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Abstract

Retrievingimagesfromlarge and varied collectionsus-
ing imagecontentas a keyis a challengingandimportant
problem We presenta newimagerepresentatiorwhichpro-
videsa transformationfrom the raw pixel datato a small
setof imageregionswhich are coheentin color and tex-
ture. This2Blobworld® representations createdby cluster
ing pixelsin ajoint color-textue-positiorfeatuespaceThe
segmentatioalgorithmis fully automaticandhasbeenrun
on a collectionof 10,000naturalimages.

We describea systenthat usesthe Blobworldrepresen-
tationto retrieveimagesfromthis collection.An important
aspecbfthesystenis thattheuseris allowedto viewthein-
ternal representatiorof the submittedmageandthe query
results.Similar systemslo not offer the userthis viewinto
theworkingsof thesystemgonsequent|yjueryresultsfrom
thesesystemsanbeinexplicable despiteheavailability of
knobsfor adjustingthe similarity metrics.

By ®ndingimageregionswhich roughly correspondto
objects,we allow queryingat the level of objectsrather
thanglobalimagepropertiesWe presentresultsindicating
that queryingfor distinctiveobjectsusing Blobworld pro-
ducessigni®canthhigher precisionthandoesqueryingus-
ing color andtextue histogramf theentireimage.

1 Intr oduction

Very large collectionsof imagesaregrowing evermore
common. From stock photo collections and proprietary
databaseto the World Wide Web, thesecollectionsaredi-
verseand often poorly indexed; unfortunately imagere-
trieval systemshavenot keptpacewith the collectionsthey
aresearchingThelimitationsof thesesystemsncludeboth
theimagerepresentationtheyuseandtheir methodsf ac-
cessinghoserepresentation® ®ndimages:

While usersgenerallywant to ®ndimagescontaining
particularobjects(®things®) [9, 13], mostexistingim-
ageretrieval systemgepresentmagesbasedonly on
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theirlow-level featureq@stuff©), with little regardfor
the spatialorganizatiorof thosefeatures.

Systemdiasedon userqueryingare often unintuitive
andoffer little helpin understandingvhy certainim-

ageswerereturnedandhow to re®nethe query Often
the userknowsonly thathe hassubmitteda queryfor,

say a bearbutin returnhasretrievedmanyirrelevant
imagesandvery few picturesof bears.

In this paperwe preseneBlobworld,® a newframework
for imageretrievalbasedn segmentatioimto regionsand
gueryingusingpropertieof theseregions Theregionsgen-
erally correspondo objectsor partsof objects While Blob-
world doesnot exist completelyin the 2thing® domain,it
recognizeshenatureof imagesascombination®f objects,
and queryingin Blobworld is more meaningfulthanit is
with simple@stuff® representations.

Imagesegmentatiors a dif®cultproblem.Segmentation
algorithmsinevitably makemistakescausingsomedegra-
dationin performancef any systemthatusesthe segmen-
tationresults.As aresult,designerof imageretrievalsys-
temshavegenerallychoserto useglobalimageproperties,
which do not dependon accuratesegmentationHowever
segmentingan imageallows us to accesghe imageat the
level of objects We believethis ability is critical to image
retrievalandto progressn objectrecognitionin general\We
havedeveloped segmentatioalgorithmthat,whileimper
fect, providessegmentationthataregoodenoughto yield
improvedqueryperformanceomparedo systemghatuse
globalproperties.

In orderto segmeneachimageautomaticallywe model
the joint distribution of color, texture, and position fea-
tureswith a mixture of GaussiansWe usethe Expectation-
Maximization(EM) algorithm[8] to estimatethe parame-
tersof this model;the resultingpixel-clustermemberships
provideasegmentatioof theimage After theimageis seg-
mentednto regionsadescriptiorof eachregion'scolorand
texturecharacteristicés producedln a queryingtask,the
usercanaccesgheregionsdirectly, in orderto seetheseg-
mentationof the queryimageandspecifywhich aspectof
theimageareimportantto thequery Whenqueryresultsare
returnedtheuseralsoseeghe Blobworldrepresentationf
eachretrievedimage;this informationassistgreatlyin re-
®ningthequery

Webeginthispapeiby brie'y discussinghecurrentstate
of imageretrieval.ln Section®2+3we describehefeature



extractionandsegmentatioalgorithm.In Sectiord we dis-
cussthe descriptorsassignedo eachregion.In Section5
we presenta querysystembasedon Blobworld, aswell as
resultsfrom queriesin a collectionof 10,000highly varied
naturalimagesWe concludewith a brief discussiorof our
approactandsomeproposedlirectionsfor futurework.
Portionsof this work havebeenpublishedn [4, 6, 7].

1.1 Relatedwork

Thebest-knowrimagedatabassystemis IBM' s Query
by ImageContent(QBIC) [10], whichallowsanoperatorto
specifyvariouspropertiesof a desiredimage.The system
thendisplaysa selectionof potentialmatchego thosecri-
teria, sortedby a scoreof the appropriatenessf thematch.
Regionsegmentatiois largely manual but recentversions
of QBIC [2] containsimpleautomatedsegmentatiorfacil-
ities. Photobool{31] incorporatesnore sophisticatedep-
resentationsf textureanda degreeof automaticsegmenta-
tion. Otherexample®f systemshatidentify materialaising
low-levelimagepropertiesncludeVirage[17], VisualSEEk
[38], Candid[24], andChabot[29].

Color histogramg[41, 42] are commonly usedin im-
age retrieval systemsand have proven useful; however
thisglobalcharacterizatiofacksinformationabouthowthe
color is distributedspatially Severalresearcherfaveat-
temptedo overcomehislimitation by incorporatingspatial
informationin thedescriptor StrickerandDimai [40] store
the averagecolor and the color covariancematrix within
eachof ®vefuzzy imageregions.Huanget al. [20] storea
acolor correlogram®hatencodeghe spatialcorrelationof
color-bin pairs.SmithandChang[39] storethelocationof
eachcolor thatis presentn a suf®cientamountin regions
computedisinghistogrambackprojection.

Lipsonet al. [26] retrieveimagesbasedon spatialand
photometricrelationshipswithin andacrosssimpleimage
regions.Little or no segmentatiois done;the regionsare
derivedfrom low-resolutionimages.Jacobst al. [21] use
multiresolutionwaveletdecompositiono performqueries
basedniconic matching.

Someof thesesystem&ncodanformationabouthespa-
tial distribution of color featuresand someperform sim-
ple automaticor manually-assistesegmentatior-lowever
noneprovidesthelevel of automaticsegmentatioanduser
control necessaryo supportobjectqueriesin a very large
imagecollection.Theseapproachegenerallywork well in
a query-by-exampléask whenthe entire sceneis distinc-
tive andrelevanttheyarenot suitedto thetaskof querying
for generabbjectssuchasanimalswherelarge partsof the
scenareirrelevant.

Ma andManjunath[27] performretrievalbasedon seg-
mentedmageregionsTheirsegmentatiors notfully auto-
matic,asit requiressomeparametetuningandhandprun-
ing of regions.
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Figure 1. The stages of Blobworld processing: From pixels to re-
gion descriptions.

Classicalobjectrecognitiontechniquesusually rely on
cleansegmentatiorof the objectfrom the restof the im-
ageor aredesignedor ®xedgeometricobjectssuchasma-
chineparts.Neitherconstraintholdsin the caseof natural
imagesthe shapesize,andcolor of objectslike tigersand
airplanesarequite variable,andsegmentatiois imperfect.
Clearly, classicalobjectrecognitiondoesnot apply. More
recenttechniqueg32] canidentify speci®bjectsdrawn
from a ®nite(ontheorderof 100)collection,butno present
techniqueis effective at the generalimage analysistask,
which requiresbothimagesegmentatiomndimageclassi-
®cation.

Ourapproacho segmentatiomseshe EM algorithmto
estimatethe parameter®f a mixture of Gaussiansnodel
of thejoint distribution of pixel color andtexturefeatures.
Earlierwork hasusedeEM and/orthe Minimum Description
Length(MDL) principleto performsegmentatiobasedn
motion[3, 43 or scaledntensitie§44], butEM hasnotpre-
viously beenusedon joint color andtexture.Relatedap-
proachesuchasdeterministicannealind33] andclassical
clustering[22] have beenappliedto texturesegmentation
without color. Panjwaniand Healey[30] have performed
segmentatiorusing a Markov random®eld color texture
model.

2 Featureextraction

Creatingthe Blobworld representatiomf animagein-
volvesthreestepqseeFigurel):

1. Selectanappropriatescalefor eachpixel, andextract
color, texture andpositionfeaturedor thatpixel atthe
selectedscale.

2. Group pixels into regionsby modelingthe distribu-
tion of pixel featuresvith amixtureof Gaussianasing
Expectation-Maximization.

3. Describethe color distributionandtextureof eachre-
gionfor usein aquery

Figure? illustratesthesestepsfor a sampleimage.

2.1 Extracting color features

Eachimagepixel hasathree-dimensionatolor descrip-
tor in theL*a*b* color spaceThis color spacds approxi-
matelyperceptuallyniform;thusdistance thisspaceare
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Figure 2. Creating the Blobworld representation. (a) Original im-
age. (b) The image after spatially variant smoothing at the se-
lected scale; note that the zebra stripes have been smoothed
away and replaced by gray. (c) The six components of the
color/texture feature vectors. The top images represent the three
locally smoothed L*a*b* color coordinates. The bottom images
represent the coordinates in texture space; from left to right, we
have anisotropy, polarity, and contrast, ranging from 0 (white) to
1 (black). Note that the zebra hide is highly anisotropic (oriented)
and has high texture contrast. Note also that the striped regions
are roughly uniform in each of the six features. (d) The results of
clustering the feature vectors into Gaussian clus-
ters using EM. Pixel cluster memberships are shown as one of up
to ®vegray levels. Application of the MDL principle suggests that
the image (third from the left) provides the best segmen-
tation of the data. (e) The segmentation for (as chosen
by MDL) after postprocessing. (f) The Blobworld representation
of the image. Each region with an area greater than 1% of the
total image area yields a blob.

meaningful46]. We smooththe colorfeaturesasdiscussed
in Sectior?.3in orderto avoidoversegmentingegionssuch

astigerstripeshasednlocalcolorvariation;otherwiseeach

stripewould becomadts ownregion.

2.2 Extracting texturefeatures

Textureis a well-researcheg@ropertyof imageregions,
andmanytexturedescriptorhiavebeenproposedincluding
multi-orientation®lterbanks[28] andthe second-moment
matrix [11, 15]. We will not elaboratéhereon the classical
approacheto texturesegmentatiomndclassi®catioryoth
of whicharechallengingandwell-studiedtasks Ratheywe
introducea new perspectivaelatedto texture descriptors
and texture grouping motivatedby the content-basede-
trievaltask.

Whereascolor is a point property textureis a local-
neighborhoogbroperty It doesnotmakesensdo talk about
thetextureof zebrastripesata particularpixel withoutspec-
ifying a neighborhoodiroundthatpixel. In orderfor atex-
turedescriptoito beuseful,it mustprovideanadequatele-
scriptionof the underlyingtextureparametersandit must
be computedn a neighborhoodvhich is appropriateo the
local structurebeingdescribed.

The®rstrequirementouldbemetto anarbitrarydegree
of satisfactionby using multi-orientation®Iter bankssuch
assteerable®lters,we chosea simplermethodthatis suf®-
cientfor our purposesThe secondequirementywhichmay
be thoughtof asthe problemof scaleselection hasnotre-
ceivedthe samelevel of attentionin the literature.This is
unfortunatesincetexturedescriptoreomputeatthewrong
scaleonly confusetheissue.

In thiswork, weintroduceanovelmethodof scaleselec-
tionwhichworksin tandenwith afairly simplebutinforma-
tive setof texturedescriptorsThescaleselectiormethodis
basedn edge/bapolarity stabilization,andthe texturede-
scriptorsarisefrom the windowedsecondnomentmatrix.
Both are derivedfrom the gradientof the imageintensity
whichwedenotéby . Wecompute usingthe®rstdif-
ferenceapproximationalong eachdimension.This opera-
tion is oftenaccompaniety smoothingbutwe havefound
this preprocessingperationunnecessarfor theimagesin
our collection.

To makethenotionof scaleconcreteywe de®nehescale
to be the width of the Gaussiarwindow within which the
gradientvectorsof the imageare pooled.The secondmo-
mentmatrix for the vectorswithin this window, computed
abouteachpixel in theimage,canbe approximatedising

1)
where is a separabldinomialapproximatiorto a
Gaussiarsmoothingkernelwith variance
At eachpixel location, isa symmetric

positive semide®nitenatrix; thusit providesus with three



piecesof informationabouteachpixel. Ratherthanwork-
ing with theraw entriesin , it is morecommonto deal
with its eigenstructurgs, 11]. Considera®xedscale and
pixel location,let and ( ) denotethe eigen-
valuesof at thatlocation,andlet  denotethe amgu-
mentof the principal eigenvectoof .When islarge
comparedo , thelocal neighborhoogossessea dom-
inant orientation,asspeci®edy . Whenthe eigenvalues
arecomparablethereis no preferredorientationandwhen
both eigenvaluesre negligible, the local neighborhoods
approximatelyconstant.

Scaleselection

We maythink of ascontrollingthesizeof theintegra-
tionwindowaroundeachpixel within whichtheouterprod-
uct of the gradientvectorsis averaged. hasbeencalled
the integrationscaleor arti®cial scaleby variousauthors
[11, 15 todistinguishit fromthenaturalscaleusedn linear
smoothingof raw imageintensities Notethat ;
the scalevariesacrosgheimage?

In orderto selecthescaleatwhich is computedi.e.
to determinethe function , we makeuseof alocal
imagepropertyknown aspolarity.? The polarity is a mea-
sureof the extentto whichthe gradientvectorsin a certain
neighborhoodll pointin the samedirection.(In the com-
putationof secondnomentsthis informationis lostin the
outerproductoperationj.e., gradientvectordirectionsdif-
feringby areindistinguishable.Thepolarityatagiven
pixelis computedvith respecto thedominanrientation
in theneighborhooaf thatpixel. Foreaseof notation et us
considera ®xedscaleandpixel location.We de®neolarity
as

Thede®nition®f and are

and

where and arethe recti®edpositive and negative
partsof their agumentand is a unit vector perpendicu-
lar to . We canthink of and asmeasuresf how

many gradientvectorsin the window areonthe

apositiveside®and2negativeside®of thedominantrienta-
tion,respectivelyNotethat rangegromOto 1. (A similar

measurés usedin [25] to distinguisha ow patternfrom an

edge.)

1strictly speakingeqgn.(1) is not a convolution,since
tially variant.
2polarityis relatedto the quadrature phaseasdiscussedn [14, 16].
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Figure 3. Five sample patches from a zebra image. (a) and (b)
have stripes (1-D "ow) of different scales and orientations, (c) is
aregion of 2-D texture, (d) contains an edge, and (e) is a uniform
region.

Thepolarity variesasthescale changestsbehavior
in typicalimageregionscanbe summarize@sfollows (see
Figure3):

Edge: The presenceof an edgeis signaledby  holding
valuescloseto 1 for alll
Texture: Inregionswith 2-Dtextureor1-D ow, decays

with : asthewindowsizeincreasegixelswith gradi-
entsin multiple directionsareincludedin thewindow;
sothedominanceof anyoneorientationdecreases.

Uniform: Whena neighborhoodhossessea constantin-
tensity  takeson arbitraryvaluessincethe gradient
vectorshavenegligiblemagnitudesindthereforearbi-
trary angles.

The processof selectinga scaleis basedon the deriva-
tive of the polarity with respectto scale.First, we com-
pute the polarity at every pixel in the image for

, thus producinga 2stack® of polar

ity imagesacrossscale.Then,for each , the polarity im-
age computedat scale  is convolvedwith a Gaussian
with standarddeviation to yield a smoothedpolarity
image . For eachpixel , we selectthe scale

asthe ®rstvalueof for which the differ-

encebetweervaluesof polarity at successivecaleq

) is lessthan2%. By this procesave areperforminga

soft versionof local spatialfrequencyestimationsincethe
smoothedolarity tendsto stabilizeoncethe scalewindow

encompassesne approximateperiod. Becausewe stop at
, thelargestperiodwe candetectis approximately

10 pixels.Notethatin uniformregionsthe selectedscaleis



notmeaningfulandis setto zero.We declarearegionto be
uniformif its meancontrastacrossscaleis lessthan
Anothermethodof scaleselectiorthathasbeerproposed
[15] is basedon localizing extremaacrossscaleof anin-
variantof  , suchasthetraceor determinantin this al-
gorithm,which is appliedto the problemof estimatingthe
slantandtilt of surfaceswith tangentiakexture,it is neces-
saryto performnaturalsmoothingatascaletiedto thearti®-
cial scale We foundthatthis extrasmoothingcompromised
thespatiallocalizationability of ourscaleselectiormethod.

Texture features

Onceascale is selectedor eachpixel, that pixel is
assignedhreetexturedescriptorsThe®rstis the polarity at
thatscale, . The othertwo, which aretakenfrom

, aretheanisotropyde®neas , andthe
normalizedtexturecontrastde®necdas 3
Thesearerelatedto derivedquantitiesreportedn [15].

2.3 Combining color, texture, and position
features

The ®nalcolor/texturedescriptorfor a given pixel con-
sistsof six values:threefor colorandthreefor texture.The
threecolor componentarethe L*a*b* coordinategound
afterspatialaveragingisingaGaussiamattheselectedcale.
Thethreetexturecomponentsare ,and , computedht
theselectedcale theanisotropyandpolarity areeachmod-
ulatedby thecontrastsincetheyaremeaningless regions
of low contrastIn effect, a giventexturedpatchin animage
®rsthasits texturepropertieextractedandthenis replaced
by asmoothpatchof averagedolor(seerigure2(b)).In this
mannerthecolorandtexturepropertiesn agivenregionare
decoupledfor exampleazebrabecomes grayhorseplus
stripes.

Notethatin thisformulationof thecolor/texturedescrip-
tor, orientationandselectedscaledo not appeairin the fea-
turevector;asaresult,groupingcanoccuracrossariations
in orientationandscale.

Finally, we appendhe positionof thepixel to the
featurevector Including the position generallydecreases
oversegmentatioandleadsto smootheregions As seenn
Section3.3, large, uniform backgroundareasin the image
aresometimesrbitrarily splitinto two piecesdueto theuse
of positionasa feature.On the whole, howevey including
positionyieldsbettersegmentatioresultshanexcludingit.

3 Grouping pixelsinto regions

Onceanimagehasbeenprocessedsingthe abovefea-
tureextractiorschemetheresultis alargesetof featurevec-
tors,whichwe mayregardaspointsin aneight-dimensional

3If we useacentered®rstdifferencekernelin thegradientcomputation,
thefactorof 2 makes rangefromOto 1.

featurespaceln orderto dividethesepointsinto groupswe
makeuseof the Expectation-Maximizatio(EM) algorithm
[8] to determinethe maximumlikelihood parameter®f a
mixtureof  Gaussiané thefeaturespace.

The EM algorithmis usedfor ®ndingmaximumlikeli-
hoodparameteestimatesvhenthereis missingor incom-
pletedata.ln our casethemissingdatais theGaussiartlus-
terto which the pointsin thefeaturespacebelong.We esti-
matevaluesto ®llin for theincompletedata(the®E Step®),
computethe maximumlikelihood parameteestimateais-
ing thisdata(the®M Step®),andrepeauntil asuitablestop-
ping criterionis reachedln thecasewhereEM is appliedto
learningthe parameterfor a mixture of Gaussiangt turns
outthatbothstepscanbecombinednto asingleupdatestep,
aswe shallseein thefollowing description.

Assumethatwe areusing  Gaussiangn the mixture
model.(Wewill returnto thematterof choosing shortly)
Theform of the probabilitydensityis asfollows:

where is a featurevector the 'srepresenthe mixing
weights( ), representshe collectionof pa-
rameters ,and isamultivariate

Gaussiarmensityparameterizetly (i.e., and ):

with , thedimensiorof thefeaturespace.
The ®rststepin applyingthe EM algorithmto the prob-
lemathandis toinitialize  meanvectors and
covariancematrices to represeneachof the
groups.We settheinitial covariancego be theidentity
matrix. We initialize the meansy ®ndingthe averagdea-
ture vectorin eachof  windowsin the image(seeFig-
ure 4). On subsequentestartof the EM iteration,we add
a smallamountof noiseto eachmean.We havefoundthat
usingthis data-driverinitializationyieldsslightly betterre-
sults than randominitialization, becausehe initial Gaus-
siansbettercovertheoccupiedegionsof thefeaturespace;
howevertheexactinitializationis notcritical to thesuccess
of thesegmentatioalgorithm.
Theupdateequationgakeon thefollowing form:




Figure 4. Windows for initializing the EM means. For a given
eachofthe initial means is found by averaging the feature vec-
torsin one of the  windows. On subsequent restarts, Gaussian
noise is added to each mean to choose the initial EM means.
(When , the two sets of windows are used for alternate
restarts.) Because the images in our collection generally follow
the conventions of photographic composition, these window ar-
rangements tend to initialize one mean corresponding roughly
to the dominant object in the image and the other means corre-
sponding to other objects or background regions.

where isthetotalnumberof featurevectorsj.e.thenum-
berof pixels,and is theprobabilitythatGaussian
®tsthepixel , giventhedata :

This updateschemeallows for full covariancematrices;
variantsincluderestrictingthe covarianceo bediagonalor
a constantimesthe identity matrix. Full covariancenatri-
cesaresuitedto our problem,sincemanyplausiblefeature
clustergequireelongatedovarianceshapesg.g.theshades
of grayalongtheL* axisof thecolorspace.

The aboveupdateequationsare repeateduntil the log
likelihood

increasedy lessthan1% from oneiterationto the next. (If

this doesnot happernwithin 10 iterations,a stopis forced.)
Werepeathisiterationfour times,addingGaussiamoiseto

theinitial meanseachtime; this allowsusto avoid shallow
local maxima.

3.1 Model selection

We havethusfar not discussedow to choose , the
numberof mixture componentsldeally we would like to
choosethatvalueof  that bestsuitsthe naturalnumber
of groupspresentin the image. (Note that eachof these
color/texturegroupsmay include severalspatially disjoint
regionsn theimage.)Onereadilyavailablenotionof good-
nessof ®tis thelog-likelihood. Giventhisindicatot we can
apply the Minimum DescriptionLength (MDL) principle
[34, 35 to selectamongvaluesof . This canbe opera-
tionalizedasfollows [34, 37]: choose to maximize

where is the numberof free parametersieededor a
modelwith  mixture componentsin the caseof a Gaus-
sianmixturewith full covariancematriceswe have

As aconsequencef this principle,whenmodelsusingtwo
valuesof  ®tthedataequallywell, the simplermodelwill
bechosenForourexperiments, rangedrom2to5.

It is importantto notethatwe arenot trying to ®ndthe
arue®  or atrue® Gaussiardistribution. Thereis no such
thing;theimagesverenot producedy drawingpixelsfrom
amixtureof Gaussiamistributions.Ratherwe aretrying to
chooseclustersthatallow us to segmenthe imageseffec-
tively.

3.2 Postprocessing

Once a model is selected,the next step is to per
form spatial grouping of those pixels belongingto the
samecolor/texturecluster We ®rstproducea -levelim-
age which encodespixel-clustermembershipsy replac-
ing eachpixel with the label of the clusterfor which it at-
tainsthe highestlikelihood (seeFigure 2(d)) and running
a connected-componengdgorithmto ®ndimageregions.
(Theremaybemorethan of theseregions.)

While spatially averagingthe color featuresallows us
to group, for example black and white zebrastripesinto
oneregion,it alsocause®bjectboundarieso be blurredin
the color-featureimage.As a result,boundariesn theraw
clustermembershigmagedo notalignexactlywith bound-
ariesin theoriginalimage.In orderto mitigatethis problem,
we performa simplepostprocessingtep:

1. Find the color histogramof eachregion (minus its
boundary) using the original pixel colors (before
smoothing).

2. Foreachpixel (in colorbin ) ontheboundaryetween
two or moreregionsyeassigfit totheregionwhosehis-
togramvalue is largest.(Thisis the maximumlikeli-
hoodestimateof the regionmembershigpasedon the
regions'color distribution)

We iteratethis procesdour times.(We havefound thatthe
boundariedrom the EM clusteringare rarely misaligned
with thetrue objectboundariedy morethanfour pixels.)
Finally, to enforcea minimal amountof spatialsmooth-
nessin the®nalsegmentationye applya maximum-
vote®lterto the outputof the postprocessingtep(seeFig-
ure2(e)).
ThesegmentatioprocesgmostlyMatlabcode)takesb+
7 minutesperimageon a 300MHz Pentiumll. We process
theimagesof ine andon multiple machinesn parallel.



3.3 Segmentationresults

Figuresst6showthe®nalsegmentationf 80 randomly
selectedmages(Segmentationfor all 10,000imagesmay
be seenat http://elib.cs.berkelegdu/segmentation.)he
segmentatiomesultsare generallygood, but severalkinds
of @errors®maybeseenin afew of theimages:

Large backgroundareasmay be arbitrarily split into
tworegionsdueto theuseof positionin thefeaturevec-
tor.

The region boundariessometimesdo not follow ob-
ject boundarieexactly evenwhenthe objectbound-
aryis visually quite apparentThis occursbecausehe
colorfeatures average@crosobjectboundariesThis
problemis mitigatedbut notentirelyeliminatedby the
postprocessingescribedn Section3.2.

In somecaseghe objectof interestis missed split, or
megedwith otherregionsbecausd is notvisuallydis-
tinct. This occursin suchcasesascamou agedchee-
tahsandelephantsvhich meige with the background.
Thesearenotactuallyerrorsof the segmentatioalgo-
rithm, since®ndingthe 2correct® segmentatiomvould
rely on high-levelsemantidknowledge.

In rarecasesvisuallydistinctobjectis simplymissed.
This error occursmainly when no initial meanfalls
neartheobject'sfeaturevectors.

The ®rsteffect doesnot hamperquery performancepver
segmentinguniform backgroundregionsjust yields two
blobs with similar color and texture descriptorsand the
shapeof backgroundblobsis notimportant Missingthetrue
objectboundarysimply perturbstheregion's color andtex-
ture descriptorsslightly. Missing hard-to-®ndbjectsmay
causdahoseimagesotto berankedhighly in aquery;how-
ever usersare generallylooking for good examplesof an
easilyvisible object,sothe practicaleffect on queryperfor
mancds minimal. Thelasterrortruly hampergerformance,
becausé causegioodimagegobemissedn thequery For-
tunately this erroroccursonly rarely

4 Describingthe regions

We storea simpledescriptionof eachregion's colorand
texturecharacteristics.

In orderto representhecolordistributionof eachregion,
we storethecolorhistogranof thepixelsin theregion.This
histogranis basedn binswith width 20in eachdimension
of L*a*b* spaceThisspacingyields®vebinsin thelL* di-
mensionandtenbinsin eachof the a* andb* dimensions,
for atotal of 500 bins. However not all of thesebins are
valid; the gamutcorrespondingo con-
tainsonly 218binsthatcanbe®lled.

To matchthe color of two regions,we usethe quadratic
distancebetweertheir histograms and [18]:

where isasymmetriamatrixof weightsbetweerd

andl representinghesimilarity betweerbins and based
on the distancebetweenthe bin centersneighboringbins
haveaweightof 0.5.Thisdistanceneasurallowsusto give

a high scoreto two regionswith similar colors,evenif the
colorsfall in differenthistogrambins.

For eachblob we storethe meantexture contrastand
anisotropy Thedistancebetweertwo texturedescriptorss
de®nedasthe Euclideandistancebetweerntheir respective
valuesof contrastandanisotropy contrast(Anisotropyis
modulatedby contrasbecausét is meaninglesg areasof
low contrast.)We do not includepolarity in the regionde-
scriptionbecausat is generallylarge only alongedges;t
would not help us distinguishamongdifferentkinds of re-
gions.



Figure 5. Segmentation of randomly selected images of tigers, cheetahs/leopards/jaguars, zebras, airplanes, and bald eagles. Boundaries
and regions smaller than 1% of the image (which do not become blobs) are shown in gray.



Figure 6. Segmentations of randomly selected images of black bears, elephants, brown bears, polar bears, and brown horses. Boundaries
and regions smaller than 1% of the image (which do not become blobs) are shown in gray.



5 Imageretrieval by querying

In the pastfew yearsa variety of imageretrieval sys-
temshavebecomeavailable.Most of thesesystemsoper
atein a similar way: the userperformsa query by choos-
ing animagewhich is somewhasimilar to the desiredim-
age(or by submittinga sketchof thedesiredmage)andset-
ting a few 2knobs°to specifywhich propertiege.g.,over
all color, overalltexture,composition)areimportantto the
guery Uponseeinghequeryresultstheusemmayadjustthe
knobsandsubmita new querybasedon the originalimage
oroneof thereturnedmagesin afew systemstheusemay
alsolabeltheretrievedmagesasgoodor badmatchesn or-
derto providemoreinformationto theretrievalalgorithm;
thisis calledrelevancdeedbacl19].

Two major shortcomingf suchinterfacesare a lack
of usercontrol and the absenceof information aboutthe
computersview of theimage.Unlike with textsearchedn
which the usercanseethe featuregwords)in a document,
noneof the currentimageretrievalsystemsallowstheuser
to seeexactly what the systemis looking for in response
to a query As a result,a queryfor a bearcanreturnjust
aboutanythingif the queryis not basedon imageregions,
thesegmentatiofails to 2®nd°thebearin thesubmittedm-
age,or the submittedimagecontainsother distinctive ob-
jects.Without knowing thatthe inputimagewasnot prop-
erly processedhe usercanonly wonderwhatwentwrong.
In orderto helptheuserformulateeffective queriesandun-
derstandheirresults aswell asto minimizedisappointment
dueto overly optimistic expectation®f the systemwe be-
lievethesysterrshoulddisplayits representationf thesub-
mitted and returnedimagesand should allow the userto
specifywhich aspect®f thatrepresentatioarerelevantto
thequery

5.1 Queryingin Blobworld

In our systemtheusercomposes queryby submitting
animagetothesegmentation/featuextractioralgorithmin
orderto sedts Blobworldrepresentatiorselectingheblobs
to match,and®nallyspecifyingthe relativeimportanceof
theblob features(Queryperformancaes robustto changes
in theblob andfeatureweights;perturbingheweightsusu-
ally changeghequeryresultsonly slightly.)

We de®nean 2atomic query® asone which speci®es
particularblobto match(e.qg. 2like-blob-1°). A 2compound
guery®is de®nedseitheranatomicqueryor aconjunction
or disjunctionof compoundjueries(®like-blob-1 andlike-
blob-2°). The usermay alsospecifytwo blobswith a par
ticular spatialrelationshipasanatomicquery(@like-blob-1-
left-of-blob-2°).

Once a compoundquery is speci®edwe score each
databasémagebasedon how closelyit satis®eshe com-
poundquery Thescore for eachatomicquery(like-blob-
i) with featurevector is calculatedasfollows:
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1. For eachblob
vector ):

in the databaseémage (with feature

(a) Find the Mahalanobigdistancebetween and

(b) Measurghesimilarity betweerthetwo blobsus-

ing — . Thisscoreis 1 if theblobsare
identicalin all relevantfeatures;t decreasesas
thematchbecomedessperfect.

2. Take

Thematrix is block diagonal.Theblock correspond-
ing to thetexturefeatureds anidentity matrix, weightedby
the textureweight setby the user The block correspond-
ing to the colorfeaturedsthe  matrix usedin ®ndingthe
guadratiadistanceweightedby the color weightsetby the
user

Thecompoundjueryscorefor thedatabasemageis cal-
culatedusing fuzzy-logic operationg23]. For example if
the queryis @like-blob-1 and(like-blob-2 or like-blob-3),°
the overall scorefor theimageis .
The usercanalso specifya weighting  for eachatomic
query If @like-blob-i° is part of a disjunctionin the com-
poundquery theweightedscorefor atomicquery is

; If it is in a conjunction,its weightedscoreis

We thenranktheimagesaccordingto overallscoreand
returnthebestmatchesindicatingfor eachimagewhichset
of blobsprovidedthe highestscore;this informationhelps
theuserre®nehe query After reviewingthe queryresults,
the usermay changethe weighting of the blob featuresor
mayspecifynewblobsto matchandthenissueanewquery

Including the background

In many casedesiredimagesare characterizedby one
importantobjectanda distinctivebackgrounde.g.,an ea-
gle in the sky). In orderto facilitate such queries,we al-
low the userto choose*background®ratherthana second
blob.Whenthis optionis usedthescorefor eachblobin the
databasémageis basedon the distancebetweerthe query
blob andthe databasélob aswell asthe distancebetween
the color histogramof the complementf the queryblob
(i.e.,all pixelsnotin the queryblob) andthe complement
of the databasélob. Note that this is quite differentfrom
matchingglobal histogramf the entireimage,aswe are
still looking for regionsof coherentolor andtexture.

5.2 Results

We have performeda variety of queriesusing a set of
10,000 imagesfrom the commercial Corel stock photo
collection.Thequerysystemis onlineat
http://el ib. cs.b erk el ey. edu/ photo s/b lo bworl d.



Samplequeriesare shownin Figures7+10. Querieson
10,000imagesrequire10+15seconddor global histogram
and single-blob queries, 20+25 secondsfor two-blob
gueries,and 35+55seconddor blob+backgroundjueries.
(TheWebserveris adual-processot67MHz UltraSparc.)
Elsewherave describeanindexingschemewhich provides
fasterretrievalwith only a smallreductionin precision[7].

5.3 Comparisonto global histograms

We expectedthat Blobworld queryingwould perform
well in caseswhere a distinctive objectis centralto the
query In orderto test this hypothesiswe performed50
gueriesusingboth Blobworld and global color andtexture
histograms.

We selectedenobjectcategoriesairplanesplackbears,
brown bears, cheetahs,eagles, elephants,horses, polar
bearstigers,andzebrasTherewerebetweer80and200ex-
amplesof eachcategoryamongthe 10,000images.

We comparedhe Blobworld resultsto a ranking algo-
rithmthatusedheglobalcolorandtexturehistogram®fthe
samel0,000images.The color histogramausedthe same
218bins asBlobworld, alongwith the samequadraticdis-
tance Fortexturehistogramswe discretizedhetwo texture
featurednto 21 bins each.Whenusingglobal histograms,
we foundthatcolor carriedmostof the usefulinformation;
varyingthetextureweightmadeverylittle differenceto the
gueryresults.

Foreachcategorywe testedqueriesusingtwo blobs,one
blob plusbackgroundandglobal histogramsin eachcase
we performeda few testqueriesto selectthe weightsfor
color andtextureandfor eachblob. We thenqueriedusing
®venew images.(We usedthe sameweightsfor eachim-
agein a categony) In Figure11 we plot the averagepreci-
sion(thefractionof retrievedmageswvhicharerelevantys.
recall (the fraction of relevantimageswhich areretrieved)
for eachof the ten categories(The 10,000databasem-
ageswere markedas @relevant® or 2not relevant®to each
category+i.e.containingthe objector not+bya humanob-
server)

The resultsindicate that the categoriesfall into four
groups:

distinctive objects: The color and texture of chee-
tahs, tigers, and zebras are quite distinctive, and
Blobworld performance(using either two blobs or
blob+background)is better than global histogram
performance.

distinctive scenes:Formostof theairplaneémagestheen-
tire scends distinctive(a small gray objectandlarge
amount®f blue),buttheairplaneregionitself hasquite
acommon(andvariable)colorandtexture Globalhis-
togramsdo betterthan Blobworld in the airplanecat-

1

egory Global histogramsare alsoslightly betterthan
Blobworld on brownbearimages.

distinctive objectsand scenes:Bald eagle images are
characterizedy both a somewhatdistinctive object
and a distinctive background. Blob+background
gueriegperformmuchbetterin this categorithanboth
two-blob andglobal histogramqueries.(Contrasthis
to the airplanecase;bald eaglesare muchmore con-
sistentin color thanare airplanes.Blob+background
gueriesfor black bearsalso performbetterthanboth
two-blobandglobalhistogramgueries.

other: Thetwo methodperformcomparablyonthe other
categorieselephantspolar bears,and brown horses.
Blobs with the samecolor and texture as theseob-
jectsarecommonin thedatabaseyuttheoverallscene
(a generaloutdoorscene)s alsocommon,so neither
Blobworld nor global histogramshas an advantage,
given that we usedonly color andtexture.However
histogramscan be takenno further, while Blobworld
hasmuchroomleft forimprovementForexamplethe
shapeof elephantsbearsandhorsegaswell asair-
planesandotherobjects)aredistinctive.

Theseresults support our hypothesisthat Blobworld
yieldsgoodresultswhenqueryingfor distinctiveobjects.

In additionto betterquery performanceBlobworld has
otheradvantageselativeto global histogramsFor exam-
ple,we havedeveloped sketchinterfacethatallowsauser
to constructa queryby drawingseveralblobsandspecify-
ingtheircharacteristicqyuildingaqueryin thiswayis much
moreintuitive thanspecifyingaglobalcolorhistogranfrom
scratch.In addition, Blobworld hasthe potentialto incor-
porateshapeinformationin the region description,while
globalhistogramgaswell asmethodsncorporatingsimple
spatialinformationin thecolorhistogramylonotencodehe
regioninformationnecessaryo performshapegueries.



Figure 7. Blobworld query for tiger images using two blobs. The
overall weights are 1.0 for the tiger blob and 0.5 for the grass
blob. For both blobs, the color weightis 1.0 and the texture weight
is 0.5.

Figure 8. Blobworld query for zebra images using two blobs. The
overall weights are 1.0 for the zebra blob and 0.5 for the grass
blob. For the zebra blob, both color and texture weights are 1.0.
For the grass blob, the color weight is 1.0 and the texture weight
is 0.5.
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Figure 9. Blobworld query for cheetah images using one blob
plus the background. The overall weights are 1.0 for the chee-
tah blob and 0.5 for the background. For the cheetah blob, both
color and texture weights are 1.0. (Only color is used for the back-
ground score.)

Figure 10. Blobworld query for airplane images using one blob
plus the background. The overall weights are 0.5 for the airplane
blob and 1.0 for the background. For the airplane blob, the color
weight is 1.0 and the texture weight is 0.5. (Only color is used for
the background score.)



tigers cheetahs

1 .
al -~ two blobs
5 1 -4~ blob+background
@ -6} - global histogram
S 4
o L
2f
0
1
c 8}
@ 6f
3t
o 4
o L
2f
0 i
black bears
1
c 8y
@ 6)
3t
QL 4
o L
2f
ol o—0b
elephants brown bears
c 8y
@ -6
3 |
Q 4
o L
2f
0
polar bears brown horses
c 8y
@ 6f
3t
Qo 4 1 ] ]
o | ] | X
.2% 1 — 1
0 = S SN | SR SRR S
0 A 2 3 0 A 2 3

recall recall

Figure 11. Precision vs. recall of queries using two blobs, one blob plus background, and global histograms for ten categories. Blobworld
performs better on queries for distinctive objects such as tigers, cheetahs, and zebras, while global histograms perform better on queries
for distinctive scenes such as airplane scenes. Queries using one blob plus the background do better than both two-blob queries and global
histogram queries for eagles and black bears, where both the object and the scene are distinctive. (Chance would yield precision ranging
from 0.003 for zebras to 0.02 for airplanes.)
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5.4 Why are somequeries harder than oth-
ers?

In additionto the variationin relative performancebe-
tween Blobworld and global histogramsin severalcate-
gories, thereis also a variation in absoluteperformance
amongthe categoriesQueriesfor tigers,cheetahszebras,
bald eaglesandbrownhorsesare®easy?in thattheyyield
high precisionfor at leastoneof the querytypes.Queries
for elephantsblack bearsandpolarbears;n contrastare
ahard°zallquerytypesyield low precisionfor theseobjects.
Intuitively, thelatter categoriesiredif®cultbecauséhe ob-
jectsandscenesrenot distinctive;therearethousand®f
imagesn thedatabasevith gray, brown,or white blobsset
in anoutdoorsceneAn imagein oneof thesecategoriesvill
havealargenumberof imagedrom othercategoriesiearby
in thedescriptiorspacewhichwill resultin low querypre-
cision.

Thisintuition canbequanti®edby examininghescoreof
imagegeturnedhearthetop but notatthetop of theranked
list. Mostof theseémagesarefalsepositivestheir scoresn-
dicatehow closetheyareto the queryimageandthussug-
gesthow many false positivesare locatednearthe query
image.For eachof the two-blob querieswe examinedhe
scoreof theimageranked50th (ascalculatedoy the query
algorithm)andthe precisionof thetop 50imageqbasecbn
groundtruth).We®ndthatqueriesvith highscoresandthus
manynearbyneighborsgenerallyhavelow precision.Fig-
ure 12 showsthe expectedstrongnegativecorrelation(lin-
earcorrelationcoef®cient= -0.59)betweerthe scoreof the
imageranked50th andthe precisionof the top 50 images.
Theseresultssupportthe intuition that 2hard® queriesare
characterizedby havingmanynearbyneighborsan the de-
scriptionspace.

6 Discussion

The basic goal in content-basedmage retrieval is to
bridgethegapfrom thelow-levelimagepropertieg@stuff°)
we candirectly accesso the objects(3things®) userggener
ally wantto ®ndin imagedatabasesye seeimageretrieval
asultimatelyan objectrecognitionproblem.We proposea
generahpproactio this problem,to proceedn threesteps:

1. Group pixelsinto regionswhich arecoherenin low-
levelpropertiesandwhich generallycorrespondo ob-
jectsor partsof objects.

2. Describetheseregionsin waysthataremeaningfulto
theuser

3. Accesstheseregiondescriptionsgitherautomatically
or with userintervention to retrievedesiredmages.

In the currentimplementationwe group pixels into re-
gions by modelingthe joint distribution of color, texture,
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Figure 12. Scatterplot of precision of top 50 retrieved images vs.
score of image ranked in 50th place. Data are from ®vequeries
in each of ten categories, using two blobs. The linear correlation
coef®cientis -0.59, indicating a strong negative correlation. The
best-®ttingline is shown.

and position featureswith a mixture of Gaussiansising
Expectation-Maximizatiorand the Minimum Description
Lengthprinciple. After grouping,we describethe regions
usingsimplecolorandtexturepropertiesFinally, we access
thesedescriptionsn a queryingframeworkto retrieveim-
ages.

This approachis modular;the threestagesare separate
andsomewhatndependentn thefuturewe mightreplace
or improvethethreemodules:

1. Since any segmentationalgorithm will sometimes
oversegmentbjectswe mightincludea groupingal-
gorithm in the systemto build objectsout of object
parts.Forexampleazebramaybeoversegmenteiaito
trunk, legs,andhead;we would like to recognizethat
the stripesaresimilar andgroupthe partsinto onere-
gion. One suchalgorithm would use Gestaltfactors
[45] suchasproximity, similarity, andsymmetryto join
segmentedegionsinto groupsthatarelikely to corre-
spondto completeobjects.We might alsousesimple
objectmodelsto hypothesizgroupings.

. Our currentfeaturesclearly do not encodeall the im-
portantinformationaboutthe blob: a zebrais funda-
mentallydifferentfrom a stripedawning,andshapes
thede®nindeaturethatdifferentiateghe two.

. We planto exploreautomaticclassi®catiolf images
into categorieshasedon the region descriptionsWe
might also useinformationaboutthe spatialrelation-
shipsamongblobsfor bothqueryingandclassi®cation.



(Onepossibilityis the body plan approachof Forsyth
andFleck[12].)

Addedcomplexityin the latter stagesdependdo some
extenton improvementsn the ®rststagejricher shapeand
con®guratiofinformationwill be mostusefulif segmenta-
tion qualityimproves.

Finally, someremarksonthebroadeimplicationsof this
line of researctio computervision in generallt is a com-
monbeliefin the computervision communitythatgeneral-
purposémagesegmentatiors ahopelesgoal. Thishasled
totwodistinctresponses thecontent-basedueryingcom-
munity andthe objectrecognitioncommunity Researchers
interestedn content-baseduerying havefocusedon de-
scriptorssuchascolor histogramawvhich canoperatdan the
absencef segmentationtesearchers objectrecognition
haveeithersetup situationswheresegmentatiois not an
issue(putting the objecton a black backgrounds a stan-
dardtrick) or searchedor awell-de®nedspeci®cgeomet-
ric modelor photometridemplatein theimage.

Ourbeliefis thatsegmentationyhile imperfectjs anes-
sential®rststep,asthe combinatoricof searchingor all
possibleinstancef a classis intractable A combinedar-
chitecturefor segmentatioandrecognitionis neededanal-
ogousto inferenceusingHiddenMarkov Modelsin speech
recognition.We cannotclaim thatour frameworkprovides
anultimatesolutionto this centralproblemin computewi-
sion. What the task doesoffer are a numberof desirable
attributesasa testbeda richnessof imagerythatexcludes
acheat®solutions somethindike theright kind of modules,
andausefulandimportantrolefor learningto capturentra-
classvariations.Theresultsin this paperprovideabaseline
performancen awidely availableimagedatasethatcould
be usedfor testingother proposedapproachesindividual
modulescanalsobetestedfor their impacton overallper
formance.
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