival Manuscripts

Therearemany historicalmanuscriptswritten in a sin-
gle hand which it would be useful to index. Exam-
ples include the W. B. DuBois collection at the Uni-
versity of Massachusetts,Margaret Sanger's collected
works at Smith College and the early Presidentialli-
brariesat the Library of Congress.Thesemanuscripts
are largely written in a singlehand. Suchmanuscripts
arevaluableresourcesfor scholarsaswell asotherswho
wish to consultthe original manuscriptsand consider-
able effort has gone into manually producing indices
for them. For example,a substantialcollectionof Mar-
garetSanger's work hasbeenrecentlyput on micro�lm
(seehttp://MEP.cla.sc.edu/Sanger/SangBase.HTM)with
anitemby itemindex. Theseindiceswerecreatedmanu-
ally. Theindexingschemedescribedherewill helpin the
automaticcreationandproductionof indicesandconcor-
dancesfor sucharchives.

Onesolutionis to useOpticalCharacterRecognition
(OCR)to convertscannedpaperdocumentsinto ASCII.

1Here, the focus is on �nding horizontal,linear text stringsonly.
Theissueof �nding text stringsof any orientationwill beaddressedin
futurework.



Table1: Summaryof the system's performance.��� imageswereusedfor detectionandclean-up.Out of these,35 binarized
imageswereusedfor theOCRprocess.

Total Total Total Total Total
Perceived Detected Clean-up OCRable OCRed

Char 21820 20788(95%) 91% 14703 12428(84%)
Word 4406 4139(93%) 86% 2981 2314(77%)

(a) (b) (c)

Figure5: Example1. (a)Original image(ads11);(b) Extractedtext; (c) TheOCRresultusingCaere's WordScanPlus4.0on b.

ExistingOCRtechnologyworkswell with standardma-
chineprintedfontsagainstcleanbackgrounds.It works
poorly if the originalsareof poor quality or if the text
is handwritten. Since Optical CharacterRecognition
(OCR)doesnotwork well onhandwriting,analternative
schemebasedon matchingtheimagesof thewordswas
proposedby us in [18, 17, 15] for indexing suchtexts.
Herea brief summaryof thework is presented.

Sincethedocumentis written by a singleperson,the
assumptionis that thevariationin theword imageswill
be small. The proposedsolutionwill �rst segmentthe
pageinto wordsandthenmatchtheactualword images
againsteachother to createequivalenceclasses.Each
equivalenceclasswill consistof multipleinstancesof the
sameword. Eachword will have a link to the pageit
camefrom. The numberof words in eachequivalence
classwill be tabulated. Thoseclasseswith the largest
numbersof wordswill probablybestopwords,i.e. con-
junctionssuchas“and” or articlessuchas“the”. Classes
containingstopwordsareeliminated(sincethey arenot
very usefulfor indexing). A list is madeof the remain-
ing classes.This list is orderedaccordingto the num-
berof wordscontainedin eachof theclasses.Theuser
providesASCII equivalentsfor a representative word in
eachof thetop m (saym = 2000)classes.Thewordsin
theseclassescannow beindexed.This techniquewill be
called“word spotting”asit is analogousto “word spot-
ting” in speechprocessing[9].

The proposedsolution completely avoids machine
recognitionof handwrittenwordsasthisis adif�cult task
[20]. Robustnessis achievedcomparedto OCRsystems
for two reasons:

1. Matchingis basedon entirewords. This is in con-
trast to conventional OCR systemswhich essen-
tially recognizecharactersratherthanwords.

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

Someof thematchingaspectsof theproblemaredis-
cussedhere(for a discussionof pagesegmentationinto
words,see[18]). Thematchingphaseof theproblemis
expectedtobethemostdif�cult partof theproblem.This
is becauseunlike machinefonts,thereis somevariation
in evena singleperson's handwriting. This variationis
dif�cult to model.Figure(6) shows two examplesof the
word“Llo yd” writtenby thesameperson.Thelastimage
is producedby XOR'ing thesetwo images.Thewhitear-
easin theXOR imageindicatewherethetwo versionsof
“Llo yd” differ. This result is not unusual. In fact, the
differencesaresometimesevenlarger.

Theperformanceof two differentmatchingtechniques
is discussedhere. The �rst, basedon Euclideandis-
tancemapping[2], assumesthat the deformationbe-
tweenwords can be modelledby a translation(shift).
Thesecond,basedonanalgorithmby ScottandLonguet
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Figure 6: Two examplesof the word “Llo yd” and the
XOR image

Higgins [28] modelsthe transformationbetweenwords
usinganaf�ne transform.

3.1 Prior Work
Thetraditionalapproachto indexing documentsinvolves
�rst converting them to ASCII and then using a text
basedretrieval engine[30]. Scanneddocumentsprinted
in standardmachinefontsagainstcleanbackgroundscan
be convertedinto ASCII usingan OCR [1]. However,
handwritingis muchmoredif�cult for OCRsto handle
becauseof the wide variability presentin handwriting
(notonly is therevariability betweenwriters,but agiven
person'swriting alsovaries).

Imagematchingof wordshasbeenusedto recognize
words in documentswhich usemachinefonts [5, 10].
Recognitionratesaremuchhigherthanwhenthe OCR
is used directly [10]. Machine fonts are simpler to
matchthanhandwrittenfontssincethevariationis much
smaller;multipleinstancesof agivenwordprintedin the
samefont are identical except for noise. In handwrit-
ing,however, multiple instancesof thesamewordonthe
samepageby thesamewriter show variations.The�rst
two picturesin Figure6 aretwo identicalwordsfrom the
samedocument,written by thesamewriter. It maythus
benecessaryto accountfor thesevariations.

3.2 Outline of Algorithm
1. A scannedgreylevel imageof the documentis ob-

tained.

2. Theimageis �rst reducedby half by gaussian�lter -
ing andsubsampling.

3. The reducedimageis thenbinarizedby threshold-
ing theimage.

4. Thebinaryimageis now segmentedintowords.this
is doneby a processof smoothingandthresholding
(see[18]).

5. A given word image(i.e. the imageof a word) is
usedasatemplate.andmatchedagainstall theother
word images. This is repeatedfor every word in
thedocument.Thematchingis donein two phases.
First, thenumberof wordsto bematchedis pruned
using the areasand aspectratios of the word im-
ages- theword to bematchedcannothave anarea

or aspectratio which is too differentfrom thetem-
plate. Next, the actualmatchingis doneby using
a matchingalgorithm. Two differentmatchingal-
gorithmsaretriedhere.Oneof themonly accounts
for translationshifts, while the otheraccountsfor
af�ne matches.Thematchingdividestheword im-
agesinto equivalenceclasses- eachclasspresum-
ablycontainingotherinstancesof thesameword.

6. Indexing is doneasfollows. For eachequivalence
class,thenumberof elementsin it is counted.The
top n equivalenceclassesarethendeterminedfrom
this list. The equivalenceclasseswith the highest
numberof words(elements)are likely to be stop-
words (i.e. conjunctionslike `and' , articles like
`the', andprepositionslike `of') andaretherefore
eliminatedfrom further consideration.Let us as-
sumethatof thetopn,m areleft afterthestopwords
have beeneliminated. The userthendisplaysone
memberof eachof thesem equivalenceclassesand
assignstheir ASCII interpretation.Thesem words
can now be indexed anywherethey appearin the
document.

We will now discussthematchingtechniquesin detail.

3.3 Determination of EquivalenceClasses
Thelist of wordsto bematchedis �rst prunedusingthe
areasandaspectratiosof theword images.Thepruned
list of wordsis thenmatchedusingamatchingalgorithm.

3.4 Pruning
It is assumedthat
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similar �ltering stepis performedusingaspectratios(ie.
thewidth/heightratio). It is assumedthat
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Thevalueof
�

usedin theexperimentsrangebetween1.4
and1.7. In boththeaboveequations,theexactfactorsare
not importantbut it shouldnot beso largeso that valid
wordsareomitted,nor sosmallso that too many words
arepassedontothematchingphase.Thepruningvalues
maybeautomaticallydeterminedby runningstatisticson
samplesof thedocument[15].

3.5 Matching
Thetemplateis thenmatchedagainstthe imageof each
word in theprunedlist. Thematchingfunctionmustsat-
isfy two criteria:



1. It mustproducea low matcherrorfor wordswhich
aresimilar to thetemplate.

2. It mustproduceahighmatcherrorfor wordswhich
aredissimilar.

Two matchingalgorithmshave beentried. The �rst
algorithm - EuclideanDistanceMapping (EDM) - as-
sumesthat no distortionshave occuredexceptfor rela-
tive translationandis fast.This algorithmusuallyranks
thematchedwordsin thecorrectorder(i.e. valid words
�rst, followed by invalid words)whenthe variationsin
words is not too large. Although, it returnsthe low-
est errorsfor wordswhich aresimilar to the template,
it alsoreturnslow errorsfor wordswhich aredissimilar
to thetemplate.Thesecondalgorithm[28],referredto as
SLH here,assumesanaf�ne transformationbetweenthe
words.It thuscompensatesfor someof thevariationsin
thewords.Thisalgorithmnotonly ranksthewordsin the
correctorderfor all examplestried so far, it alsoseems
to beableto betterdiscriminatebetweenvalid wordsand
invalid words.As currentlyimplementedtheSLH algo-
rithmismuchslowerthantheEDM algorithm(weexpect
to beableto speedit up).

3.6 UsingEuclideanDistanceMapping for
Matching

Thisapproachis similar to thatusedby [6] to matchma-
chinegeneratedfonts.A brief descriptionof themethod
follows(moredetailsareavailablefrom [18]).

Considertwo imagesto be matched.Therearethree
stepsin thematching:

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

Thealignmentis, therefore,expectedto beaccurate
in theverticaldirectionandnotasgoodin thehori-
zontaldirection.This is borneout in practice.

2. Next theXOR imageis computed.This is doneby
XOR'ing correspondingpixels(seeFigure6).

3. An Euclideandistancemapping[2] is computed
from the XOR imageby assigningto eachwhite
pixel in theimage,its minimumdistanceto a black
pixel. Thusa white pixel insidea blob is assigned
a larger distancethanan isolatedwhite pixel. An
error measure������� can now be computedby
addingup thedistancemeasuresfor eachpixel.

4. Although the approximatetranslation has been
computedusingstep1, thismaynotbeaccurateand
may needto be �ne-tuned. Thussteps(2) and(3)
arerepeatedwhile samplingthetranslationspacein
bothx andy. A minimumerrormeasure�

�����

�
	��

is computedoverall thetranslationsamples.

3.7 SLH Algorithm for Matching
TheEDM algorithmdoesnot discriminatewell between
goodandbadmatches.In addition,it fails whenthereis
signi�cant distortionin thewords.Thishappenswith the
writing of ErasmusHudson(Figure7). Thusa match-
ing algorithm which modelssomeof the variation is
needed. A secondmatchingalgorithm (SLH), which
modelsthe distortionasan af�ne transformations,was
thereforetried (notethat it is expectedthattherealvari-
ationis probablymuchmorecomplex). An af�ne trans-
form is a linear transformationbetweencoordinatesys-
tems.In two dimensions,it is describedby


�������
���� (3)

where � is a 2-D vectordescribingthe translation,� is
a 2 by 2 matrix which capturesthe deformation,


� and

 arethecoordinatesof correspondingpointsin thetwo
imagesbetweenwhichtheaf�ne transformationmustbe
recovered.An af�ne transformallows for the following
deformations- scalingin both directions,shearin both
directionsandrotation.

The algorithmchosenhereis oneproposedby Scott
andLonguet-Higgins[28] (see[16]). Thealgorithmre-
coversthe correspondencebetweentwo setsof pointsI
andJunderanaf�ne transform.

The setsI andJ arecreatedasfollows. Every white
pixel in the�rst imageis amemberof thesetI. Similarly,
every white pixel in the secondimageis a memberof
setJ. First, thecentroidsof thepoint setsarecomputed
and the origins of the coordinatesystemsis set at the
centroid. The SLH algorithmis thenusedto compute
thecorrespondencebetweenthepointsets.

Giventhe(above) correspondencebetweenpoint sets
I andJ, the af�ne transform ����� canbe determinedby
minimizing thefollowing leastmeansquarescriterion:
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�

and (

�

respectively.
Thevaluesarethenpluggedbackinto theaboveequa-

tion to computetheerror �-�.�/ . Theerror ���.�/ is an
estimateof how dissimilartwo wordsareandthewords
can,therefore,berankedaccordingto it.

It will be assumedthat the variationfor valid words
is not too large. This implies that if

�1020

and
�

*2*

are
considerablydifferentfrom 1, theword is probablynota
valid match.

Note:TheSLH algorithmassumesthatpruningonthe
basisof theareaandaspectratiothresholdsis performed.

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: Partof a pagefrom thecollectedpapersof theHudsonfamily



the DIMUND document server on the internet
http://documents.cfar.umd.edu/resources/database/
handwriting.database.htmlThis page will be referred
to as the Senior document. The handwriting on this
pageis fairly neat(see[18] for a picture). The second
pageis from an actualarchival collection- the Hudson
collection from the library of the University of Mas-
sachusetts(partof thepageis shown in Figure(7). This
pageis part of a letter written by JamesS. Gibbonsto
ErasmusDarwin Hudson.Thehandwritingon this page
is dif�cult to readandthe indexing techniquehelpedin
decipheringsomeof thewords.

The experimentswill show examples of how the
matchingtechniqueswork ona few words.For moreex-
amplesof theEDM techniquesee[18]. For moreexam-
plesusingtheSLH techniqueandcomparisonswith the
EDM techniquesee[16]. In general,the EDM method
ranksmostwordsin the Seniordocumentcorrectlybut
rankssomewordsin the Hudsondocumentincorrectly.
TheSLH techniqueperformswell onbothdocuments.

Both pagesweresegmentedinto words(see[18] for
details)The algorithm was then run on the segmented
words. In the following �gures, the �rst word shown
is the template.After the template,the otherwordsare
rankedaccordingto thematcherror. Note thatonly the
�rst few resultsof thematchingareshown althoughthe
templatehasbeenmatchedwith everyword on thepage.
Theareathreshold� waschosento be1.2andtheaspect
ratio threshold

�

waschosenas1.4. Thetranslationval-
uesweresampledto within �

�

pixelsin theX direction
and �

�

pixel in they direction.Experimentally, thisgave
thebestresults.

3.9 ResultsusingEuclideanDistance
Mapping

The EuclideanDistanceMappingalgorithmworks rea-
sonablywell on the Seniordocument. An exampleis
shown below.

In Figure(8), the templateis the word “Llo yd”. The
�gure shows that the four other instancesof “Llo yd”
presentin the documentare ranked beforeany of the
otherwords. As Table (2) shows, the matcherrorsfor
otherinstancesof “Llo yd” is lessthanthatfor any other
word. In thetable,the�rst columnis theTokennumber
(this is neededfor identi�cation purposes),the second
columnis a transcriptionof the word, the third column
showstheareain pixels,thefourthgivesthematcherror
andthelast two columnsspecifythetranslationin thex
andy directionsrespectively. Notethesigni�cant change
in areaof thewords.

The performanceon otherwordsin the Seniordocu-
mentis comparable(for otherexamplessee[18]). This
is becausethe pageis written fairly neatly. Theperfor-
manceof the methodis expectedto correlatewith the
quality of thehandwriting.Thiswasveri�ed by running
experimentson a pagefrom theHudsoncollection(Fig-
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Figure8: Ranked matchesfor template“Llo yd” using
the EDM algorithm(the rankingsareorderedfrom left
to right andfrom top to bottom).

ure7). Thehandwritingin theHudsoncollectionis dif�-
cult to readevenfor humanslookingatgrey-level images
at300dpi Thewriting showswidevariationsin size- for
example,theareaof theword “to” variesby asmuchas
100%! However, this largeavariationis notexpectedto
occurandis not seenwhenthe wordsarelarger. Since
humanshave dif�culty readingthis material,we do not
expect that 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-
stancesof “Standard”arewritten differently. The tem-
plate“Standard”hasa gapbetweenthe“t” andthe “a”.
This gapis not presentin thesecondexampleof “Stan-
dard”(this is moreclearlyvisible in Figure(10). A tech-
niqueto modelsomedistortionsis, therefore,necessary.
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Figure 9: Rankingsfor template“Standard”using the
EDM algorithm(therankingsare orderedfrom left to
right andfrom top to bottom).

3.10 ExperimentsUsing the SLH
Algorithm

The SLH algorithm handlesaf�ne distortionsand is,
thereforemorepowerful thentheEDM 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 0.92 -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 1.07 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 2.91

Table3: RankingsandMatchErrorsfor template“Llo yd” UsingSLH Algorithm.

thecurrentversionof theSLH algorithmis slow, theini-
tial matcheswereprunedusingtheEDM algorithmand
thentheSLH algorithmrunontheprunedsubset.

Experimentswere performedusing both the Senior
documentandtheHudsondocuments.A few examples
areshown here(for moredetailssee[16]). For the Se-
nior documentsthesamepruningratioswerechosenas
before.To accountfor thelargevariationsin theHudson
papers,theareathreshold� was�x edat 1.3 andtheas-
pectratiothresholdat1.7.Thevalueof � dependsonthe
expectedtranslation.Sinceit is small, �

���

% �

. A lower
valueof �

�

�

%

� yieldedpoorerresults.

Thematchesfor thetemplate“Llo yd” areshown in Ta-
ble (3). Thesuccesive columnsof thetable,tabulatethe
TokenNumber, thetranscriptionof theword, theareaof
theword image,thenumberof correspondingpointsre-
coveredby the SLH algorithm,the matcherror � �����

usingthe SLH algorithmandthe af�ne transform. The
entriesarerankedaccordingto thematcherror � �.�/ . If
eitherof

�
0 0

or
�

*2*

is lessthan0.8or greaterthan1/0.8,
thatwordis eliminatedfrom therankings.A comparison
with Table(2) shows that the rankingschange.This is

not only trueof theinvalid words(for examplethesixth
entryin Table(2) is “Maybe” while thesixthentryin Ta-
ble(3) is “lawyer” but is alsotrueof the“Llo yd”' s. Both
tablesrank instancesof “Llo yd” aheadof otherwords.
Thetechniquealsoshowsa muchgreaterdiscrimination
in matcherror - the matcherror for “lawyer” is almost
doublethematcherrorfor the�fth “Llo yd”.

The methodwas also run on the Hudsondocument
(Figure (7)) and it ranked most of the words correctly
on this document.As anexample,we look at theword
“Standard”on which theEDM methoddid not rankcor-
rectly. TheSLH methodproducesthecorrectrankingin-
spiteof thesigni�cant distortionsin theword(seeFigure
(10)).

3.10.1 Recall–PrecisionResults
Indexingandretrieval techniquesmaybeevaluatedus-

ing recall andprecision. Recall is de�ned asthe “pro-
portion of relevant documentsactuallyretrieved” while
precisionis de�ned asthe “proportionof retrieveddoc-
umentsthatarerelevant” [31]. Figure3.10.1shows the
recall–precisionresultsfor bothalgorithmsontheSenior
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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 thearearatio (1.22and1.3). Notice that they
do not differ signi�cantly, thus showing that the exact
valuesof the arearatio arenot signi�cant. Theaverage
precisionfor theEDM andSLH algorithmsontheSenior
documentare79.7% and86.3% respectively. Notethat
SLH performssigni�cantly betterthanEDM. Similarre-
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Figure11: Recallprecisionresultsfor Seniordocument

4 ImageRetrieval

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

ing for apictureof aleopardfromacertainviewpoint.Or
alternatively, theusermayrequirea pictureof Abraham
Lincoln from a particularviewpoint.

Retrieving semanticinformationusingimagecontent
is dif�cult to do. Theautomaticsegmentationof an im-
ageinto objectsis a dif�cult and unsolved problemin
computervision. However, many imageattributeslike
color, texture,shapeand“appearance”areoftendirectly
correlatedwith thesemanticsof theproblem.For exam-
ple, logosor productpackages(e.g.,a boxof Tide)have
the samecolor wherever they arefound. The coatof a
leopardhasa uniquetexture while AbrahamLincoln's
appearanceis uniquelyde�ned. Theseimageattributes
canoftenbeusedto index andretrieve images.

TheCenterhascarriedout pioneeringresearchin this
area.TheCenterconductsresearchin bothcolor based
imageretrieval seeandappearancebasedimageretrieval
(themethodsappliedto appearancebasedimageretrieval
may alsobe directly appliedto texture basedimagere-
trieval). We will now discussappearancebasedretrieval
(the readeris referredto [3] for discussionsabout the
colorbasedretrieval.

4.1 Retrieval by Appearance
Someattemptshave beenmadeto retrieve objectsusing
their shape[4, 24]. For example,the QBIC system[4],
developedby IBM, matchesbinary shapes.It requires
thatthedatabasebesegmentedinto objects.Sinceauto-
maticsegmentationis anunsolvedproblem,thisrequires
theuserto manuallyoutlinetheobjectsin thedatabase.
Clearlythis is notdesirableor practical.

Exceptfor certainspecialdomains,all methodsbased
on shapeare likely to have the sameproblem. An ob-
ject's appearancedependsnot only on its threedimen-
sionalshape,but alsoon the object's albedo,the view-
point from which it is imagedand a numberof other
factors. It is non-trivial to separatethe differentfactors
constitutingan object's appearance.For example,it is
usuallynot possibleto separateanobject's threedimen-
sionalshapefrom theotherfactors.

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

To the bestof our knowledge,ours is the �rst gen-
eral queryby appearanceimageretrieval system. Sys-
temshavebeenbuilt to retrievespeci�c objectslikefaces
(e.g.,[29])). However, thesesystemsrequireanumberof
trainingexamplesandit is not clearwhetherthey canbe
generalizedto retrieveotherobjects.

Someof thesalientfeaturesof oursysteminclude:

1. Theability to retrieve “similar” images.This is in
contrastwith techniqueswhich try to recover the
sameobject. In our system,a car usedasa query



will also retrieve other carsrather than retrieving
only carsof aspeci�c model.

2. Theability to retrieve imagesembeddedin a back-
ground(seefor examplethecarsin Figure13which
appearagainstvariousbackgrounds).

3. It doesnot requireany prior manualsegmentation
of thedatabase.

4. No trainingis required.

5. It canhandlea rangeof variationsin size.

6. It canhandle3D viewpoint changesup to about20
to 25degrees.

The userconstructsthe queryby taking an example
picture,andmarkingregionswhichsheconsidersimpor-
tantaspectsof theobject.Thequerymaybere�ned later
dependingon the retrieval results. Consider, for exam-
ple, the�rst carshown in Figure4.1.Theusermarksthe
region shown in the �gure usinga mouse. Notice that
the region re�ects the fact that wheelsare centralto a
car. Theuser's queryin this situationis to �nd visually
similarobjects(i.e.,othercars)from a similarviewpoint
(wheretheviewpointcanvaryup to 25degreesfrom the
query).

The databaseimagesare �ltered with derivatives of
Gaussiansat multiple scales.Derivativesof the�rst and
secondorderareused.Differentialinvariants(invariants
to 2Drotation)arecreatedusingthederivatives.[19,25].
An invertedlist is constructedfrom theseinvariants.The
invertedlist is indexedusingthevalueof eachinvariant.
Theentirecomputationmaybecarriedoutoff-line.

Theon-linecomputationconsistsof calculatinginvari-
antsfor pointsin thequery(which is a region in theim-
age). Pointswith similar invariant valuesare now re-
coveredfrom the databaseby 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 ensuresthat theindexing schemepre-
servesthespatiallayoutof objects.Pointswhich satisfy
thisspatialrelationshipvoteandthedatabaseimagesare
rankedon thebasisof thisvote.

The schemedescribedabove works if the object is
roughly the same size in the query and the image
database.In practiceit is quitecommonfor theobjects
to be of differentsizesin a database.The variation in
sizeis handledby doinga searchover scalespace.That
is, thequeryis �ltered with Gaussianderivativesof dif-
ferentstandarddeviations[14, 13,12] andtheimagesi-
multaneouslywarped.This allows objectsover a range
of sizesto bematched[26, 27].

Thequeryis outlinedby theuserwith a mouseFigure
4.1. Figure13 shows theresultsof a query. Noticethat
a largenumberof carswith white wheelshave beenre-
trieved. For moreexamples,see[19, 25]. This retrieval

Figure12: CarQueryfor retrieval by indexing

wasperformedonadatabaseof 1600imagestakenfrom
the Internet,theLibrary of Congressandothersources.
The databaseconsistsof faces,monkeys, apes,cars,
dieselandsteamlocomotivesandafew houses.Lighting
andcameraparametersarenotknown.

5 Conclusion

This paperhasdescribedthe multimediaindexing and
retrieval work beingdoneat theCenterfor IntelligentIn-
formationRetrieval. Work on systemsfor �nding text
in images,indexing archival handwrittendocumentsand
imageretrieval by contenthasbeendescribed.The re-
searchdescribedis part of an on-goingresearcheffort
focusedon indexing andretrieving multimediainforma-
tion in asmany waysaspossible. The work described
herehasmany applications,principally in thecreationof
thedigital librariesof thefuture.
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Figure13: Theresultsof thecarquery.


