
REGION-BASED RETRIEVAL:
COARSE SEGMENTATION WITH FINE COLOR SIGNATURE

Julien Fauqueur andNozha Boujemaa

�
Julien.Fauqueur,Nozha.Boujemaa � @inria.fr

INRIA, ImediaResearchGroup,BP 105,F-78153Le Chesnay, France

ABSTRACT

Thetwo majorproblemsraisedby a region-basedimage
retrieval systemaretheautomaticdefinitionanddescription
of regions.

In this paperwe first presenta techniqueof unsuper-
visedcoarsedetectionof regionswhich improvestheir vi-
sualspecificity. The segmentationschemeis basedon the
classificationof Local Distributions of QuantizedColors
(LDQC). The Competitive Agglomeration(CA) classifica-
tion algorithmis usedwhichhastheadvantageto automati-
cally determinetheoptimalnumberof classes.

Then,consideringthatregiondescriptionwhichmustbe
finer for regionsthanfor images,we proposea region de-
scriptorof fine color variability: the Adaptive Distribution
of Color Shades(ADCS). Comparedto existing color de-
scriptors,the high color resolutionof ADCS improvesthe
perceptualsimilarity of retrievedregions.

1. INTRODUCTION

Theprimaryfunctionalityof a Content-BasedImageRe-
trieval systemis theglobalquery-by-exampleapproach,in
which visual featuresareextractedfrom the entire image.
But in many casesthe user’s goal is to retrieve similar re-
gions ratherthansimilar imagesasa whole. In a generic
imagedatabasethe searchfor similar regionsusingglobal
featuresover imagescanbehighly biasedby thesurround-
ing regionsandbackground.

Existing region-basedquerysystemsdiffer by the def-
inition and descriptionof regions. Automatic region de-
terminationmethodscan be performedon-line using fea-
turesback projection(see[1]). Off-line methodsinclude
systematicimagesubdivision into squaresor automaticim-
agesegmentation.This lattermethodis proposedin a cou-
ple of systemssuchasBlobworld [2] andNetra[3]. Con-
cerningdescription,existingsystemsrepresentcolorasdis-
tributionscomputedover predefinedsubsamplingsof color
spacesgiving about200colors(166to 256colorsin [1], [2],
[3]).

Designinga region-basedquerysystemremainsa chal-
lengingandopenproblem: automaticdetectionof regions

of interestis a hardtaskandexisting region descriptorsare
derivedfrom imagedescriptorswithoutconsideringthefact
thatregionsaremorehomogeneouswith lessstatistics.Our
approachdiffers by how we extract and describeregions.
Regionsshouldintegratemoreintrinsic variability to bevi-
suallymorecharacteristic.Besides,regiondescriptionshould
not dependon a predefinedset of 200 colors, but should
ratherbeadaptively determined.Thekey ideaof coarsere-
gion detectionandfine signature:therelatively high visual
variability insideregionsis accuratelydescribedby thehigh
resolutionof color shades,suchthat regionsarereally spe-
cific againsteachotherin thedatabase.

In the next section,we’ll outline CA algorithm,an es-
sentialbackgroundtechniquein our work. Region extrac-
tion will be developedin section3. Region indexing and
matchingareexplainedin section4. Thentestsandresults
will bepresentedanddiscussedin section5. We conclude
in section6.

2. BACKGROUND: CA CLASSIFICATION
ALGORITHM

Competitive Agglomerationclassification,originally pre-
sentedin [4], hasthemajoradvantageto determinetheop-
timal numberof clusters.

Usingnotationsfrom [4], wecall �������
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mizing thefollowing quantity + :
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is equivalentto performanFCM classificationwhichdeter-
mines� optimalprototypesandthefuzzypartition T given
��� and � usingdistance% .

Therefore + is written asa combinationof two oppo-
site effect terms ( + / and + 5 ). So minimizing + with an
over-specifiednumberof initial clustersclassifiesdataand
simultaneouslyoptimizesthenumberof classes.

+ is minimizedrecursively. 3 is thecompetitionweight
andshouldallow a balancebetweenterms +0/ and +�5 in (1).
At iteration U , weight 3 is expressedas:
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As iterationsgo, 3 decreasesso emphasisis first given to
agglomerationprocess,thento classificationoptimization.
3 is fully determinedby parametersX Y and a .

During the algorithm spuriousclustersare discarded.
Convergenceis decidedwhen prototypesare stable. The
classificationgranularityis controlledby factor 3 through
its magnitudeX Y andits declinestrengthwith a . Thehigher
X Y and a , thehigher 3 , sothemoreclassesaremerged.So
for agivenclassificationgranularity, CA determinestheop-
timal numberof classes.

CA will beusedat threestepsin ourwork with different
levels of granularity: first to perform imagequantization,
then to segment roughly the imageby computingLDQC
prototypesand then to finely describeregions with color
shades.

3. COARSE SEGMENTATION

Detectedregionsshouldencompassa certainvisual diver-
sity to be visually characteristic,usinga coarsesegmenta-
tion. We wantto staybeyonda too fine level of spatialand
featuredetails.

To grouppixelsto form suchregions,weperformaCA-
classificationof local color distributionsof theimage.This
featurenaturallyintegratesthe diversityof colorsin pixels
neighbourhood.Thechoiceof thecolor setto computedis-
tributions is crucial: it must be compactto gain speedin
classificationandrepresentativeof asmallpixel neighbour-
hood.Classiccolorhistogram,computedonauniformsub-
samplingof acolorspace,aretoobig andimprecise.Sowe
definethe color setas the adaptive setobtainedby image
color quantization.Thenfor all neighborhoodsin the im-
age,local distributionsareevaluatedon this smallandrele-
vantcolor set.We’ll referto themasLocalDistributionsof
QuantizedColors(LDQC’s).

After classification,LDQCprototypesarebackprojected
onto image, then small regions are either merged or dis-
carded.

3.1. Imagecolor quantization

Image is quantizedin the Luv color spaceby CA-classi-
fication of color pixels using the Euclideandistance.The
classificationgranularitywaschosensuchthatbig areasin
imageswith a strongtexture arerepresentedby morethan
one color. At classificationconvergencethe color proto-
typesdefinea setof H\d>e quantizedcolors.SinceCA deter-
minesautomaticallytheright numberof clusters,thenum-
ber of quantizedcolors H\d>e will be representative of the
color diversityof thenaturalimages.

3.2. Determination of LDQC prototypes

Regionsareconsideredascollectionsof adjacenthomoge-
neousLDQC’s. To computeall the LDQC’s in the image,
we slideawindow overpixelsandevaluatethecorrespond-
ing local distributionover thequantizedcolor set.Let’s de-
note fhg'i_g theimagesurface.LDQC’s areevaluatedevery
7j= pixels,where7j= is thewindow radius.

An appropriatedistribution measureshouldbeusedfor
the classification. kml distancesarewidely usedfor global
color distributionson uniformly quantizedcolor spacesbut
areinaccuratefor smalladaptivecolor sets.

Thecolorquadraticform distance[5] providesaprecise
distanceto compareany kind of color distributionsby inte-
gratingtheinter-bin color similarity. Its expressionis given
for two distributions �����
� and ��n��o� evaluatedonasetof H\d>e
colors.Thenthequadraticdistanceis expressedas:
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wheret , L G �F� M givesthesimilarity betweencolors � and� :G �b�!,J&o�6I`%��F�zy>%6{@|~} ) , where%6�b� is theEuclideandistancein
Luv space.Thecolor quadraticdistanceis usedto classify
theLDQC histogramswith CA.

After classification,thesegmentedimageis obtainedby
assigningto the f g�i8g yz7`= pixels the label of the LDQC
prototypeminimizing the quadraticdistanceto the LDQC
aroundthatpixel. A maximumvotefilter is appliedto dis-
cardisolatedpixels.

3.3. Adjacency information

The segmentedimagegivesus a completepartition of the
imageinto adjacentregions.Someregionsmaybetoosmall
to constituteregionsof interest,sothey increaseneedlessly
thetotalnumberof regionsin thedatabase.Besides,in com-
plex scenes,they’re often locatedat the frontier between
two big regions or inside a big region. They shouldbe
mergedto improvethetopologyof regionsof interest.



Regionattributes(surface,colordistribution)andregion
adjacency information are storedin a Region Adjacency
Graphstructureusedto mergeregions.

Wewantfinal regionsof interestto coveraminimumof
1.5%of theimagesurface.Below this thresholda region is
mergedto its closestvisualneighbourif it hasoneandis dis-
cardedotherwise.Two smallregionsaresaidto bevisually
closeif they have closemeanquantizedcolor distributions.
Smallregionsarediscardedandnot indexed.

4. REGION INDEXING AND RETRIEVAL

4.1. ADCS, a fine color variability regionsignature

Onceregionsaredetectedin acoarsewaywehaveto finely
describetheir visual appearance.Existing visual descrip-
tors for regions(andfor imagestoo) do not exploit the full
color space:they aregenerallyhistogramsevaluatedon an
averageof 200color binsobtainedby a subsamplingof the
color space:uniform subsampling(e.g. in [1] and[2]) or
database-dependentsubsamplingin [3]. Such a descrip-
tion forces the minimum distancebetweentwo colors to
be high becausethe subsamplingis fixed andbecausewe
only considera few hundredsof colorsamongmillions in
a full color space.This low granularityof color description
doesn’t matterfor complex imagesasthey containa wide
rangeof differentcolors.But regionsareby definitionmore
homogeneousand requirea higher color resolutionto be
compared.

We proposeto index eachregionwith its AdaptiveDis-
tribution of Color Shades(ADCS): for each region we clas-
sify its pixels with the CA algorithm with a high classifi-
cationgranularity(i.e. low agglomeration).Obtainedcolor
prototypesprovide the setof color shades.The descriptor
index consistsof thecolor distribution evaluatedover these
colorsshades:it representsthe region color variability and
providesan approximationof the region color texture ap-
pearance.Thehighertheregioncolor diversityis, themore
colorshadesarefoundbyCA. Thenatureandthenumberof
colorshadesarenotfixedbut specificto eachregion,unlike
with existing descriptors.Besidescolor shadesarepicked
from thewhole Luv color spacewhich contains5.6million
potentialcolors,while existingcolordescriptorsdistinguish
no morethan200colors(onaverage).

4.2. Matching regions

For a given queryregion of ADCS distribution � , similar
regionsaresuchthattheirdistribution � minimizes%0pZ&c�-��� ) .
Let’swrite � and � aspairsof color/percentage:
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The formula (3) gives the quadraticdistancebetween
two color distributions � and n evaluatedon thesame color

set. Since two regions don’t have the sameset of color
shades,we canrewrite theexpressionof thequadraticdis-
tanceto discardthe distributionsbinwisedifferences.We
consider� asthe extensionof distribution � over the en-
tire color spaceand n the extensionof � . The extension
consistsin settingbin valuesto zero for colorswhich are
not color shades,sowe have %0pZ&(�8��n ) ,�%6p�&(�-�#� ) . By us-
ing the symmetryof t anddevelopingexpression(3), we
easilyobtainthefollowing expression:
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Returnedregionsarerankedandshowedbygrowingquadratic
distance% p .

5. RESULTS

Our systemwastestedwith a 498MHzPCon IDS database
providedby courtesyof Images Du Sud Photo Stock. It con-
tains2,483genericimagesof flowers,portraits,landscapes,
architecture,people,fruit, gardens.Imagessizeareabout
500x500pixels.

5.1. Regiondetection

A few segmentedimagesarepresentedin figure 1. More
examplescanbeseenat:

http://www-rocq.inria.fr/˜fauqueur/ADCS /

Evenin complex naturalscenesextractedregionspresent
acoherentvisualappearance.Thecoarsesegmentationproves
its ability to integratewithin regionsareasformedwith many
shadesof thesamehue,strongtextures,isolatedspatialde-
tails,which make their specificity. 15,248regionswereau-
tomaticallyextractedfrom the 2,483images(averageof 6
regionsper image). Segmentingan imagetook an average
of 5.6s.Discardedregions(shown assmallgrey regionsin
examples)representa very small percentageof imagesur-
faces.

5.2. Regionsegmentation

In figure1, thethird lavenderandthird personimagesshow
thecolorshadesusedto describeeachcorrespondingregion.
Theglobalappearanceof thesequantizedimagesshowsthe
precisionof theADCScolorvariability description.A total
of 261,219colorsshadesfrom theLuv spacewereautomati-
cally determinedto index the15,248regionsof thedatabase
(averageof 17 colorsper region). 168,912of thesecolors
wereunique(to be comparedwith the 200 fixed bins of a
classichistogram).



ExtractingADCS index from a region took about0.5s.
A region index takesan averageof 69 bytes,which makes
it threetimesmorecompactthanaclassiccolorhistogram.

Fig. 1. Illustration of coarsesegmentationandfine description:
original image,imageof detectedregionswith meancolor, and
imageof regionswith color shadesusedfor indexing. Smalldis-
cardedregionsareshown in grey.

5.3. Retrieval

As a color variability descriptor, ADCS wascomparedto
the commonlyusedclassiccolor histogram(with 216bins
in the Luv space). Retrieval performancewas testedon
2 classesof regions: peopleskin andlavenderregionsfor
which therelevanceof retrievedregionscouldeasilybede-
cidedin IDS. Queriesof 26 differentlavenderregionswere
performedusingADCSandtheclassichistogram.For each
query, thetop 30 retrievedregionswere“manually” tagged
asrelevant/irrelevantto determinetheprecision(fractionof
relevantimagesretrievedateachrank).Thesamewasdone
for 26 queriesof skin regions. ADCS improved retrieval
precisionby 25% for lavenderregions (seefigure 3) and
13%for skin regions(figure2).

Imagefalsepositives with the classichistogramwere
due to the similarity inaccuracy. It could not distinguish
two perceptuallydifferentregionscorrespondingto differ-
entobjects.

Thegain in retrieval precisionwith ADCS relatively to
existing color descriptorsis coherentwith the gain in de-
scriptionaccuracy of thenew descriptionandmatchingscheme.
Retrieved regionsareperceptuallymoresimilar andmore
consistantwith the query and give an impressionof per-
ceptualcontinuumasranksdecrease.Regionsdescribedby
many colorshadesreturnedregionswith many colorshades
andconverselyfor single-coloredregions.Weobservedthat
thenumberof color shadesis alsoanexploitedinformation
aboutthecolor diversityof a region.

Region queriesare doneby exhaustive searchagainst
the15,248regions.Averagequerytime is 1.3s.

6. CONCLUSIONS

The key ideaof this paperis to detectvisually specific
regionsof interestandmatchthemwith thefinesignatureto
improvetheretrieval results.
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Fig. 2. ADCS index vs. classichistogramon IDS Database:Re-
trievalsof skin regions
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Fig. 3. ADCS index vs. classichistogramon IDS Database:Re-
trievalsof lavenderregions

We presenteda novel schemefor coarseautomaticim-
agesegmentationandfineregiondescriptiontoperformregion-
basedqueriesin a genericimagedatabase.Thenew ADCS
signatureprovidesa representationof regioncolor variabil-
ity with moreaccuracy thanexistingdescriptors.

Onthedescriptionaspect,wefocusedhereoncolor, but
the ADCS descriptorshouldbe combinedwith structural
andgeometricalfeaturesto provide the bestretrieval per-
formance. We alsoplanto investigatemethodsto speedup
theregionqueryprocess.
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