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Abstract

Content-baseiinageretrieval is animportantareaof researchHere,a methodto characterizeisual
appearancéor determiningglobal similarity in imagesis described.Imagesarefiltered with Gaussian
derivativesandgeometricfeaturesarecomputedrom thefilteredimages.The geometricfeaturesused
herearecurvatureandphase.Two imagesmaybe saidto be similarif they have similar distributionsof
suchfeatures.Globalsimilarity may, therefore be deducedby comparinghistogramaof thesefeatures.
Thisallows for rapidretrieval. The systems performancen a databasef about1500grey-levelimages
andanotheratabasef 2000trademarkimagess shawvn. It is alsoshavn thatthe approachs scalable
andexamplesof queryresultson a databasef morethan63000trademarkmagesareprovided.

1 Introduction

The librariesof the future will beincreasinglydigital andwill needgoodtoolsto navigate,searchand
retrieve relevantinformation. While thereexist goodsearchenginesfor ASCII text, goodwaysof retriev-
ing imagesarestill not available. A traditionalapproacho indexing imagesis to manuallycreatetextual
annotationr keywordsfor eachimage. Theseannotationsnaybelater usedto retrieve images. Manual
annotatioris slow, laborintensve andexpensie. In addition,keywordscannotalwayscapturethe expres-
sivenesf animageor anticipatethedifferentpurposesnimagemaybe usedfor. Thereis thusa needfor
retrieving imagesusingtheir content.

Theindexing andretrieval of imagesusingtheir contentis a difficult problem.A personusinganimage
retrieval systemusually seeksto find semanticallyrelevant information. For example,a personmay be
looking for a pictureof aleopardfrom a certainviewpoint. Or alternatvely, the usermayrequirea picture
of AbrahamLincoln from a particularviewpoint. Sincethe automaticsggmentatiorof animageinto objects
is adifficult andunsohedproblemin computewision,inferring semantiénformationfrom imagecontents
difficult to do. However, mary imageattributeslik e color, texture,shapeand“appearanceareoftendirectly
correlatedwith the semantic®f the problem.For example,logosor productpackagege.g.,abox of Tide)
have the samecolor wherever they arefound. The coatof a leopardhasa uniquetexture while Abraham
Lincoln’s appearancés uniquelydefined. Theseimageattributescan often be usedto index andretrieve
images.
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Commercaindercooperatre agreemenbumberEEC-9209623in partby the United StatesPatentand Trademark©Office andthe
DefenseAdvancedResearciProjectsAgend/ITO underARPA ordernumberD468,issuedby ESC/AXScontracinumber=19628-
95-C-0235,n partby the National ScienceFoundationundergrantIRI-9619117andin partby NSF Multimedia CDA-9502639.
Any opinions,findings and conclusionsor recommendationsxpressedn this materialare the author(s)and do not necessarily
reflectthoseof thesponsors.



In this paper visual appearancé usedto retrieve imagesfrom databasevhich are similar to a query
image.Thevisualappearancef animageis characterizetiereusingtheshapeof theintensitysurface.The
imagesarefilteredwith Gaussiamerivatvesandgeometrideaturesarecomputedrom thefilteredimages.
The geometricfeaturesusedhereare the imageshapeindex (which is a ratio of cunaturesof the three
dimensionalntensitysurface)andthelocal orientationof the gradient. Two imagesaresaidto be similar if
they have similar distributionsof suchfeaturesTheimagesare,thereforeranked by comparinghistograms
of thesefeatures.The methodis demonstratedvith a databasef about1500grey levelsimagesof objects
suchascars,facesapesandothermiscellaneousbjectsanda seconddatabasef about2000images.It is
thenshawn thatthetechniquemay be scaledto retrieve a databasef about63000trademarkimagesfrom
the US PatentandTrademarlkOffice.

Therestof the paperis organizedasfollows. Section2 providessomebackgroundntheimageretrieval
areaaswell asontheappearancmatchingframeavork usedin this paper Section3 suneys relatedwork in
theliterature.In section4, the notion of appearances developedfurtherandcharacterizedisingGaussian
derivative filters andthe derived globalrepresentatiois discussedSection5 shavs how therepresentation
may be scaledto retrieve imagesfrom a databasef about63,000trademarkimages. A discussionand
conclusionfollows in Section6.

2 Motivation and Background

The differentimageattributeslike color, texture, shapeandappearanchave all beenusedin a variety
of systemdor retrieving imagessimilar to a queryimage(see3 for areview). Systemdike QBIC [5] and
Virage[4] allow usersto combinecolor, texture andshapeto retrieve a databas®f generalimages.One
weaknessf suchasystems thatattributeslik e color do nothave directsemanticorrelatesvhenappliedto
adatabasef generaimages.For example,saya pictureof aredandgreenparrotis usedto retrieve images
basedon their similarity in color with it. Theretrievals mayincludeotherparrotsandbirdsaswell asred
flowerswith greenstemsandotherimages. While this is a reasonableesultwhenviewed asa matching
problem,clearlyit is not a reasonableesultfor aretrieval system.The problemarisesbecause&olor does
not have a goodcorrelationwith semanticsvhenusedwith generaimages.However, if the domainor set
of imagesis restrictedto sayflowers,thencolor hasa direct semanticcorrelateandis usefulfor retrieval
(see[2] for anexample).

Someattemptshave beenmadeto retrieve objectsusingtheir shape[5, 21]. For example,the QBIC
system[5], developedby IBM, matcheshinary shapes.It requiresthat the databasée segmentedinto
objects.Sinceautomaticsggmentatioris anunsohed problem this requiregheuserto manuallyoutlinethe
objectsin thedatabaseClearlythisis notdesirableor practical.

Exceptfor certainspecialdomainsall methodshasedon shapearelikely to have the sameproblem.An
objects appearancdependsot only on its threedimensionakhape put alsoon the objects albedo,the
viewpoint from which it is imagedanda numberof otherfactors. It is non-trivial to separatehe differ-
ent factorsconstitutingan objects appearancandit is usually not possibleto separaten objects three
dimensionakhapefrom the otherfactors. For example,the faceof a personhasa uniqueappearancéat
cannotjust be characterizety the geometricshapeof the 'componentparts’. In this papera characteriza-
tion of the shapeof theintensitysurfaceof imagedobjectsis usedfor retrieval. The experimentsonducted
shaw thatretrieved objectshave similar visualappearanceandhenceforthan associatioris madebetween
'appearanceandthe shapeof theintensitysurface.

Similarity canbe computedusingeitherlocal or globalmethods.In local similarity, a partof the query
is usedto matcha partof a databasémageor images.Oneapproacto computinglocal similarity [17] is
to have the useroutline the salientportionsof the query(eg. the wheelsof a car or the faceof a person)
andmatchthe outlinedportion of the querywith partsof imagesin the databaseAlthough, the technique
workswell in extractingrelevant portionsof objectsembeddedgainstbackgroundst is slow. The slow
speedstemsrom thefactthatthe systemmustnot only answetthe questiorTis thisimagesimilar” but also



thequestiom'which partof theimageis relevant”.

This paperfocuseson arepresentatiofor computingglobalsimilarity. Thatis, thetaskis to find images
that,asawhole,appeawisually similar. The utility of globalsimilarity retrieval is evident,for example,in
finding similar scene®r similarfacesin afacedatabaseGlobalsimilarity alsoworkswell whenthe object
in gquestionconstitutesa significantportion of theimage. The usefulnes®f therepresentatiom retrieving
imageswith goodprecisionis demonstratedsinga databasef about1500imagesof faces apescarsand
othermiscellaneousbjectsandwith anotherdatabasef about2000imagesof trademarks.

2.1 Appearancebased retrieval

The imageintensity surfaceis robustly characterizedising featuresobtainedfrom response$o multi-
scaleGaussiarderivative filters. Koenderinl{13] andothers[6] have amguedthatthelocal structureof an
imagecanbe representedby the outputsof a setof Gaussiarderivative filters appliedto animage. That
is, imagesarefiltered with Gaussiarderiatives at several scalesandthe resultingresponse/ectorlocally
describeghe structureof the intensity surface. By computingfeaturesderived from the local response
vectorandaccumulatinghemover theimage,robust representationappropriateo queryingimagesasa
whole (global similarity) can be generated.One suchrepresentatiomseshistogramsof featuresderived
from the multi-scaleGaussiarderivatives. Histogramsform a global representatiofecausehey capture
the distribution of local featureg(A histogramis oneof the simplestwaysof estimatinga non parametric
distribution). This globalrepresentationanbe efficiently usedfor globalsimilarity retrieval by appearance
andretrieval is very fast.

Thechoiceof featureoftendetermineiow well theimageretrieval systemperforms.Herethetaskis to
robustly characteriz¢he 3-dimensionaintensitysurface.A 3-dimensionasurfaceis uniquelydeterminedf
thelocal cunaturesverywhereareknownn. Thus,it is appropriatehatoneof thefeaturedelocal cunature.
The principal cunaturesof theintensitysurfaceareinvariantto imageplanerotations monotonicintensity
variationsandfurther theirratiosarein principleinsensitve to scalevariationsof theentireimage.However,
spatialorientationinformationis lost whenconstructinghistogramsof cunature (or ratiosthereof)alone.
Thereforewe augmenthelocal cunaturewith local phaseandthe representationseshistogramsf local
cunatureandphase.

Local principal curvaturesandphasearecomputedat several scaledrom responseto multi-scaleGaus-
sianderiative filters. Thenhistogramsf the curnvatureratios [12, 3] andphasearegeneratedThus,the
imageis representedy a singlevector(multi-scalehistograms) During run-timethe userpresentsan ex-
ampleimageasa queryandthe query histogramsare comparedwith the onesstored,andthe imagesare
thenranked anddisplayedn orderto theuser
2.2 Thechoice of domain

Therearetwo issuedn building a contentbasedmageretrieval system.Thefirst issueis technological,
thatis, the developmentof new techniquedor searchingmagesbasedon their content. The secondssue
is useror taskrelated,in the senseof whetherthe systemsatisfiesa userneed.While a numberof content
basedetrieval systemsave beenbuilt ([5, 4]), it is uncleawhatthe purposenf suchsystemss andwhether
peoplewould actuallysearchin thefashiondescribed.

In this paperwe describehow the techniquegdescribedcheremay be scaledto retrieve imagesfrom a
databasef about63000trademarkmagesprovided by the US PatentandTrademarlOffice. This database
consistf all (atthetime the databasevasprovided) theregisteredrademarksn the United Stateswvhich
consistonly of designs(i.e. thereare no wordsin them). Trademarkimagesare a good domainwith
whichto testimageretrieval. First, thereis anexisting userneed:trademarlexaminersdo have to checkfor
trademarlconflictsbasednvisualappearancel hatis, atsomestagethey arerequiredo look attheimages
andcheckwhetherthe trademarkis similar to an existing one. Secondtrademarkmagesmay consistof
simplegeometricdesigns picturesof animalsor even complicateddesigns.Thus,they provide atest-bed
for imageretrieval algorithms. Third, thereis text associatedavith every trademarkandthe associatedext



maybeusedn anumberof ways.Oneof theproblemswith mary imageretrieval systemss thatit is unclear
wherethe exampleor queryimagewill comefrom. In this paper the associatedext is usedto provide an

exampleor queryimage. In future paperswe will explorehow text andimagesearchesnay be combined
to build more sophisticatedsystems.Using trademarkimagesdoeshave somelimitations. First, we are

restrictedo binaryimageqalbeitlarge ones).As shavn laterin the paperthis doesnot createary problems
for the algorithmsdescribechere. Secondjn somecaseghe useof abstracimagesmakesthe taskmore

difficult. Othershave attemptedo getaroundit by restrictingthe trademarkimagesto geometricdesigns
[8].

3 Related Work

Several authorshave tried to characterizeéhe appearancef an objectvia a descriptionof the intensity
surface. In the context of objectrecognition[20] representhe appearancef anobjectusinga parametric
eigenspacedescription.This spaces constructedy treatingthe imageasa fixed lengthvector andthen
computingtheprincipalcomponentacrossheentiredatabaseTheimageghereforehave to be sizeandin-
tensitynormalized segmentedandtrained. Similarly, usingprincipalcomponentepresentationdescribed
in [10] facerecognitionis performedin [25]. In [23] the traditionaleigenrepresentatiois augmentedy
usingmostdiscriminantfeaturesandis appliedto imageretrieval. The authorsapply eigenrepresentation
to retrieval of severalclasse®f objects. Theissue howvever, is thattheseclassesaremanuallydetermined
andtrainingmustbe performedon each.Theapproactpresentedh this papelis differentfrom all theabove
becauseigendecompositionsrenot usedat all to characterizeppearance-urther the methodpresented
usesno learningand,doesnot requireconstansizedimages.It shouldbe notedthatalthoughlearningsig-
nificantly helpsin suchapplicationsaasfacerecognition however, it maynot befeasiblein mary instances
wheresuficient examplesarenot available. This systemis designedo be appliedto awide classof images
andthereis norestrictionperse.

In earlierwork we shavedthatlocal featurescomputedusingGaussiarderivative filters canbe usedfor
local similarity, i.e. to retrieve partsof imageq17]. Herewe arguethatglobalsimilarity canbe determined
by computingocalfeaturesandcomparingistributionsof thesdeatures Thistechniquegivesgoodresults,
andis reasonablyolerantto view variations.SchieleandCrowley [22] usedsuchatechniqudor recognizing
objectsusinggrey-level images.Their techniqueusedthe outputsof Gaussiarderivativesaslocal features.
A multi-dimensionahistogranof thesdocalfeaturess thencomputed.Two imagesareconsideredo be of
thesameobjectif they hadsimilar histogramsThedifferencebetweerthis approactandtheonepresented
by Schieleand Crowley is that herewe uselD histogramgqasopposedo multi-dimensionalandfurther
usethe principalcurvaturesasthe primaryfeature.

The useof Gaussiarderiative filters to represenippearance motivatedby their usein describingthe
spatialstructure[13] andits uniquenesin representinghe scalespaceof a function[14, 11, 27, 24] The
invariancepropertieof the principalcunaturesarewell documentedh [6]. Nastar{19], hasindependently
usedtheimageshapendex to computesimilarity betweerimages.However, in his work curvatureswere
computednly atasinglescale.Thisis insuficient.

In thecontet of globalsimilarity retrieval it shouldbenotedthatrepresentationgsingmomentinvariants
have beenwell studied[18]. In thesemethodgylobalrepresentationf appearancenayinvolve computing
a few numbersover the entireimage. Two imagesarethenconsideredimilar if thesenumbersareclose
to eachother(sayusinganL2 norm). We aguethatsuchrepresentationarenot ableto really capturethe
“appearancedf animage,particularlyin the context of trademarkretrieval wheremomentinvariantsare
widely used. In otherwork [17] we comparednomentinvariantswith the techniquepresentedhereand
foundthatmomentinvariantswork bestfor a single binary shapewithout holesin it, and,in general fare
worsethanthe methodpresentedhere. Jainand Vailaya[9] usededgeanglesand invariant momentsto
prunetrademarkcollectionsandthenusetemplatematchingto find similarity within the prunedset. Their
database&vaslimited to 1100images.



Texturebasedmageretrieval is alsorelatedto the appearancbasedwvork presentedh this paper Using
Wold modeling,in [15] the authorstry to classifythe entire Brodatztexture andin [7] attemptto classify
scenessuchascity andcountry Of particularinterestis work by [16] who useGaborfilters to retrieve
texturesimilarimages.

The earliestgeneralimageretrieval systemswveredesignedy [5, 21]. In [5] the shapequeriesrequire
prior manualsegmentatiorof the databasevhichis undesirabl@ndnot practicalfor mostapplications.

4 Global representation of appearance

Threestepsareinvolvedin orderto computingglobalsimilarity. First, local derivativesarecomputecdat
sev/eral scales.Secondderivative responsearecombinedto generatdocal featuresnamely the principal
cunaturesand phaseand, their histogramsare generated.Third, the 1D cunatureand phasehistograms
generatedt severalscalesarematched Thesestepsaredescribedext.

A. Computing local derivatives:. Computingderiativesusingfinite differencesdoesnot guaranteesta-
bility of derivatives. In orderto computederiativesstably theimagemustbe regularized,or smoothecr
band-limited.A Gaussiadilteredimagel, = I x G obtainedby convolving theimagel with anormalized
GaussiarG(r, o) is a band-limitedfunction. Its high frequeng componentareeliminatedanddervatives
will be stable.In fact,it hasbeenamguedby Koenderinkandvan Doorn[13] andothers[6] thatthe local
structureof animagel ata givenscalecanberepresentedy filtering it with Gaussiarderivative filters (in
thesensef a Taylor expansion) andthey termit the N-jet.

However, the shapeof the smoothedntensitysuriacedepend®n the scaleat which it is obsered. For
example,at a small scalethe texture of an apes coatwill bevisible. At a large enoughscale,the apes
coatwill appeathomogeneousA descriptionatjustonescaleis likely to give riseto mary accidentamis-
matchesThusit is desirableto provide a descriptionof theimageover a numberof scalesthatis, a scale
spacedescriptionof theimage. It hasbeenshavn by severalauthorg14, 11, 27, 24, 6], thatundercertain
generakonstraintsthe Gaussiariilter formsa uniquechoicefor generatingscale-spacelhuslocal spatial
derivativesarecomputecdat severalscales.

B. FeatureHistograms. Thenormalandtangentiaturvaturesof a3-D surface(X,Y,Intensity)aredefined
as[6]:

Npo) — | Bt Bl = 2Ll Loy |
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(Ig + Ig) :

T (p,o) = (p,0)

Wherel, (p, o) andl, (p, o) arethelocal dervativesof Imagel aroundpoint p usingGaussiarderiative
atscaleo. Similarly I, (+,+), Iy (+,+), andIy, (-, -) arethecorrespondingecondderivatives. Thenormal
cunature N andtangentiakurvatureT” arethencombined12] to generatex shapandex asfollows:

C (p,o) = atan [% i_ ;] (p,o)

The index valueC is 5 when N = T andis undefinedwheneither N andT" are both zero, andis,
therefore not computed.This is interestingoecausevery flat portionsof animage(or oneswith constant
ramp)areeliminated. For examplein Figure2(middle-rav), the backgroundn mostof thesefaceimages
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doesnot contrikute to the curvaturehistogram.The cunatureindex or shapendex is rescaledandshifted
to therange|0, 1] asis donein [3]. A histogramis thencomputeddf the valid index valuesover anentire
image.

Thesecondeatureuseds phase Thephasés simply definedasP (p, o) = atan2 (I, (p, o) , I (p, 0)).
Notethat P is definedonly atthoselocationswhereC is andignoredelsavhere.As with thecurvatureindex
P isrescaledandshiftedto lie betweertheintenal [0, 1].

At different scalesdifferent local structuresare obsered and, therefore, multi-scale histogramsare
a more robust representation. Consequentlya featurevector is definedfor an image I as the vector
Vi=(Hc(01)...H(on),Hp(01) ... H,(0,)) WhereH, andH, arethe cunatureandphasehistograms
respectiely. We foundthatusing5 scalesgivesgoodresultsandthe scalesarel - - - 4 in stepsof half an
octave.

C. Matching feature histograms.  Two featurevectorsarecomparedisingnormalizedcross-cgariance
definedas

(m) (m)
Vi -,

S VT

WhereVi(m) = V; — mean(V;).

Retrieval is carriedout asfollows. A queryimageis selectedand the query histogramvector V; is
correlatedwith the databaséistogranvectorsV; usingtheabove formula. Thentheimagesareranked by
their correlationscoreanddisplayedto the user In this implementationandfor evaluationpurposesthe
ranksarecomputedn adwance sinceevery queryimageis alsoadatabasémage.

4.1 Experiments

The cunature-phasenethodis testedusingtwo databasesThe first is a trademarkdatabasef 2048
imagesobtainedfrom the US Patentand TrademarkOffice (PTO). Theimagesobtainedfrom the PTO are
large, binaryandareconvertedto gray-level andreducedor theexperiments.The seconddatabasés a col-
lectionof 1561assortedyray-lesel images.This databaséasdigitizedimagesof cars,steamocomotives,
diesellocomoties, apes faces peopleembeddedn differentbackground(sanda small numberof other
miscellaneousbjectssuchashouses.Theseimageswereobtainedfrom the Internetandthe Corel photo-
cd collection and were taken with several differentcamerasof unknavn parametersand undervarying
uncontrolledighting andviewing geometry

In thefollowing experimentsanimageis selectecandsubmittedasa query The objective of this query
is statedandtherelevantimagesaredecidedn adwance.Thentheretrieval instancegregaugedagainsthe
statedobjective. In general objectivesof the form 'extractimagessimilar in appearance the query’ will
be posedto the retrieval algorithm. A measureof the performanceof the retrieval enginecanbe obtained
by examiningthe recall/precisiortablefor several queries.Briefly, recallis the proportionof the relevant
materialactuallyretrieved andprecisionis the proportionof retrieved materialthatis relevant[26]. It is a
standardvidely usedin theinformationretrieval communityandis onethatis adoptechere.

Querieswveresubmitteceachto thetrademarkandassortedmagecollectionfor the purposeof computing
recall/precision.The judgmentof relevanceis qualitatve. For eachqueryin both databasethe relevant
imagesweredecidedn adwvance.Thesewererestrictedo 48. Thetop 48 rankswerethenexaminedio check
the proportionof retrieved imagesthat wererelevant. All imagesnot retrieved within 48 wereassigneda
rank equalto the sizeof the databaseThatis, they arenot consideredetrieved. Theserankswereusedto
interpolateand extrapolateprecisionat all recall points. In the caseof assortedmagesrelevanceis easier
to determineandmoresimilar for differentpeople.However in the trademarkcaseit canbe quite difficult
andthereforetherecall-precisiorcanbe subjectto someerror Therecall/precisiomesultsaresummarized
in Table1 andbothdatabaseareindividually discussedbelow.



Figure2: Imageretrieval usingCurvatureandPhase

Figurel shaws the performanceof the algorithmon the trademarkimages.Eachstrip depictsthe top 8
retrievals, giventheleftmostasthe query Most of the shapesiave roughlythe samestructureasthequery
Notethat,outlineandsolid figuresaretreatedsimilarly (seerows oneandtwo in Figurel). Six querieswvere
submittedfor the purposeof computingrecall-precisionn Tablel.

Experimentsare also carried out with assortedgray level images. Six queriessubmittedfor recall-
precisionareshavn in Figure2. Theleft mostimagein eachrow is thequeryandis alsothefirst retrieved.
The restfrom-left to right are seven retrievals depictedin rank order Note that, flat portionsof the back-



Tablel: Precisiomat standardecallpointsfor six Queries
Recall| 0O 10 | 20 | 30 | 40 | 50 | 60 | 70 | 80 | 90 | 100
Precision(trademarl@o | 100 | 93.2| 93.2| 85.2| 76.3| 74.5| 59.5| 45.5| 27.2| 9.0 | 9.0
Precision(assorted | 100| 92.6| 90.0| 88.3| 87.0| 86.8| 83.8| 65.9| 21.3| 12.0| 1.4

average(trademark)) 61.1%
average(assorted) 66.3%

groundare never consideredecausehe principal cunvaturesare very closeto zeroandthereforedo not
contritute to the final score. Thus,for example,the flat backgroundn Figure 2(secondow) is not used.
Notice that visually similar imagesareretrieved even whenthereis somechangen the backgroundrow
1). Thisis becausé¢he dominantobjectcontritutesmostto the histograms.In usinga singlescalepoorer
resultsareachiered andbackgroundaffectstheresultsmoresignificantly

The resultsof theseexamplesare discussedelav, with the precisionover all recall pointsdepictedin
parenthesed:or comparisorthe besttext retrieval engineshave anaverageprecisionof 50%:

1. Find similar cars(65%). Picturesof carsviewed from similar orientationsappearin the top ranks
becausef the contritution of the phasehistogram. This resultalso shavs that somebackground
variationcanbetolerated.Theeighthretrieval althougha caris a mismatchandis not considered.

2. Findsameface(87.4%andfind similarfaces:In thefacequerythe objective is to find the sameface.
In experimentswith a University of Bernfacedatabasef 300faceswith a10relevantfaceseachthe
averageprecisionover all recallpointsfor all 300queriesvas78%. It shouldbenotedthatthesystem
presentedhereworkswell for faceswith thesamerepresentatioandparametersisedfor all theother
databasesThereis no specific‘tuning” or learninginvolvedto retrieve faces.Thequery“find similar
faces’resultedn a100%precisionat 48 ranksbecaus¢herearefar morefaceghan48. Thereforejt
washotusedin thefinal precisioncomputation.

3. Finddarktexturedapeq64.2%).Theapequeryresultsn severalotherlight texturedapesandcountry
scenesvith similartexture. Althoughthesearenot mis-matcheshey arenotconsistentith theintent
of thequerywhichis to find darktexturedapes.

4. Find otherpatasmonleys. (47.1%)Herethereare16 patasmonkeysin all and9 within a smallview
variation.However, herethewholeimageis beingmatchedsothe numberof relevantpatasmonkeys
is 16. The precisionis low because¢he methodcannotdistinguishbetweenlight and dark textures,
leadingto irrelevantimages.Note, thatit finds otherapesdarktexturedones,but thosearedeemed
irrelevantwith respecto thequery

5. Givenawall with a CocaColalogo find otherCocaColaimageg63.8%).This queryclearlydepicts
thelimitation of globalmatching.Althoughall threedatabas@nageshathada certaintexture of the
wall (alsohadCocaColalogos)wereretrieved (100%precision),two othervery dissimilarimages
with coca-coldogoswerenot.

6. Scenewith Bill Clinton (72.8%). Theretrieval in this caseresultsin several mismatchesHowever,
threeof thefour areretrievedin successiomatthetop andthe scenesppeawisually similar.

While the queriespresentedherearenot “optimal” with respecto the designconstraintof global sim-
ilarity retrieval, they are however, realisticqueriesthat canbe posedto the system. Mismatchesanand
do occur Thefirst is the casewherethe global appearances very different. The CocaColaretrieval is a
goodexampleof this. Secondmismatcheganoccurat the algorithmiclevel. Histogramscoarselyrepre-
sentspatialinformationandthereforewill admitimageswith non-trivial deformationsTherecall/precision



presentedherecomparesvell with text retrieval. Thetime perretrieval is of the orderof milli-seconds.In
thenext sectionwe discusghe applicationof the presentedechniqueo a databasef 63000images.

5 Trademark Retrieval

The systemindexes 63,718trademarkdrom the US Patentand Trademarkoffice in the designonly
catgyory. Thesetrademarksarebinary images.In addition,associatedext consistsof a designcodethat
designatethetypeof trademarkthe goodsandservicesassociatevith thetrademarka serialnumberand
ashortdescriptie text.

The systemfor browsing andretrieving trademarkss illustratedin Figure3. The netscape/Ja user
interfacehastwo search-ablparts.Ontheleft a panelis includedto initiate searchusingtext. Any or all of
thefieldscanbeusedto enteraquery In thisexample thetext “Merriam Webster'is enterecandall images
associateavith it areretrieved usingthe Inquery[1] text searchengine. The usercanthenuseary of the
examplepicturesto searchfor imagesthataresimilar. In the specificexampleshavn, The secondmageis
selectecandretrieved resultsaredisplayedon the right panel. The usercanthencontinueto searchusing
ary of thedisplayedicturesasthequery

In this sectionwe adaptthe cunvature/phaséistogramsto retrieve visually similar trademarks. The
following stepsareperformedo retrieve images.

Preprocessing: Eachbinary imagein the databases first size normalized,by clipping. Thenthey are
convertedto gray-scaleandreducedn size.

Computation of Histograms: Eachprocessedmageis dividedinto four equalrectangularegions. This
is differentthanconstructinga histogrambasecdon pixels of the entireimage. This is becausén scalingthe
imagedo alarge collection,we foundthatthe addeddegreeof spatialresolutionsignificantlyimprovesthe
retrieval performanceThe curvatureandphasehistogramsrecomputedor eacltile atthreescaleq1,4,8).
A histogranmdescriptotof theimageis obtainedoy concatenatingll theindividual histogramsacrossscales
andregions.

Thesewo stepsareconductedff-line.

Execution: Theimagesearchsener begginsby loadingall the histogramsnto memory Thenit waitsona
portfor aquery A CGlI clienttransmitsthe queryto the sener. Its histogramsarematchedwith theonesin
thedatabaseThematchscoresareranked andthetop N requestedetrievalsarereturned.

5.1 Examples

In Figure 3, theusertypedin MerriamWebsterin thetext window. The systemsearchegor trademarks
which have eitherMerriamor Websteiin th associatetext anddisplaysthem. Here thefirst two trademarks
(first two imagesin the left window) belongto Merriam Webster In this example,the userhaschoserto
‘click’ the secondmageandsearchor imagesof similartrademarksThis searchis basedentirelyonthe
imageandtheresultsaredisplayedn theright window in rankorder Retrieval takesa few secondsndis
doneby comparinghistogramf all 63,718trademark®nthefly.

Theoriginalimageis returnedasthefirst result(asit shouldbe). Theimagesn positions2,3and5 in the
secondvindow all containcirclesinsidesquaresandthis configurationis similar to thatof the query Most
of the otherimagesareof objectscontainednsidea roughly squarebox andthis is reasonableonsidering
thatsimilarity is definedon the basisof theentireimageratherthana partof theimage.

Thesecondxampleis shavn in Figure4. Heretheuserhastypedin theword Apple. Thesystenreturns
trademarksassociatedvith the word Apple. The userqueriesusing Apple computers logo (the imagein
the secondrow, first columnof the first window). Imagesretrieved in responseo this query are shavn
in the right window. The first eight retrievals are all copiesof Apple Computers trademark(Apple used
the sametrademarkfor a numberof othergoodsandso thereare multiple copiesof the trademarkin the

9



Figure3: Retrieval in response¢o a“Merriam Webster'query

database)Trademarks®iumberd and10look remarkablysimilarto Apple’strademarkThey areconsidered
valid trademarksecausehey areusedfor goodsandservicesin areasotherthancomputers.Trademark
13is anotherversionof Apple Computers logo but with linesin the middle. Althoughsomevhatvisually
differentit is still retrievedin the high ranks.Imagel4 is aninterestingexampleof a mistale madeby the
system Althoughtheimageis not of anapple theimagehassimilar distributionsof curvatureandphaseas
is clearby looking atit.

The systemhasbeentried on a variety of differentexamplesof bothtwo dimensionabndthreedimen-
sionalpicturesof trademarkaindhadworked quitewell. Clearly thereareissuef how quantitatve results
canbe obtainedfor suchlargeimagedatabaseét is not feasiblefor a personto look at every imagein the
databaséo determinevhetherit is similar). In futurework, we hopeto evolve amechanisnior quantitatve
testingon suchlarge databasedt will alsobeimportantto usemoreof thetextualinformationto determine
trademarlconflicts.

6 Conclusionsand Limitations

Thispaperdemonstrateetrieval of similarobjectsonthebasisof theirvisualappearance/isualappear
anceis characterizedisingfilter responseto Gaussiarderivativesover scalespace.ln addition,we claim
thatglobalrepresentationsrebetterconstructedby representinghe distribution of robustly computedocal
features.In earlierexperimentanomentbasedrepresentationaere comparedwith the presentednethod
andit wasfoundthat momentbasedrepresentations generalperformreasonablyvhentherearewhole
objectswith no holes.Momentsform weakdescriptorandaresensitve to noisein theimage.

Currentlywe are investigatingthreeissues. First is to scalethe databaseip to about600000images.
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Figure4: Retrieval in responsé¢o thequery“Apple”

Theseconds to incorporateuserfeedbackor preferencesf retrievedimages.Thethird is to combinetext
retrieval andimageretrieval in a principledmanner
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