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Abstract

Content-basedimageretrieval is animportantareaof research.Here,amethodto characterizevisual
appearancefor determiningglobalsimilarity in imagesis described.Imagesarefilteredwith Gaussian
derivativesandgeometricfeaturesarecomputedfrom thefilteredimages.Thegeometricfeaturesused
herearecurvatureandphase.Two imagesmaybesaidto besimilar if they have similardistributionsof
suchfeatures.Globalsimilarity may, therefore,bededucedby comparinghistogramsof thesefeatures.
Thisallowsfor rapidretrieval. Thesystem’sperformanceonadatabaseof about1500grey-level images
andanotherdatabaseof 2000trademarkimagesis shown. It is alsoshown thattheapproachis scalable
andexamplesof queryresultsona databaseof morethan63000trademarkimagesareprovided.

1 Introduction
The librariesof the futurewill be increasinglydigital andwill needgoodtools to navigate,searchand

retrieve relevant information. While thereexist goodsearchenginesfor ASCII text, goodwaysof retriev-
ing imagesarestill not available. A traditionalapproachto indexing imagesis to manuallycreatetextual
annotationsor keywordsfor eachimage. Theseannotationsmaybelaterusedto retrieve images.Manual
annotationis slow, labor intensive andexpensive. In addition,keywordscannotalwayscapturetheexpres-
sivenessof animageor anticipatethedifferentpurposesanimagemaybeusedfor. Thereis thusaneedfor
retrieving imagesusingtheircontent.

Theindexing andretrieval of imagesusingtheir contentis a difficult problem.A personusinganimage
retrieval systemusuallyseeksto find semanticallyrelevant information. For example,a personmay be
looking for a pictureof a leopardfrom a certainviewpoint. Or alternatively, theusermayrequirea picture
of AbrahamLincoln from aparticularviewpoint. Sincetheautomaticsegmentationof animageinto objects
is adifficult andunsolvedproblemin computervision,inferringsemanticinformationfrom imagecontentis
difficult to do. However, many imageattributeslikecolor, texture,shapeand“appearance”areoftendirectly
correlatedwith thesemanticsof theproblem.For example,logosor productpackages(e.g.,a box of Tide)
have thesamecolor wherever they arefound. The coatof a leopardhasa uniquetexturewhile Abraham
Lincoln’s appearanceis uniquelydefined. Theseimageattributescanoften be usedto index andretrieve
images.�

This materialis basedon work supportedin partby theNationalScienceFoundation,Library of CongressandDepartmentof
Commerceundercooperative agreementnumberEEC-9209623,in partby theUnitedStatesPatentandTrademarksOfficeandthe
DefenseAdvancedResearchProjectsAgency/ITO underARPA ordernumberD468,issuedby ESC/AXScontractnumberF19628-
95-C-0235,in partby theNationalScienceFoundationundergrantIRI-9619117andin partby NSFMultimediaCDA-9502639.
Any opinions,findingsandconclusionsor recommendationsexpressedin this materialare the author(s)anddo not necessarily
reflectthoseof thesponsors.

1



In this paper, visual appearanceis usedto retrieve imagesfrom databasewhich aresimilar to a query
image.Thevisualappearanceof animageis characterizedhereusingtheshapeof theintensitysurface.The
imagesarefilteredwith Gaussianderivativesandgeometricfeaturesarecomputedfrom thefilteredimages.
The geometricfeaturesusedhereare the imageshapeindex (which is a ratio of curvaturesof the three
dimensionalintensitysurface)andthelocalorientationof thegradient.Two imagesaresaidto besimilar if
they havesimilardistributionsof suchfeatures.Theimagesare,therefore,rankedby comparinghistograms
of thesefeatures.Themethodis demonstratedwith a databaseof about1500grey levels imagesof objects
suchascars,faces,apesandothermiscellaneousobjectsanda seconddatabaseof about2000images.It is
thenshown that thetechniquemaybescaledto retrieve a databaseof about63000trademarkimagesfrom
theUSPatentandTrademarkOffice.

Therestof thepaperis organizedasfollows. Section2 providessomebackgroundontheimageretrieval
areaaswell ason theappearancematchingframework usedin thispaper. Section3 surveys relatedwork in
theliterature.In section4, thenotionof appearanceis developedfurtherandcharacterizedusingGaussian
derivative filters andthederivedglobalrepresentationis discussed.Section5 shows how therepresentation
may be scaledto retrieve imagesfrom a databaseof about63,000trademarkimages. A discussionand
conclusionfollows in Section6.

2 Motivation and Background
The different imageattributeslike color, texture,shapeandappearancehave all beenusedin a variety

of systemsfor retrieving imagessimilar to a queryimage(see3 for a review). Systemslike QBIC [5] and
Virage[4] allow usersto combinecolor, texture andshapeto retrieve a databaseof generalimages.One
weaknessof suchasystemis thatattributeslikecolordonothavedirectsemanticcorrelateswhenappliedto
adatabaseof generalimages.For example,sayapictureof a redandgreenparrotis usedto retrieve images
basedon their similarity in color with it. Theretrievalsmay includeotherparrotsandbirdsaswell asred
flowerswith greenstemsandotherimages.While this is a reasonableresultwhenviewed asa matching
problem,clearly it is not a reasonableresultfor a retrieval system.Theproblemarisesbecausecolor does
not have a goodcorrelationwith semanticswhenusedwith generalimages.However, if thedomainor set
of imagesis restrictedto sayflowers,thencolor hasa direct semanticcorrelateandis usefulfor retrieval
(see[2] for anexample).

Someattemptshave beenmadeto retrieve objectsusing their shape[5, 21]. For example,the QBIC
system[5], developedby IBM, matchesbinary shapes.It requiresthat the databasebe segmentedinto
objects.Sinceautomaticsegmentationis anunsolvedproblem,thisrequirestheuserto manuallyoutlinethe
objectsin thedatabase.Clearlythis is notdesirableor practical.

Exceptfor certainspecialdomains,all methodsbasedon shapearelikely to have thesameproblem.An
object’s appearancedependsnot only on its threedimensionalshape,but alsoon the object’s albedo,the
viewpoint from which it is imagedanda numberof other factors. It is non-trivial to separatethe differ-
ent factorsconstitutingan object’s appearanceandit is usuallynot possibleto separatean object’s three
dimensionalshapefrom theotherfactors.For example,the faceof a personhasa uniqueappearancethat
cannotjust becharacterizedby thegeometricshapeof the ’componentparts’. In this papera characteriza-
tion of theshapeof theintensitysurfaceof imagedobjectsis usedfor retrieval. Theexperimentsconducted
show thatretrievedobjectshave similar visualappearance,andhenceforthanassociationis madebetween
’appearance’andtheshapeof theintensitysurface.

Similarity canbecomputedusingeitherlocal or globalmethods.In local similarity, a partof thequery
is usedto matcha partof a databaseimageor images.Oneapproachto computinglocal similarity [17] is
to have the useroutline the salientportionsof the query(eg. the wheelsof a car or the faceof a person)
andmatchtheoutlinedportionof thequerywith partsof imagesin thedatabase.Although,the technique
works well in extractingrelevant portionsof objectsembeddedagainstbackgroundsit is slow. The slow
speedstemsfrom thefactthatthesystemmustnotonly answerthequestion”is this imagesimilar” but also
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thequestion”which partof theimageis relevant”.
Thispaperfocusesona representationfor computingglobalsimilarity. Thatis, thetaskis to find images

that,asa whole,appearvisually similar. Theutility of globalsimilarity retrieval is evident,for example,in
findingsimilar scenesor similar facesin a facedatabase.Globalsimilarity alsoworkswell whentheobject
in questionconstitutesa significantportionof theimage.Theusefulnessof therepresentationin retrieving
imageswith goodprecisionis demonstratedusinga databaseof about1500imagesof faces,apes,carsand
othermiscellaneousobjectsandwith anotherdatabaseof about2000imagesof trademarks.
2.1 Appearance based retrieval

The imageintensitysurfaceis robustly characterizedusingfeaturesobtainedfrom responsesto multi-
scaleGaussianderivative filters. Koenderink[13] andothers[6] have arguedthat the local structureof an
imagecanbe representedby the outputsof a setof Gaussianderivative filters appliedto an image. That
is, imagesarefilteredwith Gaussianderivativesat several scalesandtheresultingresponsevectorlocally
describesthe structureof the intensity surface. By computingfeaturesderived from the local response
vectorandaccumulatingthemover the image,robust representationsappropriateto queryingimagesasa
whole (global similarity) canbe generated.Onesuchrepresentationuseshistogramsof featuresderived
from the multi-scaleGaussianderivatives. Histogramsform a global representationbecausethey capture
the distribution of local features(A histogramis oneof thesimplestwaysof estimatinga non parametric
distribution). Thisglobalrepresentationcanbeefficiently usedfor globalsimilarity retrieval by appearance
andretrieval is very fast.

Thechoiceof featuresoftendetermineshow well theimageretrieval systemperforms.Herethetaskis to
robustlycharacterizethe3-dimensionalintensitysurface.A 3-dimensionalsurfaceis uniquelydeterminedif
thelocalcurvatureseverywhereareknown. Thus,it is appropriatethatoneof thefeaturesbelocalcurvature.
Theprincipalcurvaturesof theintensitysurfaceareinvariantto imageplanerotations,monotonicintensity
variationsandfurther, theirratiosarein principleinsensitiveto scalevariationsof theentireimage.However,
spatialorientationinformationis lost whenconstructinghistogramsof curvature(or ratiosthereof)alone.
Thereforewe augmentthelocal curvaturewith local phase,andtherepresentationuseshistogramsof local
curvatureandphase.

Localprincipalcurvaturesandphasearecomputedat severalscalesfrom responsesto multi-scaleGaus-
sianderivative filters. Thenhistogramsof thecurvatureratios [12, 3] andphasearegenerated.Thus,the
imageis representedby a singlevector(multi-scalehistograms).During run-timetheuserpresentsanex-
ampleimageasa queryandthe queryhistogramsarecomparedwith the onesstored,andthe imagesare
thenrankedanddisplayedin orderto theuser.
2.2 The choice of domain

Therearetwo issuesin building a contentbasedimageretrieval system.Thefirst issueis technological,
that is, thedevelopmentof new techniquesfor searchingimagesbasedon their content.Thesecondissue
is useror taskrelated,in thesenseof whetherthesystemsatisfiesa userneed.While a numberof content
basedretrieval systemshavebeenbuilt ([5, 4]), it is unclearwhatthepurposeof suchsystemsis andwhether
peoplewouldactuallysearchin thefashiondescribed.

In this paperwe describehow the techniquesdescribedheremay be scaledto retrieve imagesfrom a
databaseof about63000trademarkimagesprovidedby theUSPatentandTrademarkOffice. Thisdatabase
consistsof all (at thetime thedatabasewasprovided)theregisteredtrademarksin theUnitedStateswhich
consistonly of designs(i.e. thereare no words in them). Trademarkimagesare a good domainwith
whichto testimageretrieval. First, thereis anexistinguserneed:trademarkexaminersdohave to checkfor
trademarkconflictsbasedonvisualappearance.Thatis,atsomestagethey arerequiredto lookattheimages
andcheckwhetherthe trademarkis similar to anexisting one. Second,trademarkimagesmayconsistof
simplegeometricdesigns,picturesof animalsor evencomplicateddesigns.Thus,they provide a test-bed
for imageretrieval algorithms.Third, thereis text associatedwith every trademarkandtheassociatedtext
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maybeusedin anumberof ways.Oneof theproblemswith many imageretrieval systemsis thatit is unclear
wheretheexampleor queryimagewill comefrom. In this paper, theassociatedtext is usedto provide an
exampleor queryimage.In futurepapers,we will explorehow text andimagesearchesmaybecombined
to build moresophisticatedsystems.Using trademarkimagesdoeshave somelimitations. First, we are
restrictedto binaryimages(albeitlargeones).As shown laterin thepaper, thisdoesnotcreateany problems
for the algorithmsdescribedhere. Second,in somecasesthe useof abstractimagesmakesthe taskmore
difficult. Othershave attemptedto getaroundit by restrictingthe trademarkimagesto geometricdesigns
[8].

3 Related Work
Severalauthorshave tried to characterizetheappearanceof an objectvia a descriptionof the intensity

surface. In thecontext of objectrecognition[20] representtheappearanceof anobjectusinga parametric
eigenspacedescription.This spaceis constructedby treatingthe imageasa fixed lengthvector, andthen
computingtheprincipalcomponentsacrosstheentiredatabase.Theimagesthereforehave to besizeandin-
tensitynormalized,segmentedandtrained.Similarly, usingprincipalcomponentrepresentationsdescribed
in [10] facerecognitionis performedin [25]. In [23] the traditionaleigenrepresentationis augmentedby
usingmostdiscriminantfeaturesandis appliedto imageretrieval. Theauthorsapplyeigenrepresentation
to retrieval of severalclassesof objects.Theissue,however , is thattheseclassesaremanuallydetermined
andtrainingmustbeperformedoneach.Theapproachpresentedin thispaperis differentfrom all theabove
becauseeigendecompositionsarenotusedat all to characterizeappearance.Further, themethodpresented
usesno learningand,doesnot requireconstantsizedimages.It shouldbenotedthatalthoughlearningsig-
nificantly helpsin suchapplicationsasfacerecognition,however, it maynot befeasiblein many instances
wheresufficientexamplesarenotavailable.Thissystemis designedto beappliedto awideclassof images
andthereis norestrictionperse.

In earlierwork we showedthat local featurescomputedusingGaussianderivative filters canbeusedfor
local similarity, i.e. to retrieve partsof images[17]. Herewearguethatglobalsimilarity canbedetermined
bycomputinglocalfeaturesandcomparingdistributionsof thesefeatures.Thistechniquegivesgoodresults,
andis reasonablytoleranttoview variations.SchieleandCrowley [22] usedsuchatechniquefor recognizing
objectsusinggrey-level images.Their techniqueusedtheoutputsof Gaussianderivativesaslocal features.
A multi-dimensionalhistogramof theselocal featuresis thencomputed.Two imagesareconsideredto beof
thesameobjectif they hadsimilarhistograms.Thedifferencebetweenthisapproachandtheonepresented
by SchieleandCrowley is that herewe use1D histograms(asopposedto multi-dimensional)andfurther
usetheprincipalcurvaturesastheprimaryfeature.

Theuseof Gaussianderivative filters to representappearanceis motivatedby their usein describingthe
spatialstructure[13] andits uniquenessin representingthescalespaceof a function [14, 11, 27, 24] The
invariancepropertiesof theprincipalcurvaturesarewell documentedin [6]. Nastar[19], hasindependently
usedthe imageshapeindex to computesimilarity betweenimages.However, in his work curvatureswere
computedonly atasinglescale.This is insufficient.

In thecontext of globalsimilarity retrieval it shouldbenotedthatrepresentationsusingmomentinvariants
have beenwell studied[18]. In thesemethodsglobalrepresentationof appearancemayinvolve computing
a few numbersover theentireimage. Two imagesarethenconsideredsimilar if thesenumbersareclose
to eachother(sayusinganL2 norm). We arguethatsuchrepresentationsarenot ableto really capturethe
“appearance”of an image,particularlyin the context of trademarkretrieval wheremomentinvariantsare
widely used. In otherwork [17] we comparedmomentinvariantswith the techniquepresentedhereand
foundthatmomentinvariantswork bestfor a singlebinaryshapewithout holesin it, and,in general,fare
worsethan the methodpresentedhere. JainandVailaya[9] usededgeanglesand invariantmomentsto
prunetrademarkcollectionsandthenusetemplatematchingto find similarity within theprunedset. Their
databasewaslimited to 1100images.
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Texturebasedimageretrieval is alsorelatedto theappearancebasedwork presentedin thispaper. Using
Wold modeling,in [15] theauthorstry to classifytheentireBrodatztextureandin [7] attemptto classify
scenes,suchascity andcountry. Of particularinterestis work by [16] who useGaborfilters to retrieve
texturesimilar images.

Theearliestgeneralimageretrieval systemsweredesignedby [5, 21]. In [5] the shapequeriesrequire
prior manualsegmentationof thedatabasewhich is undesirableandnotpracticalfor mostapplications.

4 Global representation of appearance
Threestepsareinvolved in orderto computingglobalsimilarity. First, local derivativesarecomputedat

severalscales.Second,derivative responsesarecombinedto generatelocal features,namely, theprincipal
curvaturesandphaseand,their histogramsaregenerated.Third, the 1D curvatureandphasehistograms
generatedatseveralscalesarematched.Thesestepsaredescribednext.

A. Computing local derivatives: Computingderivativesusingfinite differencesdoesnot guaranteesta-
bility of derivatives. In orderto computederivativesstably, theimagemustberegularized,or smoothedor
band-limited.A Gaussianfilteredimage�����	��

� obtainedby convolving theimageI with a normalized
Gaussian����������� is a band-limitedfunction. Its high frequency componentsareeliminatedandderivatives
will bestable. In fact, it hasbeenarguedby KoenderinkandvanDoorn [13] andothers[6] that the local
structureof animageI at a givenscalecanberepresentedby filtering it with Gaussianderivative filters (in
thesenseof aTaylorexpansion),andthey termit theN-jet.

However, theshapeof thesmoothedintensitysurfacedependson thescaleat which it is observed. For
example,at a small scalethe texture of an ape’s coatwill be visible. At a large enoughscale,the ape’s
coatwill appearhomogeneous.A descriptionat just onescaleis likely to give riseto many accidentalmis-
matches.Thusit is desirableto provide a descriptionof theimageover a numberof scales,that is, a scale
spacedescriptionof theimage.It hasbeenshown by severalauthors[14, 11, 27, 24, 6], thatundercertain
generalconstraints,theGaussianfilter formsa uniquechoicefor generatingscale-space.Thuslocal spatial
derivativesarecomputedat severalscales.

B. Feature Histograms: Thenormalandtangentialcurvaturesof a3-D surface(X,Y,Intensity)aredefined
as[6]:

� ����������� ���� ���� � �!�
"#�$�� � ���&%(' � � � �)� � �* � �� "+� ���,.-/
02113 �4�5�����

6 ���������5� ���� * � �� % � �� , � � � "	��� ��� % � �7� �8� � � �* � �� "#� �� ,.-/
0 113 �4�5�����

Where� � ���5����� and � �9���5����� arethelocalderivativesof ImageI aroundpoint � usingGaussianderivative
at scale� . Similarly � ��� �;:<��:=� , � � �5�>:<��:=� , and � �7�9�;:<��:=� arethecorrespondingsecondderivatives.Thenormal
curvature

�
andtangentialcurvature

6
arethencombined[12] to generateashapeindex asfollows:? �����������A@�B;@$C#D � " 6� % 6�E ���5�����

The index value
?

is F � when
� � 6

and is undefinedwheneither
�

and
6

areboth zero,and is,
therefore,not computed.This is interestingbecausevery flat portionsof an image(or oneswith constant
ramp)areeliminated.For examplein Figure2(middle-row), thebackgroundin mostof thesefaceimages
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doesnot contribute to thecurvaturehistogram.Thecurvatureindex or shapeindex is rescaledandshifted
to therange G H8�JILK asis donein [3]. A histogramis thencomputedof thevalid index valuesover anentire
image.

Thesecondfeatureusedis phase.Thephaseis simplydefinedasMN���������5�A@�B;@$C ' ��� �9���5�����O��� � ���������7� .
Notethat M is definedonly atthoselocationswhere

?
is andignoredelsewhere.As with thecurvatureindexM is rescaledandshiftedto lie betweentheinterval G H8�JILK .

At different scalesdifferent local structuresare observed and, therefore,multi-scalehistogramsare
a more robust representation.Consequently, a featurevector is definedfor an image � as the vectorPRQ �TS�U�VW���YXL�[Z�Z�Z7U\VW���R]8�[��U�^_�4�YX!�OZ�Z�Z7U�^
���`]8��a whereU�^ and U\V arethecurvatureandphasehistograms
respectively. We found that using5 scalesgivesgoodresultsandthescalesare Ib:�:�:7c in stepsof half an
octave.

C. Matching feature histograms: Two featurevectorsarecomparedusingnormalizedcross-covariance
definedas d Qfe � Phgji9kQ : Phgji9kelll lll P gmi9kQ lll lll lll lll P gji9ke lll lll
where

P g=i
kQ � PRQ %onqp @$C�� PrQ � .
Retrieval is carriedout as follows. A query imageis selectedand the query histogramvector

PRs
is

correlatedwith thedatabasehistogramvectors
PrQ

usingtheabove formula. Thentheimagesarerankedby
their correlationscoreanddisplayedto the user. In this implementation,andfor evaluationpurposes,the
ranksarecomputedin advance,sinceeveryqueryimageis alsoadatabaseimage.
4.1 Experiments

The curvature-phasemethodis testedusing two databases.The first is a trademarkdatabaseof 2048
imagesobtainedfrom theUS PatentandTrademarkOffice (PTO). Theimagesobtainedfrom thePTO are
large,binaryandareconvertedto gray-level andreducedfor theexperiments.Theseconddatabaseis acol-
lectionof 1561assortedgray-level images.This databasehasdigitizedimagesof cars,steamlocomotives,
diesellocomotives,apes,faces,peopleembeddedin differentbackground(s)anda small numberof other
miscellaneousobjectssuchashouses.Theseimageswereobtainedfrom theInternetandtheCorelphoto-
cd collectionand were taken with several different camerasof unknown parameters,and undervarying
uncontrolledlighting andviewing geometry.

In thefollowing experimentsan imageis selectedandsubmittedasa query. Theobjective of this query
is statedandtherelevantimagesaredecidedin advance.Thentheretrieval instancesaregaugedagainstthe
statedobjective. In general,objectivesof theform ’extract imagessimilar in appearanceto thequery’ will
beposedto the retrieval algorithm. A measureof theperformanceof theretrieval enginecanbeobtained
by examiningtherecall/precisiontablefor severalqueries.Briefly, recall is theproportionof the relevant
materialactuallyretrievedandprecisionis theproportionof retrievedmaterialthat is relevant [26]. It is a
standardwidely usedin theinformationretrieval communityandis onethatis adoptedhere.

Queriesweresubmittedeachto thetrademarkandassortedimagecollectionfor thepurposeof computing
recall/precision.The judgmentof relevanceis qualitative. For eachquery in both databasesthe relevant
imagesweredecidedin advance.Thesewererestrictedto 48. Thetop48rankswerethenexaminedto check
theproportionof retrieved imagesthat wererelevant. All imagesnot retrieved within 48 wereassigneda
rankequalto thesizeof thedatabase.That is, they arenot consideredretrieved. Theserankswereusedto
interpolateandextrapolateprecisionat all recallpoints. In thecaseof assortedimagesrelevanceis easier
to determineandmoresimilar for differentpeople.However in thetrademarkcaseit canbequitedifficult
andthereforetherecall-precisioncanbesubjectto someerror. Therecall/precisionresultsaresummarized
in Table1 andbothdatabasesareindividually discussedbelow.
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Figure1: Trademarkretrieval usingCurvatureandPhase

Figure2: Imageretrieval usingCurvatureandPhase

Figure1 shows theperformanceof thealgorithmon thetrademarkimages.Eachstrip depictsthetop 8
retrievals,giventheleftmostasthequery. Mostof theshapeshave roughlythesamestructureasthequery.
Notethat,outlineandsolidfiguresaretreatedsimilarly (seerowsoneandtwo in Figure1). Six querieswere
submittedfor thepurposeof computingrecall-precisionin Table1.

Experimentsare also carriedout with assortedgray level images. Six queriessubmittedfor recall-
precisionareshown in Figure2. Theleft mostimagein eachrow is thequeryandis alsothefirst retrieved.
Therestfrom-left to right areseven retrievals depictedin rankorder. Note that,flat portionsof theback-
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Table1: Precisionatstandardrecallpointsfor six Queries
Recall 0 10 20 30 40 50 60 70 80 90 100

Precision(trademark)% 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%

groundarenever consideredbecausethe principal curvaturesarevery closeto zeroandthereforedo not
contribute to the final score.Thus,for example,the flat backgroundin Figure2(secondrow) is not used.
Notice that visually similar imagesareretrieved evenwhenthereis somechangein the background(row
1). This is becausethedominantobjectcontributesmostto thehistograms.In usinga singlescalepoorer
resultsareachievedandbackgroundaffectstheresultsmoresignificantly.

The resultsof theseexamplesarediscussedbelow, with the precisionover all recall pointsdepictedin
parentheses.For comparisonthebesttext retrieval engineshave anaverageprecisionof 50%:

1. Find similar cars(65%). Picturesof carsviewed from similar orientationsappearin the top ranks
becauseof the contribution of the phasehistogram. This resultalsoshows that somebackground
variationcanbetolerated.Theeighthretrieval althougha caris amismatchandis notconsidered.

2. Findsameface(87.4%)andfind similar faces:In thefacequerytheobjective is to find thesameface.
In experimentswith aUniversityof Bernfacedatabaseof 300faceswith a10relevantfaceseach,the
averageprecisionoverall recallpointsfor all 300querieswas78%.It shouldbenotedthatthesystem
presentedhereworkswell for faceswith thesamerepresentationandparametersusedfor all theother
databases.Thereis nospecific“tuning” or learninginvolvedto retrieve faces.Thequery“find similar
faces”resultedin a100%precisionat48ranksbecausetherearefarmorefacesthan48. Therefore,it
wasnotusedin thefinal precisioncomputation.

3. Finddarktexturedapes(64.2%).Theapequeryresultsin severalotherlight texturedapesandcountry
sceneswith similartexture.Althoughthesearenotmis-matchesthey arenotconsistentwith theintent
of thequerywhich is to find darktexturedapes.

4. Find otherpatasmonkeys. (47.1%)Herethereare16 patasmonkeys in all and9 within a smallview
variation.However, herethewholeimageis beingmatchedsothenumberof relevantpatasmonkeys
is 16. Theprecisionis low becausethe methodcannotdistinguishbetweenlight anddark textures,
leadingto irrelevant images.Note,that it findsotherapes,dark texturedones,but thosearedeemed
irrelevantwith respectto thequery.

5. Givenawall with a CocaColalogofind otherCocaColaimages(63.8%).Thisqueryclearlydepicts
thelimitation of globalmatching.Althoughall threedatabaseimagesthathadacertaintextureof the
wall (alsohadCocaCola logos)wereretrieved (100%precision),two othervery dissimilarimages
with coca-colalogoswerenot.

6. Sceneswith Bill Clinton (72.8%).Theretrieval in this caseresultsin severalmismatches.However,
threeof thefour areretrievedin successionat thetopandthescenesappearvisuallysimilar.

While thequeriespresentedherearenot “optimal” with respectto thedesignconstraintsof globalsim-
ilarity retrieval, they arehowever, realisticqueriesthat canbe posedto the system.Mismatchescanand
do occur. Thefirst is thecasewheretheglobalappearanceis very different. TheCocaCola retrieval is a
goodexampleof this. Second,mismatchescanoccurat thealgorithmiclevel. Histogramscoarselyrepre-
sentspatialinformationandthereforewill admitimageswith non-trivial deformations.Therecall/precision
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presentedherecompareswell with text retrieval. Thetime perretrieval is of theorderof milli-seconds.In
thenext sectionwediscusstheapplicationof thepresentedtechniqueto adatabaseof 63000images.

5 Trademark Retrieval
The systemindexes 63,718trademarksfrom the US Patentand Trademarkoffice in the designonly

category. Thesetrademarksarebinary images.In addition,associatedtext consistsof a designcodethat
designatesthetypeof trademark,thegoodsandservicesassociatedwith thetrademark,aserialnumberand
ashortdescriptive text.

The systemfor browsing andretrieving trademarksis illustratedin Figure3. The netscape/Java user
interfacehastwo search-ableparts.Ontheleft apanelis includedto initiatesearchusingtext. Any or all of
thefieldscanbeusedto enteraquery. In thisexample,thetext “Merriam Webster’is enteredandall images
associatedwith it areretrieved usingthe Inquery[1] text searchengine.Theusercanthenuseany of the
examplepicturesto searchfor imagesthataresimilar. In thespecificexampleshown, Thesecondimageis
selectedandretrieved resultsaredisplayedon theright panel. Theusercanthencontinueto searchusing
any of thedisplayedpicturesasthequery.

In this sectionwe adaptthe curvature/phasehistogramsto retrieve visually similar trademarks.The
following stepsareperformedto retrieve images.

Preprocessing: Eachbinary imagein the databaseis first sizenormalized,by clipping. Thenthey are
convertedto gray-scaleandreducedin size.

Computation of Histograms: Eachprocessedimageis dividedinto four equalrectangularregions.This
is differentthanconstructingahistogrambasedonpixelsof theentireimage.This is becausein scalingthe
imagesto a largecollection,we foundthattheaddeddegreeof spatialresolutionsignificantlyimprovesthe
retrieval performance.Thecurvatureandphasehistogramsarecomputedfor eachtile at threescales(1,4,8).
A histogramdescriptorof theimageis obtainedby concatenatingall theindividualhistogramsacrossscales
andregions.

Thesetwo stepsareconductedoff-line.

Execution: Theimagesearchserverbeginsby loadingall thehistogramsinto memory. Thenit waitsona
port for aquery. A CGI client transmitsthequeryto theserver. Its histogramsarematchedwith theonesin
thedatabase.Thematchscoresarerankedandthetop

�
requestedretrievalsarereturned.

5.1 Examples
In Figure3, theusertypedin MerriamWebsterin thetext window. Thesystemsearchesfor trademarks

whichhaveeitherMerriamor Websterin th associatedtext anddisplaysthem.Here,thefirst two trademarks
(first two imagesin the left window) belongto MerriamWebster. In this example,theuserhaschosento
’click’ thesecondimageandsearchfor imagesof similar trademarks.This searchis basedentirelyon the
imageandtheresultsaredisplayedin theright window in rankorder. Retrieval takesa few secondsandis
doneby comparinghistogramsof all 63,718trademarkson thefly.

Theoriginal imageis returnedasthefirst result(asit shouldbe).Theimagesin positions2,3and5 in the
secondwindow all containcirclesinsidesquaresandthis configurationis similar to thatof thequery. Most
of theotherimagesareof objectscontainedinsidea roughlysquarebox andthis is reasonableconsidering
thatsimilarity is definedon thebasisof theentireimageratherthanapartof theimage.

Thesecondexampleis shown in Figure4. Heretheuserhastypedin thewordApple. Thesystemreturns
trademarksassociatedwith theword Apple. The userqueriesusingApple computer’s logo (the imagein
the secondrow, first columnof the first window). Imagesretrieved in responseto this queryareshown
in the right window. The first eight retrievals areall copiesof Apple Computer’s trademark(Apple used
the sametrademarkfor a numberof othergoodsandso therearemultiple copiesof the trademarkin the
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Figure3: Retrieval in responseto a “Merriam Webster”query

database).Trademarksnumber9 and10look remarkablysimilar to Apple’s trademark.They areconsidered
valid trademarksbecausethey areusedfor goodsandservicesin areasotherthancomputers.Trademark
13 is anotherversionof Apple Computer’s logo but with linesin themiddle. Althoughsomewhatvisually
differentit is still retrieved in thehigh ranks.Image14 is aninterestingexampleof a mistake madeby the
system.Althoughtheimageis notof anapple,theimagehassimilardistributionsof curvatureandphaseas
is clearby lookingat it.

Thesystemhasbeentried on a varietyof differentexamplesof both two dimensionalandthreedimen-
sionalpicturesof trademarksandhadworkedquitewell. Clearly, thereareissuesof how quantitative results
canbeobtainedfor suchlarge imagedatabases(it is not feasiblefor a personto look at every imagein the
databaseto determinewhetherit is similar). In futurework, wehopeto evolveamechanismfor quantitative
testingonsuchlargedatabases.It will alsobeimportantto usemoreof thetextual informationto determine
trademarkconflicts.

6 Conclusions and Limitations
Thispaperdemonstratesretrieval of similarobjectsonthebasisof theirvisualappearance.Visualappear-

anceis characterizedusingfilter responsesto Gaussianderivativesover scalespace.In addition,we claim
thatglobalrepresentationsarebetterconstructedby representingthedistribution of robustlycomputedlocal
features.In earlierexperimentsmomentbasedrepresentationswerecomparedwith the presentedmethod
andit wasfound that momentbasedrepresentationsin generalperformreasonablywhentherearewhole
objectswith noholes.Momentsform weakdescriptorsandaresensitive to noisein theimage.

Currentlywe are investigatingthreeissues.First is to scalethe databaseup to about600000images.

10



Figure4: Retrieval in responseto thequery“Apple”

Thesecondis to incorporateuserfeedbackor preferencesof retrieved images.Thethird is to combinetext
retrieval andimageretrieval in aprincipledmanner.
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