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Abstract

Theaim of this work is to index imagesin domainspecific
databaseausing colors computedfrom the object of inter-

estonly, insteadof the wholeimage. The main problemin

thistaskis the segmentatiorof theregion of interestfromthe
badkground. Viewing sgmentationas a figure/ground sey-

regation problemleadsto a new appmoad - eliminatingthe
badground leavesthe figure or objectof interest. To find

possibleobject colors, we first find badground colors and
eliminatethem.Wethenusean edgeimage at an appropriate
scaleto eliminatethoseparts of theimage which are notin

focusand do not containcontainsignificantstructues. The
edce information is combinedwith the color-basedbadk-

ground eliminationto produceobject (figure) regions. We

testour approacd on a databaseof bird images. We show
that in 87% of 450 bird imagestested,the sggmentationis

suficientto determinethe colors of the bird correctlyfor re-

trieval purposes.We also showthat our approacd provides
improvedretrieval performance

1 Introduction

whicharededicatedo specifictypesandsubjects Examples
include mug shotsof humanfaces,picturesof flowersand

birds. Thesedatabasesre characterizedy imageswhich

portraya single objectwhich canbe clearly identified by a

humanuser

In a databaseof imageswith a well-definedsubject,in
mostcasestheintentionof a userqueryis to find otherim-
ageswith the samesubject. For example,in a databasef
imagesof birds,aqueryshaving a bird flying againsta blue
sky shouldbe ableto retrieve imagesof the sameor simi-
lar birds sitting on a branch flying againsta cloudy sky etc.
Instead currentimageretrieval methodswvhich arebasedn
low-level imagefeatuedik e color andtexture derived from
thewholeimage,would retrieve otherimagesdominatedoy
the blue color. To accomplishmeaningfulretrieval in this
scenariowe needto ensurethatthe subjectis the only part
of theimageusedto generatehe databaséndices,ignoring
thebackgrounccontent.

Sggmentationis a hardproblemandit would be very dif-
ficult to train classifierdo detectobjectswhich areasvaried
in color, shapesizeandviewpoint aspicturesof birds. The
problemmay, however be viewed from a new perspecitie.
We obsene that photographer®ften try to ensurethat the
subjectof interestis “prominent” andthatthe backgrounds

The problemof meaningfulretrieval from imagedatabases |essprominent. This is usually doneby placingthe subject

hasgeneratech greatdeal of interestin recentyears. Most

closeto the centerof the image, by makingthe subjectof

retrieval algorithmshave targeteda generaiimagedatabase interestiargerthanotherobjectsin theimageandby having

which may containdiversetypesof images [2, 10]. How-

thesubjectin sharperfocusthanthe backgroundMany im-

ever, thereis a growing numberof large image databases agedatabasesik e picturesof birds (Fig. 1), or flowers,or
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otheranimalsoftenhave thesecharacteristics.

We usetheabove characteristicsf picturesto proposean
approacho automaticseggmentatiorfor finding thefigure or
subjectof interest. The procedureinvolveseliminatingthe
backgroundWhatis left is assumedo bethefigureor object
of interest. The algorithminvolvesthreestages First, some



color(s) are hypothesizedo be backgroundcolor(s) based
ontheir probabilityof occurencatthebordersof theimage.
The hypothesids thentestedby eliminating thosecolor(s)

andevaluatingthe remainingimage. The remainingimage
aftereliminationof detecteackgroundolorsis combined
with informationfrom anedgedescriptiorof theimageatan

appropriatescalewhich capturegshemajorstructurepresent
in the partsof theimagethatarein focus. Thefinal resultis

a sgmentcontainingthe object (figure) region (seeFig. 8

for examples).We would like to emphasizehat significant
fractionsof thebird may oftenlie atthebordersof theimage
(Fig. 7), sosimply eliminatingall the bordercolorswill not

work.

Figurel: Someimagesn the bird database

The resultsof our work are illustrated using examples
from a databaseof imagesof birds. Theseimageswere
downloadedfrom the world wide web andshov wide vari-
ationsin the type of backgroundwater, sky, ground,man-
madesurroundingsiaswell asthe size of the objectof in-
terestasshavn in Fig.1. In earlierwork [4, 5] a solutionto

the problemof object-of-interesidentificationin a database

of flowerimageswasprovided. In thatcase domainknowl-
edgeaboutthe color of flowers(e.g. flowersarerarely gray,
brown, black or green)wasusedto simplify the problemof
segmentation.The bird databaseon the otherhand,hasno
particulardomainspecificknowledgethat canbe exploited.
The problemis mademore difficult by the fact that most
birds are designedo meme into their naturalbackgrounds
to avoid detectiorby predatorsunlike flowerswhich arede-
signedto standout againstheir background.

Sincethe primary purposeis to find object colors accu-
rately enoughfor retrieval, perfectsggmentationof the sub-
jectis notnecessaryThefinal sgmentmayhave smallparts
of the bird missingor include small areasfrom the back-

groundwithout muchimpacton retrieval performance.
This paperis organizedasfollows : the next sectionsur
veys relatedwork; section3 discusseghe detectionand
elimination of backgroundcolors. The combinationof the
resultingimagewith edgeinformationis describedn sec-
tion 4. Section5 discussegxperimentalresultson segmen-
tation. Section6 comparegetrieval basedon the sggmen-
tation schemesuggestedereversusretrieval basedon the
entireimage.Finally section7 concludeshe paper

2 Related work

Therehasbeenalot of work in the areaof imagesegmenta-
tion. Recentwork hasfocusedon combinationof different
cueslike color, texture andedgesor segmentatior3, 9, 8].
Relationalgraphmatchinghasbeenusedfor sggmentingnat-
uralimagesn [12]. However, thesetechniquegproducesey-
mentswhich may not necessarilycorrespondo single ob-
jectsin the sceneandalso, thereis no way of discriminat-
ing foregroundand backgroundelements. Automatic fore-
ground/backgroua disambiguatiorbasedon multiple fea-
tureslike color, intensity and edge information has been
studiedin [6], but thesetechniquesvork well on relatively
smooth backgroundsand objects with sufficient contrast.
Recentlyproposedtechniquedor detectingnatural shapes
in realimageq7] alsowork bestwith simplebackgrounds.

In theareaof color-basedndexing, mostsystemsrimar
ily rely on low-level featuredik e color histogramg13, 11].
Sincetheseare computedwithout extracting the object of
interest, the backgroundplays a significantpart in the re-
trievedresults. The QBIC imageretrieval system[10] uses
someautomaticand semi-automaticegmentationof object
of interest{1].

3 Detection and elimination of back-
ground

The specificobsenationswe exploit are derived from gen-
eralrules-of-thumbfollowedwhenphotographing subject.
Sincenodomain-specifiassumptionaremade theseobser
vationsaretrueof mostimageswith clearlydefinedsubjects.
The subjectis usuallycenteredn the middle three-quarters
of the image (definedasthe “central region” in Fig.3) and
occupiesa reasonablgortion of the image. The camerais
focusednthesubjectanddistantbackgrounds usuallyout-
of-focusasaresult. Whenphotographing specificsubject,
thereis usuallyan attemptto keepothercompetingfoci-of-
interestout of the picture. For example,a pictureof a parrot
anda sparrav hastwo subjectsunlessoneis clearly larger



andmorein focusthanthe other In suchcaseswe assume
thatthe largerregion is moresignificantandignoresmaller
regions.

Basedontheseobsenations we know a priori thatwe are
looking for asegmentin theimagewhichis largeenoughjs
centeredsomeavherein the centralregion of theimageand
hasprominentedges,sinceit is in focus. Corversely the
backgroundegionssurroundthe main subjectandthus,are
morelikely to be visible alongthe peripheryof the image.
If the backgrounds out-of-focus,theremay not be signifi-
cantedgeinformationdetectedn thatregion. However, none
of theseobsenationsaretruein all cases.In suchcasesijt
may not be possibleto discriminatebetweerthe foreground
and backgroundof the imagein the absenceof additional
constraints.The designof our algorithmtakesthis possibil-
ity into accountandproduceso segmentationvheregood
subjectextractionis notpossiblebasednthecolorandedge
informationgatheredrom theimage. In the context of im-
ageretrieval, this would meanthatthe wholeimageis used
for indexing, whichis the startingpoint we aretrying to im-
proveon.

3.1 Segmentation strategy
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Figure2: Overview of sgmentatiorstrateyy

The first stepin producinga list of possiblebackground
colorsis to selecta suitablecolorspaceo label the image
pixels. The RGB spacein which the original imageis de-
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Figure3: Definitionsof imageregions

scribed hastoo mary colorsto be useful. We usethe colors
definedby the X Window systemwhich hasonly 359colors
andis alsoperceptuallygroupednto visually distinctcolors.
Sincethe mappingfrom the RGB spaceto X Color namess
sparsefor pointswith no exactmap,the nearestolor name
(by city blockdistance)s usedto mapthepointto acolorde-
finedin X. Thecolordefinitionsin X alsoprovidecommonly
usednamedfor colorse.g. “khaki”, “aguamarineetc. This
mappingbothreduceghenumberof colorsandalsoensures
thatsmallvariationsin thecolorof anobjectareclassifiedas
the sameperceptuatolor.

Our approachto elimination of backgroundentails the
generationof a hypothesisidentifying the background
color(s), elimination of thosecolors and checkingthe re-
maining image for the presenceof a valid sggment. The
checkprovidesa feedbacknechanisnfor backgroundelim-
ination which indicateswhetherthe hypothesisvas correct
or anew oneneeddo beformulated.

The outline of the algorithmusedto producea segment
from which the color of the bird canbe estimateds shavn
in Fig 2. The eliminationof backgroundcolor is described
in this sectionandthe incorporationof edgeinformationis
discussedh the next section.

The presencef backgroundtolorsis detectedy analyz-
ing thecolorcompositiorof theimagemaigins. Themargins
of theimagearedividedinto borderblockswhich arenarrov
rectanglessshawn in Fig 3. Thedistribution of X colorsin
theseblocksis computedandcolorshaving a high probabil-
ity of beingin morethanoneblock are marked as possible
backgrounctolors.

After eliminatingall the pixels of the hypothesizedack-
groundcolor(s),thelargestsegmentin theremainingimage
is computed. We usethe connecteccomponentglgorithm
for identifying sggmentsin the image,whereeachsegment
is a connectedccomponent. The connectedccomponentsl-
gorithm is run after binarizing the image, where the only
two classearepixelswhich have beeneliminatedandthose
that remain. Fig.4 shonvs an example of the largest sgg-
ment obtainedwhen the colors detectedalong the periph-
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Figure 4: Backgroundelimination: (@) original image(b)
significantcolorsdetectedalongimageperiphery(c) image
left afterdeletingcolorsin (b) foundalongtheimageperiph-
ery (d) largestsggmentobtainedfrom (c)

(d)

ery are deletedafter beingidentified as backgrounccolors.
Someexampleswherethe largestsegmentobtainedclosely
matcheghe bird region of theimageareshavn in Fig.5.

We usetwo criteria for evaluatingwhetherthe sggment
produceds valid; its sizeandthelocationof its centroid.As
discussedh the previoussub-sectionthe segmentcannotbe
a possiblecandidatefor the subjectof the imageif it is too
small or if its centroidfalls in the boundaryregion of the
image(Fig.3). A lack of valid sggmentsafter eliminationof
the hypothesizedackgrounctolors,is anindicatorthatthe
backgroundolor selectiorwaswrong.

When thereis feedbackthat the backgroundcolor cho-
senwas incorrect, the color(s) is restoredand eachcolor
presentn theimageperipheryis testedseparatelyasapoten-
tial backgroundcolor. If novalid segmentsarefoundwhen
ary of thecolorspresentn theborderareeliminatedwe can
concludethatthe bird andthe backgroundccannotbe differ-
entiatedbasedon color, and the whole imageis outputas
the sgmentof interest. This happensvhenthe background
color andthe color of the bird match. Fig.6 shov two ex-
amplesof this casewhichis notuncommorin this database
becausemary birds dependon camouflageo remainunde-
tected.

In someimages,backgroundcolor deletionis sufficient
to producea good segmentationof the bird from the back-
groundas shovn in Fig.5. In mostimages,however, the
outputcanbe furtherimproved by additionalprocessingas
describedn the next section.

Figure5: Examplesshaving extractionof bird segmentob-
tainedwherethe backgrounccolor eliminationstepis very
effective: (row 1) originalimages(row 2) imageafterdelet-
ing backgroundolors(row 3) largestsggmentproduced

4 Using edgeinformation

It is notalwayspossibleto extracta segmentcontainingonly
the bird on the basisof differentiationof backgroundand
bird colors. Thereareimageswherebackgroundcolorsre-
mainbecausehey werenot presentilongtheimageperiph-
ery, andtherefore werenotdetectedy thebackgrounelim-
inationprocess.

Edgesassociatedvith the outline of the bird tendto be
preseniat every scaleof theimage. However, edgesassoci-
atedwith thebackgroundareusuallypresenbnly at smaller
scalesThisis dueto severalreasons:

The backgroundsometimesconsistsof uniform regions
suchassky. Edges(in the background)f ary appearonly
atthe smallesf(finest)scalesMany backgroundsssociated
with bird imagesconsistof textured surfacessuchasgrass,
mudwateror trees.The scaleof suchtextureimagesis usu-
ally much smallerthanthat of the imageof the bird. The
backgroundmay often be blurred (seethe top left imagein
Fig.7)or evenif it is notblurred,it is oftennotassharp(top
left imagein Fig. 8) becaus®f thelimited depthof field of
cameras.This effect is often accentuatedby the photogra-
pher Noticethatedgesassociateavith theinternalstructure
of the feathersof the bird are often presentonly at small
scales However, this doesnot matterfor our purposesince
we areonly interestedn the externalcontourof the bird.

Corveniently all theseeffects reinforce eachother and



Figure 6: Examplesshawving detectionof invalid segments
. (top) original images(mid) after deletionof hypothesized
backgroundcolors (bottom) largestsegmentsproduced(in-

valid sincetoo small(left) or centroidis in theimagebound-

ary region (right))

canbe taken advantageof by usinga relatively larger scale
for detectingedges At suchscalesonly edgegresenin the
bird will be detected.We do this asfollows. Theimageis

convolvedwith the two first derivativesof a Gaussian.The
derivative outputsarethencombinedo producethegradient
magnitude The derivativesof Gaussiansreenegy normal-
ized (by dividing by the scale). This ensureghatthe range
of the gradientmagnitudemagesis roughly the sameat all

scales.The outputof the imageis thenthresholdedo find

edges.We have foundthata scaleof o = 2 andathreshold
of 15worksfor all ourimages.

The third row in Fig. 7 shavs the outputof the edgede-
tectoronthebird imagesn thefirst row. Notethatlarge por-
tionsof thebackgroundio not have ary edgespresentvhile
the edgeson the bird are still present. It is clearfrom the
imageon theright sidethatthe edgeimagealoneis insuffi-
cientto eliminatetheentirebackgroundndthatit is only the
combinationof the edgeandcolorinformationwhich allows
backgrouncelimination.

Theedgeimageis thencombinedwith theforegroundsey-
mentoutputby the color-basedackgrounceliminationpro-
cess.Thefirst stepin the combinatiorprocesss to eliminate
edgepoints that are not in the foregroundsegment. This
should eliminate most of the edgesfrom the background.
The next stepfinds connectedcomponentsn the remaining
edgepointsandeliminatessmallandisolatededgesegments.

Figure7: Examplesshonving improvementsn the bird sey-
mentextractedwhenedgeinformationis incorporated (row
1) original images(row 2) segmentafter backgroundcolor
deletion(row 3) edgeimage(row 4) final output

Edgesggmentssmallerthan20% of thetotalnumberof edge
pointsareconsideredo betoo small. This leavesthelonger
edgesegmentsonly. To estimatethe areacoveredby these
remainingedgelines, a closedcontouris assumedand a
commonlyusedtechniqudrom computegraphicds usedto
determineinside/outsideelationship(it wasalsosuggested
for usein objectrecognitionby Ullman [14]). Theimageis
processednescanlineatatime andandtheregion between
theoddandevenedgecrossing®n eachscanlinds included
in the final output segmentwhich representghe object of
interest(bird) in theimage. The scanlinescontainingonly
one edgecrossingare ignored,theseoccurwhenthereare
piecesof the backgroundemainingor whenthe bird con-
tourisincomplete A reasonabléird regionwill beobtained
even whensomescanlinesare missedif the contourof the
bird is mostly detectectorrectly Someexampleswherethe
edgeinformationis ableto improve the sgmentationpro-
ducedby color-basedoreground-backgounddiscrimination
areshovnin Fig.7.



Figure8: Exampleshawing eliminationof backgroundand
final segmentobtained

5 Experimental results

The automaticsggmentatiorresultswere manuallychecled
for 450 imagesin the bird database. Table 1 shows the
breakupof theresults.In 57% of theimagesthebackground
is totally eliminated someexamplesof this caseis shovnin
Fig.8. In 13% of the images,the greaterpart of the back-
groundis eliminatedandthe remainingbackgroundioesnot
alterthe color distribution of the final sggmentsignificantly
Someexamplesof this caseareshown in Fig.9. Whensig-
nificantamountof backgroundgemainsin thefinal segment,
the color distribution computedfor the bird is not accurate.
Examplesof suchimagesis shovn in Fig.10andthesecon-
stitute11% of theimages.In imageswherethe bird is well
camouflagedit is not possibleto extractthe foregroundon
the basisof color. In suchcasesthe whole imageis used
for indexing. Theearlierfigure, Fig.6 shovs someexamples
of this case Fig.11sshov someadditionalexamples.How-
ever, sincethe backgroundcolor and the color of the bird
arethe sameor very similar in this casejndexing is notad-
verselyaffected.Fig.12showvs two casesvherethe sggmen-
tation algorithm failed; the bird was eliminatedaltogether
andtheoutputconsistof partsof the backgroundThis hap-
penedwhenthe main backgroundtolor matchedhat of the
bird, but therewere otherbackgroundcolorsin the central
region of the imageoccupying a significantarea. However,
the problemwasencounteredn a very small proportionof
theimages.In mostcaseswherethe bird wasindistinguish-
ablefrom the backgroundthe segmentationalgorithmwas
ableto detectthis situation,and output the image without
segmentingit.

Sincethe proposedoregroundsegmentdetectionrmethod
doesnot use information specificto birds, it can be used
without alterationon otherimageswith singlesubjectawith
goodresults.Fig.13shav an exampleof othersubjectsex-

No backgroundeft 57% | Goodfor indexing
Insignificantbackgroundeft | 13% | Goodfor indexing
Imageunchanged 17% | OK for indexing
Significantbackgroundeft | 11% | Indexing affected
Incorrectsegmentation 2% Indexing affected

Tablel: Automaticseggmentatiorresults.

Figure 9: Example shawving partial elimination of back-
groundwherethe includedbackgrounddoesnot affect the
color distribution of thefinal segmentsignificantly

Figure 10: Exampleshaving partial elimination of back-
groundwheretheincludedbackgroundaffectsthe color dis-
tribution of thefinal sggment.

Figure11: Examplesshaving casesvherea valid bird sey-
mentcould not be extractedbasedon color

Figure 12: Exampleshawing failure caseswherethe bird
segmentwasdeleted.

tractedcorrectly (in the caseof the shale the segmentex-
tractedis sufficient to determineits color). We believe that
thistechniquewill beapplicableto imagedatabasesf mary




Figure13: Exampleshaving correctdetectionof subjectin
otherdomains(top) originalimageg(bottom)final sggments
obtained

other objectsincluding snales, butterflies, fish and mam-
mals.

6

The databaseof bird imagesis indexed using color his-
tograms[13] generatedrom the region of interestdeter
minedby the color andedge-basetackgroundelimination
processdescribedearlier Our databasdiasabout700im-
agesdownloadedfrom the world wide web . Theimages
vary widely in quality, with sizesranging from 12Kb to
40Kb, with birdsoccupying a variablepartof theimage.
Some examplesof the retrieval obtainedare shavn in
Fig.14. Sincetheretrieval is on the basisof color, all that
we canensureas thatthecolorsof thequerybirdsandthere-
trievedbirds arethe same.Thefirst retrieval actuallyseems
to produceretrievalsof birdsof the samekind while the sec-
ond retrieval interestinglyseemsto retrieve other birds of
prey (perhapsmary birds of prey sharethe samecoloring
scheme).Note that the retrievals are not affectedby back-
groundcolorandareindependentf viewpointandscale.
For comparisonFig.15shavstheretrieval obtainedusing
the samequeriesbut usingthe whole imagefor color-based
indexing. The examplesclearly demonstratéhat the back-
groundelementglominatetheretrieval in this case . Thefirst
gueryproducetherimageswith waterasthe background,
thesecondjueryproducestherbirdsagainstabluesky and
the third query generatedbirds againstgreenbackgrounds,
with the color of the bird playing a secondaryrole in the
retrieval. The samequerieswhenposedon the databasef-
ter backgrounceliminationretrieve imagesof otherbirds of

Indexing and retrieval

1We ranthe automaticsggmentatioron all 700imageseventhoughthe
segmentationwas only manually checled on 450 imagesbecauseof the
laborintensve natureof the checkingprocess.

similar color, without being affected by the type of back-
groundthey arefeaturedagainst.

Otherretrievals are similar in nature. We hopeto do a
morequantitatve evaluationwhentime permits.

7 Conclusion

We have proposeda solution to the problem of region of
interestextraction while making very generalassumptions
aboutthe imagesin the databasewhich aretrue of a broad
classof images.Our approactto foregroundsegmentdetec-
tion is basedon eliminationof background.This is accom-
plishedby combininga color-basedbackgrounddetection
stepwith refinementof the segmentationusing edgeinfor-
mation.

Color histogramsfrom the automaticallydetectedfore-
groundseggmentareusedto index a databasef bird images.
The retrieval resultson this databasehaw thatthe color of
the bird is usedfor retrieval without being affectedby the
colorspresentin the background.This is a very important
improvementin a databaseof imageswith single subjects
where the query is usually on the subject,and the back-
groundis incidental.
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