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Abstract

Retrievingimagesfromlargeandvariedcollectionsus-
ing imagecontentasa keyis a challengingandimportant
problem.Wepresenta newimagerepresentationwhichpro-
videsa transformationfrom the raw pixel data to a small
setof imageregionswhich are coherent in color and tex-
ture.ThisªBlobworldº representationis createdbycluster-
ingpixelsin a joint color-texture-positionfeaturespace.The
segmentationalgorithmis fully automaticandhasbeenrun
ona collectionof 10,000natural images.

We describea systemthat usestheBlobworldrepresen-
tation to retrieveimagesfromthis collection.An important
aspectof thesystemis thattheuseris allowedtoviewthein-
ternal representationof thesubmittedimageandthequery
results.Similar systemsdo not offer theuserthis viewinto
theworkingsof thesystem;consequently, queryresultsfrom
thesesystemscanbeinexplicable,despitetheavailabilityof
knobsfor adjustingthesimilarity metrics.

By ®ndingimageregionswhich roughlycorrespondto
objects,we allow queryingat the level of objectsrather
thanglobal imageproperties.We presentresultsindicating
that queryingfor distinctiveobjectsusingBlobworldpro-
ducessigni®cantlyhigherprecisionthandoesqueryingus-
ing color andtexture histogramsof theentire image.

1 Intr oduction
Very largecollectionsof imagesaregrowingevermore

common. From stock photo collections and proprietary
databasesto theWorld Wide Web,thesecollectionsaredi-
verseand often poorly indexed;unfortunately, imagere-
trievalsystemshavenot keptpacewith thecollectionsthey
aresearching.Thelimitationsof thesesystemsincludeboth
theimagerepresentationstheyuseandtheirmethodsof ac-
cessingthoserepresentationsto ®ndimages:

� While usersgenerallywant to ®ndimagescontaining
particularobjects(ªthingsº) [9, 13], mostexistingim-
ageretrievalsystemsrepresentimagesbasedonly on

�
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their low-level features(ªstuff º), with little regardfor
thespatialorganizationof thosefeatures.

� Systemsbasedon userqueryingareoftenunintuitive
andoffer little help in understandingwhy certainim-
ageswerereturnedandhow to re®nethequery. Often
theuserknowsonly thathehassubmitteda queryfor,
say, a bearbut in returnhasretrievedmanyirrelevant
imagesandvery few picturesof bears.

In this paperwepresentªBlobworld,º a newframework
for imageretrievalbasedon segmentationinto regionsand
queryingusingpropertiesof theseregions.Theregionsgen-
erallycorrespondto objectsor partsof objects.While Blob-
world doesnot exist completelyin the ªthingº domain,it
recognizesthenatureof imagesascombinationsof objects,
and queryingin Blobworld is more meaningfulthan it is
with simpleªstuff º representations.

Imagesegmentationis adif®cultproblem.Segmentation
algorithmsinevitablymakemistakes,causingsomedegra-
dationin performanceof anysystemthatusesthesegmen-
tationresults.As a result,designersof imageretrievalsys-
temshavegenerallychosento useglobalimageproperties,
which do not dependon accuratesegmentation.However,
segmentingan imageallows us to accessthe imageat the
level of objects. We believethis ability is critical to image
retrievalandtoprogressin objectrecognitionin general.We
havedevelopedasegmentationalgorithmthat,while imper-
fect, providessegmentationsthataregoodenoughto yield
improvedqueryperformancecomparedto systemsthatuse
globalproperties.

In orderto segmenteachimageautomatically, wemodel
the joint distribution of color, texture, and position fea-
tureswith a mixtureof Gaussians.We usetheExpectation-
Maximization(EM) algorithm[8] to estimatethe parame-
tersof this model;the resultingpixel-clustermemberships
provideasegmentationof theimage.After theimageis seg-
mentedinto regions,adescriptionof eachregion'scolorand
texturecharacteristicsis produced.In a queryingtask,the
usercanaccesstheregionsdirectly, in orderto seetheseg-
mentationof thequeryimageandspecifywhich aspectsof
theimageareimportantto thequery. Whenqueryresultsare
returned,theuseralsoseestheBlobworldrepresentationof
eachretrievedimage;this informationassistsgreatlyin re-
®ningthequery.

Webeginthispaperbybrie¯y discussingthecurrentstate
of imageretrieval.In Sections2±3we describethe feature



extractionandsegmentationalgorithm.In Section4 wedis-
cussthe descriptorsassignedto eachregion.In Section5
we presenta querysystembasedon Blobworld,aswell as
resultsfrom queriesin a collectionof 10,000highly varied
naturalimages.We concludewith a brief discussionof our
approachandsomeproposeddirectionsfor futurework.

Portionsof this work havebeenpublishedin [4, 6, 7].

1.1 Relatedwork
Thebest-knownimagedatabasesystemis IBM' sQuery

by ImageContent(QBIC) [10], whichallowsanoperatorto
specifyvariouspropertiesof a desiredimage.The system
thendisplaysa selectionof potentialmatchesto thosecri-
teria,sortedby a scoreof theappropriatenessof thematch.
Regionsegmentationis largelymanual,but recentversions
of QBIC [2] containsimpleautomatedsegmentationfacil-
ities. Photobook[31] incorporatesmoresophisticatedrep-
resentationsof textureandadegreeof automaticsegmenta-
tion.Otherexamplesof systemsthatidentifymaterialsusing
low-levelimagepropertiesincludeVirage[17], VisualSEEk
[38], Candid[24], andChabot[29].

Color histograms[41, 42] are commonly usedin im-
age retrieval systemsand have proven useful; however,
thisglobalcharacterizationlacksinformationabouthowthe
color is distributedspatially. Severalresearchershaveat-
temptedto overcomethislimitationby incorporatingspatial
informationin thedescriptor. StrickerandDimai [40] store
the averagecolor and the color covariancematrix within
eachof ®vefuzzy imageregions.Huanget al. [20] storea
ªcolor correlogramºthatencodesthe spatialcorrelationof
color-bin pairs.SmithandChang[39] storethelocationof
eachcolor that is presentin a suf®cientamountin regions
computedusinghistogrambackprojection.

Lipson et al. [26] retrieveimagesbasedon spatialand
photometricrelationshipswithin andacrosssimple image
regions.Little or no segmentationis done;the regionsare
derivedfrom low-resolutionimages.Jacobset al. [21] use
multiresolutionwaveletdecompositionsto performqueries
basedon iconicmatching.

Someof thesesystemsencodeinformationaboutthespa-
tial distributionof color features,andsomeperformsim-
pleautomaticor manually-assistedsegmentation.However,
noneprovidesthelevelof automaticsegmentationanduser
control necessaryto supportobjectqueriesin a very large
imagecollection.Theseapproachesgenerallywork well in
a query-by-exampletaskwhenthe entiresceneis distinc-
tive andrelevant;theyarenotsuitedto thetaskof querying
for generalobjectssuchasanimals,wherelargepartsof the
sceneareirrelevant.

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

Classicalobject recognitiontechniquesusually rely on
cleansegmentationof the object from the restof the im-
ageor aredesignedfor ®xedgeometricobjectssuchasma-
chineparts.Neitherconstraintholdsin the caseof natural
images:theshape,size,andcolor of objectslike tigersand
airplanesarequitevariable,andsegmentationis imperfect.
Clearly, classicalobject recognitiondoesnot apply. More
recenttechniques[32] can identify speci®cobjectsdrawn
from a ®nite(ontheorderof 100)collection,butnopresent
techniqueis effective at the generalimageanalysistask,
which requiresboth imagesegmentationandimageclassi-
®cation.

Ourapproachto segmentationusestheEM algorithmto
estimatethe parametersof a mixture of Gaussiansmodel
of the joint distributionof pixel color andtexturefeatures.
Earlierwork hasusedEM and/ortheMinimum Description
Length(MDL) principleto performsegmentationbasedon
motion[3, 43] or scaledintensities[44], butEM hasnotpre-
viously beenusedon joint color and texture.Relatedap-
proachessuchasdeterministicannealing[33] andclassical
clustering[22] havebeenappliedto texturesegmentation
without color. PanjwaniandHealey[30] haveperformed
segmentationusing a Markov random®eldcolor texture
model.

2 Featureextraction
Creatingthe Blobworld representationof an imagein-

volvesthreesteps(seeFigure1):

1. Selectanappropriatescalefor eachpixel, andextract
color, texture,andpositionfeaturesfor thatpixel at the
selectedscale.

2. Group pixels into regionsby modelingthe distribu-
tionof pixel featureswith amixtureof Gaussiansusing
Expectation-Maximization.

3. Describethecolor distributionandtextureof eachre-
gion for usein a query.

Figure2 illustratesthesestepsfor a sampleimage.

2.1 Extracting color features
Eachimagepixel hasa three-dimensionalcolordescrip-

tor in theL*a*b* color space.This color spaceis approxi-
matelyperceptuallyuniform;thusdistancesin thisspaceare
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(d) EM results: 2, 3, 4, 5 groups

(c) pixel features

(a) original image (b) smoothed image

(e) final segmentation (f) Blobworld

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
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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.

meaningful[46]. Wesmooththecolor featuresasdiscussed
in Section2.3in ordertoavoidoversegmentingregionssuch
astigerstripesbasedonlocalcolorvariation;otherwiseeach
stripewouldbecomeits ownregion.

2.2 Extracting texture features
Textureis a well-researchedpropertyof imageregions,

andmanytexturedescriptorshavebeenproposed,including
multi-orientation®lterbanks[28] andthe second-moment
matrix [11, 15]. We will not elaboratehereon theclassical
approachesto texturesegmentationandclassi®cation,both
of whicharechallengingandwell-studiedtasks.Rather, we
introducea new perspectiverelatedto texturedescriptors
and texturegroupingmotivatedby the content-basedre-
trieval task.

Whereascolor is a point property, texture is a local-
neighborhoodproperty. It doesnotmakesenseto talk about
thetextureof zebrastripesataparticularpixelwithoutspec-
ifying a neighborhoodaroundthatpixel. In orderfor a tex-
turedescriptorto beuseful,it mustprovideanadequatede-
scriptionof the underlyingtextureparameters,andit must
becomputedin a neighborhoodwhich is appropriateto the
localstructurebeingdescribed.

The®rstrequirementcouldbemetto anarbitrarydegree
of satisfactionby usingmulti-orientation®lterbankssuch
assteerable®lters;wechosea simplermethodthatis suf®-
cientfor ourpurposes.Thesecondrequirement,whichmay
bethoughtof astheproblemof scaleselection, hasnot re-
ceivedthe samelevel of attentionin the literature.This is
unfortunate,sincetexturedescriptorscomputedatthewrong
scaleonly confusetheissue.

In thiswork,weintroduceanovelmethodof scaleselec-
tionwhichworksin tandemwithafairly simplebutinforma-
tive setof texturedescriptors.Thescaleselectionmethodis
basedonedge/barpolaritystabilization,andthetexturede-
scriptorsarisefrom thewindowedsecondmomentmatrix.
Both arederivedfrom the gradientof the imageintensity,
whichwedenoteby ��� . Wecompute��� usingthe®rstdif-
ferenceapproximationalongeachdimension.This opera-
tion is oftenaccompaniedby smoothing,butwehavefound
this preprocessingoperationunnecessaryfor the imagesin
ourcollection.

To makethenotionof scaleconcrete,wede®nethescale
to be the width of the Gaussianwindow within which the
gradientvectorsof the imagearepooled.The secondmo-
mentmatrix for the vectorswithin this window, computed
abouteachpixel in theimage,canbeapproximatedusing

����������� �"!$#%�&���'��� �

�

�

���

�(�

���

��)

(1)

where
#*�&���'�+�,�

is a separablebinomialapproximationto a
Gaussiansmoothingkernelwith variance-'. .

At eachpixel location,
�/�&������� �

is a 021�0 symmetric
positivesemide®nitematrix; thusit providesus with three
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piecesof informationabouteachpixel. Ratherthanwork-
ing with theraw entriesin

���

, it is morecommonto deal
with its eigenstructure[5, 11]. Considera ®xedscale- and
pixel location,let

���

and
�

.

(
�������

.

) denotetheeigen-
valuesof

�/�

at that location,and let � denotethe argu-
mentof theprincipaleigenvectorof

� �

. When
���

is large
comparedto

�

.

, the local neighborhoodpossessesa dom-
inantorientation,asspeci®edby � . Whenthe eigenvalues
arecomparable,thereis nopreferredorientation,andwhen
both eigenvaluesarenegligible,the local neighborhoodis
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 fromthenaturalscaleusedin linear
smoothingof raw imageintensities.Notethat -

!

-

���'�+�,�

;
thescalevariesacrosstheimage.1

In orderto selectthescaleatwhich
�

�

is computed,i.e.
to determinethe function -

���'�+�,�

, we makeuseof a local
imagepropertyknownaspolarity.2 Thepolarity is a mea-
sureof theextentto which thegradientvectorsin a certain
neighborhoodall point in the samedirection.(In the com-
putationof secondmoments,this informationis lost in the
outerproductoperation;i.e., gradientvectordirectionsdif-
feringby �
	���
 areindistinguishable.)Thepolarityatagiven
pixel is computedwith respectto thedominantorientation�

in theneighborhoodof thatpixel.Foreaseof notation,let us
considera®xedscaleandpixel location.Wede®nepolarity
as �

�
!�� �����������

�
���

�
�

Thede®nitionsof
�

� and
�

� are

�
�

!�� �� ! #
�

���'��� �#"

����$&%

')(

�

and
�

�

!

�

�� ! #
�

���'��� �#"

����$&%

')(

�

where
"

$

(

� and
"

$

(

� arethe recti®edpositiveandnegative
partsof their argumentand %

' is a unit vectorperpendicu-
lar to � . We canthink of

�
� and

�
� asmeasuresof how

manygradientvectorsin the window
#

�
���'�+�,�

areon the
ªpositivesideºandªnegativesideºof thedominantorienta-
tion,respectively. Notethat

�

�

rangesfrom0to1.(A similar
measureis usedin [25] to distinguisha¯ow patternfrom an
edge.)

1Strictly speaking,eqn.(1) is not a convolution,since *,+.-

�0/21

is spa-
tially variant.

2Polarityis relatedto thequadraturephaseasdiscussedin [14, 16].

ce d

b

a

s = 0
(a) flow;
s = 1.5

(b) flow;
s = 2.5

(c) 2-D texture;
s = 1.5

(d) edge
s = 0

(e) uniform

Figure 3. Five sample patches from a zebra image. (a) and (b)
have stripes (1-D ¯ow) of different scales and orientations, (c) is
a region of 2-D texture, (d) contains an edge, and (e) is a uniform
region.

Thepolarity

�

�

variesasthescale- changes;itsbehavior
in typical imageregionscanbesummarizedasfollows (see
Figure3):

Edge: The presenceof anedgeis signaledby

�

�

holding
valuescloseto 1 for all - .

Texture: In regionswith 2-Dtextureor1-D¯ow,

�

�

decays
with - : asthewindowsizeincreases,pixelswith gradi-
entsin multipledirectionsareincludedin thewindow,
sothedominanceof anyoneorientationdecreases.

Uniform: Whena neighborhoodpossessesa constantin-
tensity,

�

�

takeson arbitraryvaluessincethegradient
vectorshavenegligiblemagnitudesandthereforearbi-
traryangles.

Theprocessof 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 -43

!

5,6

0

�

5

!

�

�

�

�27
727 �98

, thus producinga ªstackº of polar-
ity imagesacrossscale.Then,for each

5

, the polarity im-
agecomputedat scale -&3 is convolvedwith a Gaussian
with standarddeviation 0,-&3 to yield a smoothedpolarity
image :

�

�<;
���'�+�,�

. For eachpixel
���'�+�,�

, we selectthescale
-�=

������� �

asthe®rstvalueof -&3

���'��� �

for which thediffer-
encebetweenvaluesof polarityatsuccessivescales( :

�

�>;

�

:

�

�
;@?BA

) is lessthan2%.By thisprocessweareperforminga
soft versionof local spatialfrequencyestimation,sincethe
smoothedpolarity tendsto stabilizeoncethescalewindow
encompassesoneapproximateperiod.Becausewe stopat

-
3

!DC)7FE

, thelargestperiodwecandetectis approximately
10pixels.Notethatin uniformregionstheselectedscaleis
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notmeaningfulandis setto zero.We declarea regionto be
uniformif its meancontrastacrossscaleis lessthan �

7

� .
Anothermethodof scaleselectionthathasbeenproposed

[15] is basedon localizing extremaacrossscaleof an in-
variantof

�/�

, suchasthe traceor determinant.In this al-
gorithm,which is appliedto theproblemof estimatingthe
slantandtilt of surfaceswith tangentialtexture,it is neces-
saryto performnaturalsmoothingatascaletiedto thearti®-
cial scale.Wefoundthatthisextrasmoothingcompromised
thespatiallocalizationability of ourscaleselectionmethod.

Texture features
Oncea scale -�= is selectedfor eachpixel, that pixel is

assignedthreetexturedescriptors.The®rstis thepolarityat
thatscale,

�

!

�

�

� . The othertwo, which aretakenfrom
���

� , aretheanisotropy, de®nedas �

!

� �

�

.

6����

, andthe
normalizedtexturecontrast,de®nedas �

!

0

�

� �

�

�

.

.3

Thesearerelatedto derivedquantitiesreportedin [15].

2.3 Combining color, texture, and position
features

The®nalcolor/texturedescriptorfor a givenpixel con-
sistsof six values:threefor colorandthreefor texture.The
threecolor componentsarethe L*a*b* coordinatesfound
afterspatialaveragingusingaGaussianattheselectedscale.
Thethreetexturecomponentsare �

�

�

�

� , and � , computedat
theselectedscale;theanisotropyandpolarityareeachmod-
ulatedby thecontrast,sincetheyaremeaninglessin regions
of low contrast.In effect,agiventexturedpatchin animage
®rsthasits texturepropertiesextractedandthenis replaced
byasmoothpatchof averagedcolor(seeFigure2(b)).In this
manner, thecolorandtexturepropertiesin agivenregionare
decoupled;for example,a zebrabecomesa grayhorseplus
stripes.

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

Finally, weappendthe
���'��� �

positionof thepixel to the
featurevector. Including the position generallydecreases
oversegmentationandleadsto smootherregions.As seenin
Section3.3, large,uniform backgroundareasin the image
aresometimesarbitrarilysplit into two piecesdueto theuse
of positionasa feature.On thewhole,however, including
positionyieldsbettersegmentationresultsthanexcludingit.

3 Grouping pixels into regions
Onceanimagehasbeenprocessedusingtheabovefea-

tureextractionscheme,theresultisalargesetof featurevec-
tors,whichwemayregardaspointsin aneight-dimensional

3If weuseacentered®rstdifferencekernelin thegradientcomputation,
thefactorof 2 makes� rangefrom 0 to 1.

featurespace.In orderto dividethesepointsintogroups,we
makeuseof theExpectation-Maximization(EM) algorithm
[8] to determinethe maximumlikelihood parametersof a
mixtureof � Gaussiansin thefeaturespace.

The EM algorithmis usedfor ®ndingmaximumlikeli-
hoodparameterestimateswhenthereis missingor incom-
pletedata.In ourcase,themissingdatais theGaussianclus-
ter to which thepointsin thefeaturespacebelong.We esti-
matevaluesto ®ll in for theincompletedata(theªE Stepº),
computethe maximumlikelihood parameterestimatesus-
ing thisdata(theªM Stepº),andrepeatuntil asuitablestop-
pingcriterionis reached.In thecasewhereEM is appliedto
learningtheparametersfor a mixtureof Gaussians,it turns
outthatbothstepscanbecombinedintoasingleupdatestep,
asweshallseein thefollowing description.

Assumethat we areusing � Gaussiansin the mixture
model.(Wewill returnto thematterof choosing� shortly.)
Theform of theprobabilitydensityis asfollows:
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is a featurevector, the
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 is a multivariate
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	 , thedimensionof thefeaturespace.
The®rststepin applyingtheEM algorithmto theprob-

lemathandis to initialize � meanvectors�

�

�27
7
7 �

�

�

and
� covariancematrices�

�

�
727
7��

�

�

to representeachof the
� groups.We setthe initial covariancesto be the identity
matrix.We initialize themeansby ®ndingtheaveragefea-
ture vector in eachof � windows in the image(seeFig-
ure4). On subsequentrestartsof theEM iteration,we add
a smallamountof noiseto eachmean.We havefoundthat
usingthisdata-driveninitializationyieldsslightly betterre-
sults than randominitialization, becausethe initial Gaus-
siansbettercovertheoccupiedregionsof thefeaturespace;
however, theexactinitializationis notcritical to thesuccess
of thesegmentationalgorithm.

Theupdateequationstakeon thefollowing form:
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K=2 K=5K=4K=3 (a) K=3 (b)

Figure 4. Windows for initializing the EM means. For a given
�

,
each of the

�

initial means is found by averaging the feature vec-
tors in 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
4

is thetotalnumberof featurevectors,i.e. thenum-
berof pixels,and
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This updateschemeallows for full covariancematrices;
variantsincluderestrictingthecovarianceto bediagonalor
a constanttimesthe identitymatrix.Full covariancematri-
cesaresuitedto ourproblem,sincemanyplausiblefeature
clustersrequireelongatedcovarianceshapes,e.g.theshades
of grayalongtheL* axisof thecolorspace.

The aboveupdateequationsare repeateduntil the log
likelihood
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increasesby lessthan1%from oneiterationto thenext.(If
this doesnot happenwithin 10 iterations,a stopis forced.)
Werepeatthisiterationfour times,addingGaussiannoiseto
theinitial meanseachtime; this allowsusto avoidshallow
localmaxima.

3.1 Model selection
We havethus far not discussedhow to choose� , the

numberof mixture components.Ideally we would like to
choosethat valueof � that bestsuits the naturalnumber
of groupspresentin the image.(Note that eachof these
color/texturegroupsmay includeseveralspatiallydisjoint
regionsin theimage.)Onereadilyavailablenotionof good-
nessof ®tis thelog-likelihood.Giventhis indicator, wecan
apply the Minimum DescriptionLength (MDL) principle
[34, 35] to selectamongvaluesof � . This canbe opera-
tionalizedasfollows [34, 37]: choose� to maximize
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where
�

�

is the numberof free parametersneededfor a
modelwith � mixturecomponents.In thecaseof a Gaus-
sianmixturewith full covariancematrices,wehave
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As a consequenceof thisprinciple,whenmodelsusingtwo
valuesof � ®tthedataequallywell, thesimplermodelwill
bechosen.Forourexperiments,� rangesfrom 2 to 5.

It is importantto notethatwe arenot trying to ®ndthe
ªtrueº � or ªtrueº Gaussiandistribution.Thereis no such
thing;theimageswerenotproducedby drawingpixelsfrom
amixtureof Gaussiandistributions.Rather, wearetrying to
chooseclustersthatallow us to segmentthe imageseffec-
tively.

3.2 Postprocessing
Once a model is selected,the next step is to per-

form spatial grouping of those pixels belonging to the
samecolor/texturecluster. We ®rstproducea � -level im-
agewhich encodespixel-clustermembershipsby replac-
ing eachpixel with the labelof theclusterfor which it at-
tains the highestlikelihood (seeFigure2(d)) and running
a connected-componentsalgorithmto ®ndimageregions.
(Theremaybemorethan � of theseregions.)

While spatially averagingthe color featuresallows us
to group, for example,black andwhite zebrastripesinto
oneregion,it alsocausesobjectboundariesto beblurredin
thecolor-featureimage.As a result,boundariesin theraw
cluster-membershipimagedonotalignexactlywith bound-
ariesin theoriginalimage.In orderto mitigatethisproblem,
weperforma simplepostprocessingstep:

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

2. Foreachpixel (in colorbin
8

) ontheboundarybetween
twoormoreregions,reassignit totheregionwhosehis-
togramvalue

8

is largest.(This is themaximumlikeli-
hoodestimateof theregionmembershipbasedon the
regions'colordistribution.)

We iteratethis processfour times.(We havefoundthat the
boundariesfrom the EM clusteringare rarely misaligned
with thetrueobjectboundariesby morethanfour pixels.)

Finally, to enforcea minimal amountof spatialsmooth-
nessin the®nalsegmentation,weapplya

C

1

C

maximum-
vote®lterto theoutputof thepostprocessingstep(seeFig-
ure2(e)).

Thesegmentationprocess(mostlyMatlabcode)takes5±
7 minutesper imageon a 300MHzPentiumII. We process
theimagesof¯ine andonmultiplemachinesin parallel.
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3.3 Segmentationresults
Figures5±6showthe®nalsegmentationof 80randomly

selectedimages.(Segmentationsfor all 10,000imagesmay
be seen at http://elib.cs.berkeley.edu/segmentation.)The
segmentationresultsaregenerallygood,but severalkinds
of ªerrorsºmaybeseenin a few of theimages:

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

� The region boundariessometimesdo not follow ob-
ject boundariesexactly, evenwhenthe objectbound-
ary is visuallyquiteapparent.This occursbecausethe
colorfeatureisaveragedacrossobjectboundaries.This
problemis mitigatedbutnotentirelyeliminatedby the
postprocessingdescribedin Section3.2.

� In somecasestheobjectof interestis missed,split, or
mergedwith otherregionsbecauseit isnotvisuallydis-
tinct. This occursin suchcasesascamou¯agedchee-
tahsandelephantswhich mergewith thebackground.
Thesearenotactuallyerrorsof thesegmentationalgo-
rithm, since®ndingtheªcorrectºsegmentationwould
rely onhigh-levelsemanticknowledge.

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

The ®rsteffect doesnot hamperqueryperformance;over-
segmentinguniform backgroundregions just yields two
blobs with similar color and texturedescriptors,and the
shapeof backgroundblobsisnotimportant.Missingthetrue
objectboundarysimplyperturbstheregion'scolorandtex-
ture descriptorsslightly. Missing hard-to-®ndobjectsmay
causethoseimagesnotto berankedhighly in aquery;how-
ever, usersaregenerallylooking for goodexamplesof an
easilyvisibleobject,sothepracticaleffectonqueryperfor-
manceisminimal.Thelasterrortruly hampersperformance,
becauseit causesgoodimagestobemissedin thequery. For-
tunately, thiserroroccursonly rarely.

4 Describing the regions
We storea simpledescriptionof eachregion'scolorand

texturecharacteristics.
In orderto representthecolordistributionof eachregion,

westorethecolorhistogramof thepixelsin theregion.This
histogramis basedonbinswith width 20in eachdimension
of L*a*b* space.Thisspacingyields®vebinsin theL* di-
mensionandtenbins in eachof thea* andb* dimensions,
for a total of 500 bins. However, not all of thesebins are
valid; thegamutcorrespondingto �

���

�+# ���

�

� con-
tainsonly 218binsthatcanbe®lled.

To matchthecolor of two regions,we usethequadratic
distancebetweentheirhistograms� and � [18]:

-

.�


	��


�

�

�

�

� ! �

� � �

����
2�

� � �

�

where

 ! "

�


 6

( isasymmetricmatrixof weightsbetween0
and1 representingthesimilaritybetweenbins

8

and� based
on the distancebetweenthe bin centers;neighboringbins
haveaweightof 0.5.Thisdistancemeasureallowsustogive
a high scoreto two regionswith similar colors,evenif the
colorsfall in differenthistogrambins.

For eachblob we storethe meantexturecontrastand
anisotropy. Thedistancebetweentwo texturedescriptorsis
de®nedasthe Euclideandistancebetweentheir respective
valuesof contrastandanisotropy1 contrast.(Anisotropyis
modulatedby contrastbecauseit is meaninglessin areasof
low contrast.)We do not includepolarity in theregionde-
scriptionbecauseit is generallylarge only alongedges;it
would not helpus distinguishamongdifferentkindsof re-
gions.
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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.

8



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.

9



5 Image retrieval by querying
In the pastfew yearsa variety of imageretrieval sys-

temshavebecomeavailable.Most of thesesystemsoper-
atein a similar way: the userperformsa queryby choos-
ing animagewhich is somewhatsimilar to thedesiredim-
age(or by submittingasketchof thedesiredimage)andset-
ting a few ªknobsº to specifywhich properties(e.g.,over-
all color, overall texture,composition)areimportantto the
query. Uponseeingthequeryresults,theusermayadjustthe
knobsandsubmita newquerybasedon theoriginal image
oroneof thereturnedimages.In afewsystems,theusermay
alsolabeltheretrievedimagesasgoodor badmatchesin or-
der to providemoreinformationto theretrievalalgorithm;
this is calledrelevancefeedback[19].

Two major shortcomingsof such interfacesare a lack
of usercontrol and the absenceof information aboutthe
computer'sview of theimage.Unlike with textsearches,in
which theusercanseethefeatures(words)in a document,
noneof thecurrentimageretrievalsystemsallowstheuser
to seeexactly what the systemis looking for in response
to a query. As a result,a query for a bearcan return just
aboutanythingif the queryis not basedon imageregions,
thesegmentationfails to ª®ndºthebearin thesubmittedim-
age,or the submittedimagecontainsotherdistinctiveob-
jects.Without knowingthat the input imagewasnot prop-
erly processed,theusercanonly wonderwhatwentwrong.
In orderto helptheuserformulateeffectivequeriesandun-
derstandtheirresults,aswell astominimizedisappointment
dueto overlyoptimisticexpectationsof thesystem,webe-
lievethesystemshoulddisplayits representationof thesub-
mitted and returnedimagesand shouldallow the user to
specifywhich aspectsof thatrepresentationarerelevantto
thequery.

5.1 Querying in Blobworld
In oursystem,theusercomposesa queryby submitting

animagetothesegmentation/featureextractionalgorithmin
ordertoseeitsBlobworldrepresentation,selectingtheblobs
to match,and®nallyspecifyingthe relativeimportanceof
theblob features.(Queryperformanceis robustto changes
in theblobandfeatureweights;perturbingtheweightsusu-
ally changesthequeryresultsonly slightly.)

We de®nean ªatomic queryº asone which speci®esa
particularblobto match(e.g.,ªlike-blob-1º).A ªcompound
queryºis de®nedaseitheranatomicqueryor aconjunction
or disjunctionof compoundqueries(ªlike-blob-1 andlike-
blob-2º). The usermayalsospecifytwo blobswith a par-
ticularspatialrelationshipasanatomicquery(ªlike-blob-1-
left-of-blob-2º).

Once a compoundquery is speci®ed,we score each
databaseimagebasedon how closelyit satis®esthe com-
poundquery. Thescore�


 for eachatomicquery(like-blob-
i) with featurevector �


 is calculatedasfollows:

1. For eachblob
�

6 in the databaseimage(with feature
vector �

6 ):

(a) Find the Mahalanobisdistancebetween�


 and
�

6 : -
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(b) Measurethesimilaritybetweenthetwo blobsus-

ing �


 6

!

�

���

& �

! . This scoreis 1 if theblobsare
identical in all relevantfeatures;it decreasesas
thematchbecomeslessperfect.

2. Take �




!��
	��

6

�


 6 .

Thematrix
�

is block diagonal.Theblock correspond-
ing to thetexturefeaturesis anidentitymatrix,weightedby
the textureweight setby the user. The block correspond-
ing to thecolor featuresis the




matrix usedin ®ndingthe
quadraticdistance,weightedby thecolor weightsetby the
user.

Thecompoundqueryscorefor thedatabaseimageis cal-
culatedusingfuzzy-logic operations[23]. For example,if
thequeryis ªlike-blob-1 and(like-blob-2or like-blob-3),º
the overall scorefor the imageis

��
����

�

�

����	����

�

.

�

������� .
The usercanalsospecifya weighting -


 for eachatomic
query. If ªlike-blob-iº is part of a disjunctionin the com-
poundquery, theweightedscorefor atomicquery
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is ���
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 ; if it is in a conjunction,its weightedscoreis ���
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.
We thenrankthe imagesaccordingto overallscoreand

returnthebestmatches,indicatingfor eachimagewhichset
of blobsprovidedthehighestscore;this informationhelps
theuserre®nethequery. After reviewingthequeryresults,
the usermaychangethe weightingof the blob featuresor
mayspecifynewblobsto matchandthenissueanewquery.

Including the background

In manycasesdesiredimagesarecharacterizedby one
importantobjectanda distinctivebackground(e.g.,anea-
gle in the sky). In order to facilitate suchqueries,we al-
low the userto chooseªbackgroundºratherthana second
blob.Whenthisoptionis used,thescorefor eachblobin the
databaseimageis basedon thedistancebetweenthequery
blob andthedatabaseblob aswell asthedistancebetween
the color histogramof the complementof the queryblob
(i.e., all pixels not in the queryblob) andthe complement
of the databaseblob. Note that this is quite differentfrom
matchingglobalhistogramsof the entireimage,aswe are
still lookingfor regionsof coherentcolorandtexture.

5.2 Results
We haveperformeda variety of queriesusinga set of

10,000 imagesfrom the commercialCorel stock photo
collection.Thequerysystemis onlineat
http://el ib. cs .b erk el ey. edu/ photo s/b lo bworl d.
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Samplequeriesare shown in Figures7±10. Querieson
10,000imagesrequire10±15secondsfor globalhistogram
and single-blob queries, 20±25 seconds for two-blob
queries,and35±55secondsfor blob+backgroundqueries.
(TheWebserveris a dual-processor167MHz UltraSparc.)
Elsewherewedescribeanindexingschemewhichprovides
fasterretrievalwith only a smallreductionin precision[7].

5.3 Comparisonto global histograms
We expectedthat Blobworld querying would perform

well in caseswherea distinctive object is central to the
query. In order to test this hypothesis,we performed50
queriesusingbothBlobworldandglobalcolor andtexture
histograms.

Weselectedtenobjectcategories:airplanes,blackbears,
brown bears, cheetahs,eagles,elephants,horses,polar
bears,tigers,andzebras.Therewerebetween30and200ex-
amplesof eachcategoryamongthe10,000images.

We comparedthe Blobworld resultsto a rankingalgo-
rithmthatusedtheglobalcolorandtexturehistogramsof the
same10,000images.The color histogramsusedthe same
218binsasBlobworld,alongwith thesamequadraticdis-
tance.Fortexturehistograms,wediscretizedthetwotexture
featuresinto 21 binseach.Whenusingglobalhistograms,
we foundthatcolor carriedmostof theusefulinformation;
varyingthetextureweightmadeverylittle differenceto the
queryresults.

Foreachcategorywetestedqueriesusingtwo blobs,one
blob plusbackground,andglobalhistograms.In eachcase
we performeda few testqueriesto selectthe weightsfor
color andtextureandfor eachblob.We thenqueriedusing
®venew images.(We usedthe sameweightsfor eachim-
agein a category.) In Figure11 we plot the averagepreci-
sion(thefractionof retrievedimageswhicharerelevant)vs.
recall (the fractionof relevantimageswhich areretrieved)
for eachof the ten categories.(The 10,000databaseim-
agesweremarkedas ªrelevantº or ªnot relevantºto each
category±i.e.,containingtheobjector not±bya humanob-
server.)

The results indicate 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 theairplaneimages,theen-
tire sceneis distinctive(a small grayobjectandlarge
amountsof blue),buttheairplaneregionitselfhasquite
acommon(andvariable)colorandtexture.Globalhis-
togramsdo betterthanBlobworld in theairplanecat-

egory. Global histogramsarealsoslightly betterthan
Blobworldonbrownbearimages.

distinctive objectsand scenes:Bald eagle images are
characterizedby both a somewhatdistinctive object
and a distinctive background. Blob+background
queriesperformmuchbetterin thiscategorythanboth
two-blobandglobalhistogramqueries.(Contrastthis
to the airplanecase;bald eaglesaremuchmorecon-
sistentin color thanareairplanes.)Blob+background
queriesfor black bearsalsoperformbetterthanboth
two-blobandglobalhistogramqueries.

other: Thetwo methodsperformcomparablyon theother
categories:elephants,polar bears,andbrown horses.
Blobs with the samecolor and textureas theseob-
jectsarecommonin thedatabase,buttheoverallscene
(a generaloutdoorscene)is alsocommon,so neither
Blobworld nor global histogramshasan advantage,
given that we usedonly color andtexture.However,
histogramscanbe takenno further, while Blobworld
hasmuchroomleft for improvement.Forexample,the
shapesof elephants,bears,andhorses(aswell asair-
planesandotherobjects)aredistinctive.

Theseresults support our hypothesisthat Blobworld
yieldsgoodresultswhenqueryingfor distinctiveobjects.

In additionto betterqueryperformance,Blobworld has
otheradvantagesrelativeto global histograms.For exam-
ple,wehavedevelopedasketchinterfacethatallowsauser
to constructa queryby drawingseveralblobsandspecify-
ingtheircharacteristics;buildingaqueryin thiswayismuch
moreintuitivethanspecifyingaglobalcolorhistogramfrom
scratch.In addition,Blobworld hasthe potentialto incor-
porateshapeinformation in the region description,while
globalhistograms(aswell asmethodsincorporatingsimple
spatialinformationin thecolorhistogram)donotencodethe
regioninformationnecessaryto performshapequeries.
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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 weight is 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.

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.)
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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 addition to the variationin relativeperformancebe-
tween Blobworld and global histogramsin severalcate-
gories, there is also a variation in absoluteperformance
amongthe categories.Queriesfor tigers,cheetahs,zebras,
baldeagles,andbrownhorsesareªeasyºin that theyyield
high precisionfor at leastoneof the querytypes.Queries
for elephants,blackbears,andpolarbears,in contrast,are
ªhardº±allquerytypesyield low precisionfor theseobjects.
Intuitively, thelattercategoriesaredif®cultbecausetheob-
jectsandscenesarenot distinctive;therearethousandsof
imagesin thedatabasewith gray, brown,or whiteblobsset
in anoutdoorscene.An imagein oneof thesecategorieswill
havealargenumberof imagesfromothercategoriesnearby
in thedescriptionspace,whichwill resultin low querypre-
cision.

Thisintuitioncanbequanti®edbyexaminingthescoreof
imagesreturnednearthetopbutnotat thetopof theranked
list. Mostof theseimagesarefalsepositives;theirscoresin-
dicatehow closetheyareto thequeryimageandthussug-
gesthow many false positivesare locatednearthe query
image.For eachof the two-blobqueries,we examinedthe
scoreof the imageranked50th(ascalculatedby thequery
algorithm)andtheprecisionof thetop50images(basedon
groundtruth).We®ndthatquerieswith highscores,andthus
manynearbyneighbors,generallyhavelow precision.Fig-
ure12 showstheexpectedstrongnegativecorrelation(lin-
earcorrelationcoef®cient= -0.59)betweenthescoreof the
imageranked50thandtheprecisionof the top 50 images.
Theseresultssupportthe intuition that ªhardº queriesare
characterizedby havingmanynearbyneighborsin the de-
scriptionspace.

6 Discussion
The basic goal in content-basedimage retrieval is to

bridgethegapfromthelow-levelimageproperties(ªstuff º)
wecandirectlyaccessto theobjects(ªthingsº) usersgener-
ally wantto ®ndin imagedatabases;weseeimageretrieval
asultimatelyanobjectrecognitionproblem.We proposea
generalapproachto thisproblem,to proceedin threesteps:

1. Group pixels into regionswhich arecoherentin low-
levelpropertiesandwhichgenerallycorrespondto ob-
jectsor partsof objects.

2. Describetheseregionsin waysthataremeaningfulto
theuser.

3. Accesstheseregiondescriptions,eitherautomatically
or with userintervention,to retrievedesiredimages.

In the currentimplementationwe grouppixels into re-
gionsby modelingthe joint distributionof 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 Gaussiansusing
Expectation-Maximizationand the Minimum Description
Lengthprinciple.After grouping,we describethe regions
usingsimplecolorandtextureproperties.Finally,weaccess
thesedescriptionsin a queryingframeworkto retrieveim-
ages.

This approachis modular;the threestagesareseparate
andsomewhatindependent.In thefuturewe might replace
or improvethethreemodules:

1. Since any segmentationalgorithm will sometimes
oversegmentobjects,we might includea groupingal-
gorithm in the systemto build objectsout of object
parts.Forexample,azebramaybeoversegmentedinto
trunk, legs,andhead;we would like to recognizethat
thestripesaresimilar andgroupthepartsinto onere-
gion. One suchalgorithm would useGestaltfactors
[45] suchasproximity,similarity,andsymmetryto join
segmentedregionsinto groupsthatarelikely to corre-
spondto completeobjects.We might alsousesimple
objectmodelsto hypothesizegroupings.

2. Our currentfeaturesclearlydo not encodeall the im-
portantinformationaboutthe blob: a zebrais funda-
mentallydifferentfrom a stripedawning,andshapeis
thede®ningfeaturethatdifferentiatesthetwo.

3. We planto exploreautomaticclassi®cationof images
into categoriesbasedon the region descriptions.We
might alsouseinformationaboutthe spatialrelation-
shipsamongblobsfor bothqueryingandclassi®cation.
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(Onepossibility is thebodyplanapproachof Forsyth
andFleck[12].)

Addedcomplexityin the latter stagesdependsto some
extenton improvementsin the®rststage;richershapeand
con®gurationinformationwill bemostusefulif segmenta-
tion quality improves.

Finally, someremarksonthebroaderimplicationsof this
line of researchto computervision in general.It is a com-
monbelief in thecomputervisioncommunitythatgeneral-
purposeimagesegmentationis ahopelessgoal.Thishasled
to twodistinctresponsesin thecontent-basedqueryingcom-
munity andtheobjectrecognitioncommunity. Researchers
interestedin content-basedqueryinghavefocusedon de-
scriptorssuchascolor histogramswhichcanoperatein the
absenceof segmentation;researchersin objectrecognition
haveeithersetup situationswheresegmentationis not an
issue(putting the objecton a black backgroundis a stan-
dardtrick) or searchedfor awell-de®ned,speci®c,geomet-
ric modelor photometrictemplatein theimage.

Ourbeliefis thatsegmentation,while imperfect,is anes-
sential®rststep,as the combinatoricsof searchingfor all
possibleinstancesof a classis intractable.A combinedar-
chitecturefor segmentationandrecognitionis needed,anal-
ogousto inferenceusingHiddenMarkovModelsin speech
recognition.We cannotclaim thatour frameworkprovides
anultimatesolutionto this centralproblemin computervi-
sion. What the task doesoffer are a numberof desirable
attributesasa testbed:a richnessof imagerythatexcludes
ªcheatºsolutions,somethinglike theright kind of modules,
andausefulandimportantrolefor learningto captureintra-
classvariations.Theresultsin thispaperprovideabaseline
performanceona widely availableimagedatasetthatcould
be usedfor testingotherproposedapproaches.Individual
modulescanalsobetestedfor their impacton overallper-
formance.

Acknowledgments
We would like to thank GingerOgle and JoyceGross

for theircontributionsto theonlinequerysystemandDavid
Forsyth,JoeHellerstein,Ray Larson,MeganThomas,and
RobertWilenskyfor usefuldiscussionsrelatedto thiswork.
This work wassupportedby anNSFDigital Library Grant
(IRI 94-11334)andby NSFgraduatefellowshipsfor Serge
BelongieandChadCarson.

References
[1] Specialissueondigital libraries.IEEETrans.PatternAnal-

ysisandMachineIntell., 18(8),Aug. 1996.

[2] J. Ashleyet al. Automaticandsemiautomaticmethodsfor
imageannotationandretrievalin QBIC. In SPIEProc.Stor-
ageandRetrievalfor ImageandVideoDatabases,pages24±
35,1995.

[3] S.AyerandH. Sawhney. Layeredrepresentationof motion
videousingrobustmaximum-likelihoodestimationof mix-
turemodelsandMDL encoding.In Proc. Int. Conf.Comp.
Vis., pages777±784,1995.

[4] S.Belongie,C. Carson,H. Greenspan,andJ.Malik. Color-
andtexture-basedimagesegmentationusingEM andits ap-
plicationtocontent-basedimageretrieval.In Proc.Int.Conf.
Comp.Vis., 1998.

[5] J. BigÈun, G. Granlund,andJ. Wiklund. Multidimensional
orientationestimationwith applicationsto textureanalysis
andoptical¯ow. IEEETrans.PatternAnalysisandMachine
Intell., 13(8):775±790,Aug. 1991.

[6] C.Carson,S.Belongie,H. Greenspan,andJ.Malik. Region-
basedimagequerying.In IEEEWorkshoponContent-Based
Accessof ImageandVideoLibraries, 1997.

[7] C. Carson,M. Thomas,S. Belongie,J. M. Hellerstein,and
J. Malik. Blobworld: A systemfor region-basedimagein-
dexingandretrieval.In Proc.Int.Conf.VisualInf.Sys.,1999.

[8] A. Dempster, N. Laird, andD. Rubin. Maximumlikelihood
from incompletedatavia theEM algorithm.J. RoyalStatis-
tical Soc.,Ser. B, 39(1):1±38,1977.

[9] P.Enser. Queryanalysisin avisualinformationretrievalcon-
text. J. Doc.andTextManagement, 1(1):25±52,1993.

[10] M. Flickner, H. Sawhney,W. Niblack,J.Ashley,etal. Query
by imageandvideocontent:TheQBIC system.IEEECom-
puter, 28(9):23±32,Sept.1995.

[11] W. FÈorstner. A frameworkfor low level featureextraction.
In Proc.Eur. Conf.Comp.Vis., pages383±394,1994.

[12] D. ForsythandM. Fleck.Bodyplans.In Proc.IEEEComp.
Soc.Conf.Comp.Vis. andPatt.Rec., pages678±683,1997.

[13] D. Forsyth,J.Malik, andR. Wilensky. Searchingfor digital
pictures.Scienti®cAmerican, 276(6):72±77,June1997.

[14] W. T. FreemanandE. H. Adelson. The designanduseof
steerable®lters.IEEETrans.PatternAnalysisandMachine
Intell., 13(9):891±906,1991.

[15] J. GÊardingandT. Lindeberg. Direct computationof shape
cuesusingscale-adaptedspatialderivativeoperators.Int. J.
Comp.Vis., 17(2):163±191,Feb.1996.

[16] G. H. Granlundand H. Knutsson. Signal Processingfor
ComputerVision. Kluwer AcademicPublishers,1995.

[17] A. GuptaandR. Jain. Visualinformationretrieval. Comm.
Assoc.Comp.Mach., 40(5):70±79,May 1997.

[18] J. Hafner, H. Sawhney, W. Equitz, M. Flickner, and
W. Niblack.Ef®cientcolorhistogramindexingfor quadratic
form distancefunctions. IEEE Trans.PatternAnalysisand
MachineIntell., 17(7):729±736,July1995.

[19] D. Harman.Relevancefeedbackandotherquerymodi®ca-
tion techniques.In W. B. FrakesandR.Baeza-Yates,editors,
Informationretrieval: Data structures& algorithms. Pren-
ticeHall, 1992.

[20] J. Huang,S. R. Kumar, M. Mitra, W.-J.Zhu,andR. Zabih.
Imageindexingusingcolor correlograms. In Proc. IEEE
Comp.Soc.Conf.Comp.Vis. andPatt.Rec., pages762±768,
1997.

15



[21] C. Jacobs,A. Finkelstein,andD. Salesin.Fastmultiresolu-
tion imagequerying.In Proc.SIGGRAPH, 1995.

[22] A. K. Jain and F. Farrokhnia. Unsupervisedtexture
segmentationusing Gabor ®lters. Pattern Recognition,
24(12):1167±1186,1991.

[23] J.-S.Jang,C.-T. Sun,andE.Mizutani.Neuro-FuzzyandSoft
Computing. PrenticeHall, 1997.

[24] P. Kelly, M. Cannon,andD. Hush. Queryby imageexam-
ple: The CANDID approach. In SPIEProc. Storageand
Retrievalfor Imageand Video Databases, pages238±248,
1995.

[25] T. LeungandJ. Malik. Detecting,localizingandgrouping
repeatedsceneelementsfrom animage.In Proc.Eur. Conf.
Comp.Vis., pages546±555,1996.

[26] P. Lipson,E. Grimson,andP. Sinha. Con®gurationbased
sceneclassi®cationand image indexing. In Proc. IEEE
Comp.Soc.Conf. Comp.Vis. and Patt. Rec., pages1007±
1013,1997.

[27] W. Ma andB. Manjunath.NeTra:A toolboxfor navigating
large imagedatabases.In Proc. IEEE Int. Conf.on Image
Proc., pages568±571,1997.

[28] J. Malik andP. Perona.Preattentivetexturediscrimination
with earlyvisionmechanisms.J.Opt.Soc.Am.A, 7(5):923±
932,1990.

[29] V. OgleandM. Stonebraker. Chabot:Retrievalfrom a re-
lationaldatabaseof images.IEEE Computer, 28(9):40±48,
Sept.1995.

[30] D. PanjwaniandG.Healey. Markovrandom®eldmodelsfor
unsupervisedsegmentationof texturedcolor images.IEEE
Trans. Pattern Analysisand Machine Intell., 17(10):939±
954,Oct 1995.

[31] A. Pentland,R.Picard,andS.Sclaroff. Photobook:Content-
basedmanipulationof imagedatabases.Int. J. Comp.Vis.,
18(3):233±254,1996.

[32] J. Ponce,A. Zisserman,andM. Hebert. ObjectRepresen-
tation in ComputerVisionÐII . Number1144 in LNCS.
Springer, 1996.

[33] J.PuzichaandJ.M. Buhmann.Multiscaleannealingfor real-
timeunsupervisedtexturesegmentation.In Proc. Int. Conf.
Comp.Vis., 1998.

[34] J. Rissanen.Modelingby shortestdatadescription. Auto-
matica, 14:465±471,1978.

[35] J. Rissanen. StochasticComplexityin StatisticalInquiry.
World Scienti®c,1989.

[36] C. SchmidandR. Mohr. Combininggreyvalueinvariants
with local constraintsfor objectrecognition.In Proc.IEEE
Comp.Soc.Conf.Comp.Vis.andPatt.Rec., pages872±877,
1996.

[37] G. Schwarz.Estimatingthedimensionof a model. Annals
of Statistics, 6:461±464,1978.

[38] J.R. SmithandS.-F. Chang.Singlecolorextractionandim-
agequery. In Proc. IEEE Int. Conf.on ImageProc., pages
528±531,1995.

[39] J.R. SmithandS.-F. Chang.Toolsandtechniquesfor color
imageretrieval. In SPIEProc. Storageand Retrievalfor
ImageandVideoDatabases, volume2670,pages426±437,
1996.

[40] M. StrickerandA. Dimai. Spectralcovarianceandfuzzyre-
gionsfor imageindexing.MachineVisionandApplications,
10(2):66±73,1997.

[41] M. StrickerandM. Swain. Thecapacityandthesensitivity
of color histogramindexing. TechnicalReport94-05,Uni-
versityof Chicago,Mar. 1994.

[42] M. SwainandD. Ballard.Colorindexing.Int. J.Comp.Vis.,
7(1):11±32,1991.

[43] Y. WeissandE. Adelson. A uni®edmixtureframeworkfor
motion segmentation:Incorporatingspatialcoherenceand
estimatingthenumberof models.In Proc.IEEEComp.Soc.
Conf.Comp.Vis. andPatt.Rec., pages321±326,1996.

[44] W. Wells, R. Kikinis, W. Grimson,andF. Jolesz.Adaptive
segmentationof MRI data.In Int. Conf.on Comp.Vis., Vir-
tual Reality, andRoboticsin Medicine, pages59±69,1995.

[45] M. Wertheimer. Lawsof organizationin perceptualforms.
In W. D. Ellis, editor, A SourceBookof GestaltPsychology.
HarcourtBrace,1938.

[46] G. WyszeckiandW. Stiles. Color Science:Conceptsand
Methods,QuantitativeData andFormulae. Wiley, second
edition,1982.

16


