REGION-BASED RETRIEVAL:
COARSE SEGMENTATION WITH FINE COLOR SIGNATURE

Julien Faugueur andNozha Boujemaa

{Julien.Fauqueur,Nozha.Boujemaa

}@inria.fr

INRIA, ImediaResearclGroup,BP 105,F-78153Le ChesnayFrance

ABSTRACT

Thetwo major problemsraisedby a region-basedmage
retrieval systemaretheautomaticdefinitionanddescription
of regions.

In this paperwe first presenta techniqueof unsuper
vised coarsedetectionof regionswhich improvestheir vi-
sual specificity The segmentationschemes basedon the
classificationof Local Distributions of QuantizedColors
(LDQC). The Competitve Agglomeration(CA) classifica-
tion algorithmis usedwhich hasthe advantageto automati-
cally determingthe optimal numberof classes.

Then,consideringhatregiondescriptionvhichmustbe
finer for regionsthanfor images,we proposea region de-
scriptorof fine color variability: the Adaptive Distribution
of Color ShadeqADCS). Comparedo existing color de-
scriptors,the high color resolutionof ADCS improvesthe
perceptuakimilarity of retrievedregions.

1. INTRODUCTION

The primaryfunctionality of a Content-BasetimageRe-
trieval systemis the global query-by-eampleapproachin
which visual featuresare extractedfrom the entireimage.
But in mary casegshe users goalis to retrieve similar re-
gionsratherthan similar imagesasa whole. In a generic
imagedatabasehe searchfor similar regionsusingglobal
featuresoverimagescanbe highly biasedby the surround-
ing regionsandbackground.

Existing region-basedjuery systemdiffer by the def-
inition and descriptionof regions. Automatic region de-
terminationmethodscan be performedon-line using fea-
turesback projection (see[1]). Off-line methodsinclude
systematidmagesubdvisioninto square®r automatidm-
agesegmentation.This latter methodis proposedn a cou-
ple of systemssuchasBlobworld [2] andNetra[3]. Con-
cerningdescriptiongxisting systemsepresentolor asdis-
tributionscomputedover predefinedsubsamplingsf color
spacegiving about200colors(166to 256colorsin [1], [2],
[3]).

Designinga region-basedjuerysystemremainsa chal-
lenging and openproblem: automaticdetectionof regions

of interestis a hardtaskandexisting region descriptorsare
derivedfrom imagedescriptorsvithout consideringhefact
thatregionsaremorehomogeneouwith lessstatistics.Our
approachdiffers by how we extract and describeregions.
Regionsshouldintegratemoreintrinsic variability to be vi-
suallymorecharacteristicBesidesregiondescriptiorshould
not dependon a predefinedset of 200 colors, but should
ratherbe adaptvely determinedThe key ideaof coarsere-
gion detectionandfine signature:the relatively high visual
variability insideregionsis accuratelydescribedy thehigh
resolutionof color shadessuchthatregionsarereally spe-
cific againsteachotheim thedatabase.

In the next section,we’ll outline CA algorithm,an es-
sentialbackgroundechniquein our work. Region extrac-
tion will be developedin section3. Region indexing and
matchingare explainedin section4. Thentestsandresults
will be presentec&nddiscussedn section5. We conclude
in section6.

2. BACKGROUND: CA CLASSIFICATION
ALGORITHM

Competitve Agglomerationclassification,originally pre-
sentedn [4], hasthe majoradvantageto determinethe op-
timal numberof clusters.

Usingnotationdrom [4], wecall {z;,Vj € {1,...,N}}
thesetof NV datawe wantto clusterizeandC' thenumberof
clusters.{s;,Vi € {1, ...,C}} denotethe prototypesto be
determinedThedistancebetweerdataz ; andprototypes;
is d(z;, B;). ThenCA-classificationis performedby mini-
mizing thefollowing quantity J:
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Subjectto membershipconstraint: Eiczl uy; = 1,Vj €
{1,..., N} whereu;; representshe membershiglegreeof
featurepoint z; to prototypeg;. Minimizing J; separately



is equivalentto performanFCM classificationwhich deter
minesC' optimalprototypesandthefuzzy partitionU given
z; andC usingdistanced.

ThereforeJ is written asa combinationof two oppo-
site effect terms (J; and Jy). So minimizing J with an
overspecifiednumberof initial clustersclassifiesdataand
simultaneoushoptimizesthe numberof classes.

J is minimizedrecursvely. « is the competitionweight
andshouldallow a balancébetweerterms.J; andJz in (1).
At iterationk, weighta is expresseds:
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As iterationsgo, a decreaseso emphasiss first givento
agglomeratiorprocessthento classificationoptimization.
aisfully determinedby parameterg, andr.

During the algorithm spuriousclustersare discarded.
Corvergenceis decidedwhen prototypesare stable. The
classificationgranularityis controlledby factora through
its magnituden, andits declinestrengthwith . Thehigher
10 andr, the highera, sothe moreclassesaremerged. So
for agivenclassificatiorgranularity CA determinesheop-
timal numberof classes.

CA will beusedatthreestepsn ourwork with different
levels of granularity: first to performimage quantization,
thento segmentroughly the image by computingLDQC
prototypesand then to finely describeregions with color
shades.

a(k) = no ex )

3. COARSE SEGMENTATION

Detectedregions shouldencompass certainvisual diver-
sity to be visually characteristicusinga coarsesggmenta-
tion. We wantto staybeyondatoo fine level of spatialand
featuredetails.

To grouppixelsto form suchregions,we performa CA-
classificatiorof local color distributionsof theimage. This
featurenaturallyintegratesthe diversity of colorsin pixels
neighbourhoodThe choiceof the color setto computedis-
tributionsis crucial: it mustbe compactto gain speedin
classificatiorandrepresentatie of a smallpixel neighbous
hood. Classiccolor histogramcomputedon a uniform sub-
samplingof a color spacearetoo big andimprecise.Sowe
definethe color setasthe adaptve setobtainedby image
color quantization. Thenfor all neighborhoodsn the im-
age,local distributionsareevaluatedon this smallandrele-
vantcolor set.We'll referto themasLocal Distributionsof
QuantizedColors(LDQC's).

After classification|.DQC prototypesarebackprojected
onto image, then small regions are either memged or dis-
carded.

3.1. Image color quantization

Imageis quantizedin the Luv color spaceby CA-classi-
fication of color pixels using the Euclideandistance. The
classificationgranularitywas chosersuchthatbig areasn
imageswith a strongtexture arerepresentetby morethan
one color. At classificationcorvergencethe color proto-
typesdefinea setof nge quantizedcolors. SinceCA deter
minesautomaticallythe right numberof clustersthe num-
ber of quantizedcolors ngc will be representatie of the
color diversityof the naturalimages.

3.2. Determination of LDQC prototypes

Regionsareconsideredscollectionsof adjacenthomoge-
neousLDQC’s. To computeall the LDQC’s in the image,
we slideawindow over pixelsandevaluatethe correspond-
ing local distribution over the quantizedcolor set. Let's de-
note Stor theimagesurface.LDQC's areevaluatedevery
wr pixels,wherewr is thewindow radius.

An appropriatadistribution measureshouldbe usedfor
the classification. L? distancesarewidely usedfor global
color distributionson uniformly quantizedcolor spacesut
areinaccuratdor smalladaptve color sets.

Thecolor quadratidorm distancg5] providesa precise
distanceto compareary kind of color distributionsby inte-
gratingtheinter-bin color similarity. Its expressioris given
for two distributions{z; } and{y; } evaluatecbnasetof ngc
colors. Thenthe quadratiodistancds expresseds:
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whereA = [a;;] givesthesimilarity betweercolorsi and;:
a;; = (1—d;j/dmaz), Whered;; istheEuclideardistancen
Luv space.The color quadraticdistances usedto classify
the LDQC histogramswith CA.

After classificationthe sgmentedmageis obtainedoby
assigningto the Stor/wr pixels the label of the LDQC
prototypeminimizing the quadraticdistanceto the LDQC
aroundthatpixel. A maximumvotefilter is appliedto dis-
cardisolatedpixels.

3.3. Adjacencyinformation

The sggmentedimagegivesus a completepartition of the
imageinto adjacentegions.Someregionsmaybetoosmall
to constituteregionsof interest,sothey increaseneedlessly
thetotal numberof regionsin thedatabaseBesidesin com-
plex scenesthey’re often locatedat the frontier between
two big regions or inside a big region. They should be
mergedto improve thetopologyof regionsof interest.



Regionattributes(surface colordistribution) andregion
adjacenyg information are storedin a Region Adjaceny
Graphstructureusedto memgeregions.

We wantfinal regionsof interestto cover aminimumof
1.5%o0f theimagesurface.Below this thresholdaregionis
memgedtoits closeswisualneighbouif it hasoneandis dis-
cardedotherwise.Two smallregionsaresaidto bevisually
closeif they have closemeanquantizeccolor distributions.
Smallregionsarediscardedcandnotindexed.

4. REGION INDEXING AND RETRIEVAL

4.1. ADCS, afine color variability regionsignature

Onceregionsaredetectedn a coarsevay we haveto finely
describetheir visual appearance Existing visual descrip-
torsfor regions(andfor imagestoo) do not exploit thefull
color space:they aregenerallyhistogramsavaluatedon an
averageof 200color binsobtainedby a subsamplingf the
color space:uniform subsamplinge.g. in [1] and[2]) or
database-dependestubsamplingin [3]. Sucha descrip-
tion forcesthe minimum distancebetweentwo colors to
be high becausehe subsamplings fixed and becauseve
only considera few hundredsof colorsamongmillions in
afull color space.Thislow granularityof color description
doesnt matterfor complex imagesasthey containa wide
rangeof differentcolors. But regionsareby definitionmore
homogeneousind require a higher color resolutionto be
compared.

We proposeto index eachregion with its Adaptive Dis-
tribution of Color ShadegADCY): for each region we clas-
sify its pixels with the CA algorithmwith a high classifi-
cationgranularity(i.e. low agglomeration) Obtainedcolor
prototypesprovide the setof color shades.The descriptor
index consistsf the color distribution evaluatedover these
colorsshadesit representshe region color variability and
provides an approximationof the region color texture ap-
pearanceThehighertheregion color diversityis, the more
colorshadesrefoundby CA. Thenatureandthenumberof
colorshadesrenotfixedbut specificto eachregion, unlike
with existing descriptors.Besidescolor shadesare picked
from thewhole Luv color spacewhich containss.6 million
potentialcolors,while existing color descriptorglistinguish
no morethan200colors(on average).

4.2. Matching regions
For a given queryregion of ADCS distribution X, similar

regionsaresuchthattheirdistributionY” minimizesd, (X,Y").

Let'swrite X andY aspairsof color/percentage:

X = {(ef,p}), s (¢, . pY, )} and

Y= {(c},p), - (00 )}

The formula (3) givesthe quadraticdistancebetween
two color distributionsz andy evaluatedon the same color

set. Sincetwo regions don't have the sameset of color
shadesye canrewrite the expressionof the quadraticdis-
tanceto discardthe distributions binwise differences.We
considerz asthe extensionof distribution X over the en-
tire color spaceandy the extensionof Y. The extension
consistsin settingbin valuesto zerofor colorswhich are
not color shadessowe have d,(z,y) = d,(X,Y’). By us-
ing the symmetryof A anddevelopingexpression(3), we
easilyobtainthefollowing expression:
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Returnedegionsarerankedandshovedby growing quadratic
distanced,.

5. RESULTS

Our systemwastestedwith a498MHzPCon IDS database
providedby courtesyof Images Du Sud Photo Stock. It con-
tains2,483generidmagesof flowers,portraits landscapes,
architecture people,fruit, gardens.Imagessize are about
500x500pixels.

5.1. Regiondetection

A few sgmentedimagesare presentedn figure 1. More
examplescanbe seenat:

http://www-rocg.inria.fr/ fauqueur/ADCS /

Evenin complex naturalscenegxtractedregionspresent
acoherenvisualappearancel hecoarsesggmentatiorproves
its ability to integratewithin regionsareagormedwith mary
shadeof the samehue,strongtextures,isolatedspatialde-
tails, which malke their specificity 15,248regionswereau-
tomatically extractedfrom the 2,483images(averageof 6
regionsperimage). Sggmentinganimagetook an average
of 5.6s. Discardedregions(shavn assmallgrey regionsin
examples)represent very small percentagef imagesur
faces.

5.2. Regionsegmentation

In figure 1, thethird lavenderandthird personmagesshov
thecolorshadesisedto describeeachcorrespondingegion.
Theglobalappearancef thesequantizedmagesshowvsthe
precisionof the ADCS color variability description.A total
of 261,21%olorsshade$rom the Luv spacevereautomati-
cally determinedo index the 15,248regionsof thedatabase
(averageof 17 colorsperregion). 168,9120f thesecolors
were unique (to be comparedwith the 200 fixed bins of a
classichistogram).



ExtractingADCS index from a region took about0.5s.
A regionindex takesan averageof 69 bytes,which makes
it threetimesmorecompacthana classiccolor histogram.
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Fig. 1. lllustration of coarsesegmentationand fine description:
original image,image of detectedregionswith meancolor, and
imageof regionswith color shadesisedfor indexing. Smalldis-
cardedregionsareshavn in grey.

5.3. Retrieval

As a color variability descriptoy ADCS was comparecto

the commonlyusedclassiccolor histogram(with 216 bins
in the Luv space). Retrieval performancewas testedon

2 classeof regions: peopleskin andlavenderregionsfor

which therelevanceof retrievedregionscould easilybede-
cidedin IDS. Queriesof 26 differentlavenderregionswere
performedusingADCS andtheclassichistogram.For each
query, thetop 30 retrievedregionswere“manually” tagged
asrelevant/irrelevantto determinethe precision(fraction of

relevantimagesretrievedat eachrank). The samewasdone
for 26 queriesof skin regions. ADCS improved retrieval

precisionby 25% for lavenderregions (seefigure 3) and
13%for skinregions(figure 2).

Imagefalse positives with the classichistogramwere
dueto the similarity inaccurag. It could not distinguish
two perceptuallydifferentregionscorrespondindo differ-
entobjects.

Thegainin retrieval precisionwith ADCS relatively to
existing color descriptorss coherentwith the gainin de-

scriptionaccurayg of thenew descriptiorandmatchingscheme.

Retrieved regions are perceptuallymore similar and more
consistantwith the query and give an impressionof per
ceptualcontinuumasranksdecreaseRegionsdescribedy
mary color shadeseturnedregionswith mary color shades
andcorverselyfor single-coloredegions.We obsenedthat
thenumberof color shadess alsoanexploitedinformation
aboutthecolor diversityof aregion.

Reagion queriesare done by exhaustve searchagainst
the 15,248regions. Averagequerytimeis 1.3s.

6. CONCLUSIONS

The key ideaof this paperis to detectvisually specific
regionsof interestandmatchthemwith thefine signatureo
improvetheretrieval results.
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Fig. 2. ADCSindex vs. classichistogramon IDS DatabaseRe-
trievals of skinregions
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Fig. 3. ADCSindex vs. classichistogramon IDS DatabaseRe-
trievals of lavendemregions

We presented novel schemefor coarseautomaticim-
agesggmentatiorandfine regiondescriptiorto performregion-
basedjueriesin agenericimagedatabaseThenew ADCS
signatureprovidesa representationf region color variabil-
ity with moreaccurag thanexisting descriptors.

Onthedescriptioraspectwe focusechereon color, but
the ADCS descriptorshould be combinedwith structural
and geometricalfeaturesto provide the bestretrieval per
formance. We alsoplanto investigatemethodgo speedup
theregion queryprocess.
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