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Abstract

A new appmoad to indexing a specializeddatabaseby
utilizing the color and spatialdomainknowledg available
for the databases described.Thisappmoad is illustrated
by usingit to provide a solutionto the problemof indexing
imagesof owersfor seachinga ower patentsdatabasédy
color. The ower regionis isolatedfromthe badgroundby
using an automaticiterative sggmentationalgorithm with
domainknowled@-drivenfeedbak. Thecolor of the ower
is de ned by the color namespresentin the ower region
andtheir relativeproportions.Thedatabaseanbequeried
by exampleandby color names Thesystenprovidesa per
ceptually correct retrieval with natural language queries
by using a natural language color classi cation derived
fromthe ISCC-NB<olor systemand the X Window color
names.Theeffectivenessf the strategy on a testdatabase
is demonstated.

1 Intr oduction

The adwentof theinformationrevolution hasleadto an
enormousncreasean the amountof informationthat peo-
ple andorganizationhave to dealwith. To be ableto use
thisinformationeffectively, peoplerequiretoolsto manage
the information; including tools for searchingretrieving
and classifyingit. A numberof good searchenginesex-
istfor text in ASCII form. However, thereareno goodtools
of comparablgperformancdor retrieving imagesavailable
yet.

This materialis basedon work supportedn partby the NationalSci-
enceFoundationLibrary of CongressandDepartmenbf Commerceainder
cooperatie agreemenbumberEEC-9209623,ipartby the United States
Patentand TrademarkOf ce and DefenseAdvancedResearctProjects
Ageng/ITO underARPA ordernumberD468,issuedby ESC/AXScon-
tract numberF19628-95-C-0235n part by the National ScienceFoun-
dationundergrantnumberlRI-9619117andin partby NSF Multimedia
CDA-9502639. Any opinions, ndings andconclusionsor recommenda-
tions expressedn this materialare the author(s)and do not necessarily
re ect thoseof the sponsor(s).

Traditionallyimagedatabaseksave beenrmanuallyanno-
tatedusingtextual keywords. Theimagesarethenretrieved
basedn the manuallyassignedkeywords. Manualannota-
tion is slow, expensve andimpracticalfor the largeimage
databasethatarebeingcreatedoday In addition,manual
annotationsuffer from mary limitations; annotationsnay
beinaccuratgespeciallyfor large databasesgndthey can-
not encodeall the informationpresentin animage. Thus
therehasbeena greatdealof interest,recently in content-
basedetrieval of imagesvherethegoalisto nd imagesn
thedatabas&hichare“similar” in partor wholeto aquery
or exampleimage.

This paperdiscussebow adatabasef o werpatenim-
agesmay be queriedusingboth an example o wer image
aswell asby usingthe namesf colors. Flowerimagesare
submittedas a part of the processof applyingfor o wer
patentfrom the U.S. Patentand TrademarkOf ce. A per
sonwho would like to checkwhetheranen o wer submit-
tedfor patentingis unique,canprovide an exampleimage
from the patentapplicationto retrieve similar o wersthat
alreadyexist in the databaseOn the otherhand,a person
looking for o wersto cultivate may only be ableto spec-
ify the o wer type and a color namewhen queryingthe
database.

The speci ¢ researclttontritutionsof the paperinclude
methodgo take advantageof thedomain( o werpatents}o
isolatethe o werregionfrom thebackgroundThecolor of
the o weris thenextracted.Unlike mary othercolor based
retrieval systemgq1, 26|, this ensureghatonly the color of
the o weris usedin theindexing procesgatherthancolors
in theentireimage. A naturallanguagecolor classi cation
derived from the ISCC-NBScolor systemandthe X Win-
dow color namesis linkedto the color of the o wer. The
databasenay be queriedeither by using naturallanguage
gueriesdescribingthe color of a o wer or by providing an
exampleimageof the o wer.

This work is motivatedby the needfor formulating a
methodologyfor using the domain knowledge available
for specializeddatabaseto provide betterretrieval perfor



mancethangeneral-purposeetrieval stratgies. We believe
that this approachmay be appliedto other domainsand
databased-or example databasesf bird imagesorimages
of mammalsaregoodcandidatesor suchanapproach.

2 Background and Motivation

The basicsteptowardsmeaningfulretrieval is to ensure
thattheimagedescriptionsisedo index thedatabasarere-
latedto thesemanticontentof theimage.Thisrequirement
is dif cult to meetin thecontext of content-baseiinagere-
trieval. Unlike text wherethe naturalunit, the word, hasa
semantianeaning the pixel which is the naturalunit of an
imagehasno semantianeaningoy itself. In imagesmean-
ing is found in objectsandtheir relationships. However,
segmentingimagesinto suchmeaningfulunits (objects)is
in generalan unsohed problemin computervision. For-
tunately mary image attributeslike color, texture, shape
and“appearanceinayoftenbedirectly correlatedwith the
semanticof the problem. For example,logos or product
packagesge.g.,aboxof Tide) havethesamecolorwherever
they arefound. The coatof aleopardhasa uniquetexture
while AbrahamLincoln's appearancés uniquely de ned.
Theseimageattributescan often be usedto index andre-
trieveimages.

Theseattributesmust be usedwith careif they areto
correlatewith the semanticof the problem. For example,
mary imageretrieval systemgsee[1, 26]), usecolorto re-
trieve imagesfrom generalcollections. A pictureof ared
bird usedasa query may retrieve not only picturesof red
parrotsbut alsopicturesof red o wersandredcars.Clearly,
this is not a meaningfulretrieval asfar as mostusersare
concerned.If, however, the collectionof imageswaslim-
ited to thosecontainingbirds,theresultsretrievedwould be
restrictedto birds and probablybe muchmore meaningful
from theviewpointof auser

While mary imageretrieval algorithmshave beenfo-
cusedon retrieving imagesfrom generaimagecollections,
we believe that the approachof restrictingimageretrieval
to specializedtollectionsof imagesor to speci ¢ taskswill
be more successfuland useful. The restrictionto speci c
domainsdoesnot make thetaskary lessinterestingor use-
ful. In fact,someof the mostsuccessfulvork in the areaof
imageretrieval hasbeenin specializednethoddor retriev-
ing facessimilar to a queryfaceimagefrom a databasef
faceimages(see[28] for an early exampleof sucha sys-
tem). Thereare mary applicationsof systemdor retriev-
ing facesincludingidentity veri cation for nancial trans-
actionsandlaw enforcement.To a limited extent, special-
izedapproachebave alsobeenusedfor imagesof speci ¢
objectsin generalcollectionsof images. For example,a
numberof systemshave beendevisedto nd humanfaces
in agenerakollectionof images(for example[35]) andan

attempthasalsobeenmadeto nd horseq9] in suchcol-
lections.

Thenatureof thetaskoftenmodi es the approactiaken
to imageretrieval. Thus, for examplein the application
discussedn this papera o wer of a differentcoloris not
consideredo be a match.However, in trademarketrieval,
colorplaysnorole. Thatis, atrademarks consideredden-
tical to anothertrademarkevenif their colorsaredifferent.
Trademark@areagoodexampleof ataskin whichall types
of imagesoccurbut the taskis very specic (i.e. to nd
trademarkghat are visually similar). Trademarkimages
have text associatedvith them, which permitssearching
bothon thevisual contentaswell asonthetext. Therehas
beensomework on interfacingtext andimageretrieval to
retrievetrademark$34]. Theuseof text retrieval allows ad-
ditional constraintgo be used.For example two trademark
imageswvhicharevisuallyidenticalareconsidereaon icts
only if they areusedfor similargoodsandservices.

Thiswork is motivatedby the needfor a betterapproach
for indexing aspecializedlatabaséy exploiting theknowl-
edgeavailablefor the domaincoveredby the databaseAs
anexample wewill investigateheutility of domainknowl-
edgein indexing adatabasef imageswhich have beendig-
itized from photographsubmittedasa partof applications
for o werpatentdo theU.S.PatentsandTrademarlOf ce.
This databas@eedgo be queriedboth by exampleimages
andby color namesothatboth personsn chageof check-
ing new patentapplicationsandpersonsouying patentsfor
cultivationcanuseit.

Thoughall imagesin the databaselepict o wers,there
is nouniformity in thesizeandlocationof the o wersin the
imageor theimagebackgroundaisshovn in Fig 1. There
aretwo mainproblemsto be addresseth this application:
the problemof segmentingthe o werfrom thebackground
andthe problemof describingthe color of the o werin a
form which matcheshumanperceptionandallows e xible
gueryingby exampleandby naturallanguagecolor names.

Figure 1. Example of database images show-
ing diff erent types of backgrounds

We would like to usethe characteristic®f this domain
to automatethe sggmentationandindexing process.Most



of thedomainknowledgeis in theform of naturallanguage
statementdranslatingheseanto ruleswhich canbeusedto
build automatedlgorithmsis non-trivial. For example Jlike
mostnaturalsubjectsa lot of colorbaseddomainknowl-
edgeis known for the o werdomaine.g. o wersarerarely
green,black, gray or brown in color. Examplesof infor-
mationin otherdomainswould be factslike mammalsare
rarely blue, violet or greenand outdoorscenesften have
blue andwhite skiesandgreenvegetation.However, these
typesof informationcanonly beusedeffectively whenthere
is a mappingfrom the 3D color spaceto naturallanguage
color names. We have constructeda mappingto a natu-
ral languagecolor namespaceusingcolor namesfrom the
ISCC-NBS[16] systemandthe color namesde nedin the
systemfor this purpose.

We have developedan iterative segmentationalgorithm
whichusegheavailabledomainknowledgeto provideahy-
pothesignarkingsomecolor(s)asbackgrounctolor(s)and
then testingthe hypothesisby eliminating thosecolor(s).
The evaluationof the remainingimage providesfeedback
aboutthe correctnes®f the hypothesisanda new hypoth-
esisis generatedvhenneccessargfterrestoringtheimage
to its earlierstate.

Thenext sectionof thepapersuneysrelatedwork. Sec-
tion 4 addressethe problemof sggmentingthe o werfrom
the backgroundusing domainknowledge. Section5 dis-
cussedndexing andretrieval from the databasencluding
differenttypesof queriessupportedSection6 describegx-
perimentscarriedout to testthe systemandtheconclusions
aresummarizedn Section7.

3 Literatur e Survey and RelatedWork

Imageretrieval hasbeenanactive areaof researclsince
the early '90s. As more applicationareasare encoun-
tered[8, 11], it is increasinglyymportantto nd anef cient
solutionto this problem. Sincethe end userof imagere-
trieval systemss usuallyahumarbeing theretrieval results
shouldaim to provide theimagesthata humanwould have
selectedif (s)he could manually browse throughthe full
databaseThisis anill-de ned problem,becausehumans
ideaof imagesemanticss hardto encodein an automatic
algorithm.Thebestasystemcandois to appeato beintel-
ligentby usingsomeof theattributesa humanwould useto
catgyorizeimages.Humanbeingstendto describeémages
basednthe objectsrepresentedh it, soanimagedescrip-
tion in termsof objectsfoundin theimageis morelikely to
produceresultsmatchingthe humanperceptiorof the im-
agecontent.However, objectrecognitionin ageneralmage
domainis avery hardproblemandno generakolutionsex-
ist. To avoid the objectrecognitionproblem, researchers
have foundanumberof low-level featureghatarewell cor-
relatedwith imagecontent.An imageis describedn terms

of theselow-level featuresor attributes. It is assumedhat
imageswith matchinglow-level featureswill have related
semanticontent. The quality of retrieval obtainedwill de-
pendon the extentto which the attribute(s)usedarerelated
to imagecontent. For example,machinepartscanbe dis-
tinguishedon the basisof their shapecommerciaproducts
canbeidenti ed by their color, andtexture could be used
to distinguishanimalswith differenttypesof fur. Theseex-
amplesalsoillustratethe point thatthe attributesthatwork
aredomain-speci c,anattribute thatworks well in onedo-
mainmay not berelevantatall in anotherdomain.We will
take a closerlook at the attributesthat have beenusedin
imageretrieval and their relevanceto solving the general
imageretrieval problem,andto solvingparticularproblems
in differentimagedomains.

It would appeathattwo-dimensionashapevouldbean
importantfeaturefor distinguishingsomeobjectsfrom oth-
ers. Considerablavork hasbeendonein the areaof pat-
tern recognition,on matchingsuch shapeso eachothet
For example Mehtreetal [24] provide a comparatie study
of variousshapemeasuregor content-basecetrieval on a
databasef trademarkmages.Thefeaturesisedo describe
shapecanbe classi ed into thosethat describethe bound-
ary of the objects/ike stringencodingandFourierdescrip-
tor co-efcients, and thosewhich describethe regionsin
theimagelik e polygonalapproximation$23] andinvariant
moments[3]. However, much of this work assumeghat
the object can be sggmentedfrom the backgroundbefore
the shapefeaturescan be computed. This may not be a
problemfor databasewherethe objectis depictedagainst
aplainbackgroundbut thisis aseriougproblemfor general
imagedatabasesin general,an objects appearancen an
imagedependsiot only on its threedimensionakhapebut
alsoon therelative viewpoint of the objectandthe camera,
its albedoaswell ason how it is illuminated. It is dif cult
to separat®ut the shapeof the objectfrom theseotherfac-
tors. Thus,imagesegymentation(especiallywhenthe sgy-
mentsneedto correspondo objectsin theimage)is a hard
problemfor which no generalsolution exists. Somesys-
temshave usedmanualsegmentatior{26] to overcomethis
problem.

For someobjects textureis animportantdistinguishing
featurebecausdhesesubjects(like animal skin, fur, veg-
etationetc.) shaw distinctive texture patterns. Ma and
Manjunath[21] have usedtexture-basedpatternsfor im-
ageretrieval. Liu and Picard[19] have proposedan im-
agemodelbasedon the Wold decompositiorof homoge-
neousrandom elds into three mutually orthogonalsub-
elds which correspondo the mostimportantdimensions
of humantextureperception periodicity, directionalityand
randomnessThesetexture featureshave beenshowvn to be
effective in retrieving perceptuallysimilar naturaltextures.
Otherimagedescriptionghathave beenusedfor grey-scale



imagesincludeappeaance(proposedy RavelaandMan-
matha[33, 32]) which describesheintensitysurfaceof the
imagesandeigenfeatureq441].

Color is a very commonlyusedlow-level featurewhen
thedatabasénagesarein color. It is usefulfor indexing ob-
jectswhichhaveveryspeci c colors,for example,commer
cial products, ags, postalstamps,birds, shes and o w-
ers,or asa rst passfor othercoloredimages. Swain and
Ballard [40] proposedhe useof color histogramgo index
colorimagesanddescribedan ef cient histogramintersec-
tion techniquefor matching. Normalizedcolor histograms
alongwith histogramntersectiorhave beenpopularfor in-
dexing color imagesbecauseof the fast speedof match-
ing andthefactthatthey aregenerallyinvariantto transla-
tion, rotationand scale. However, sincecolor histograms
do notincorporatdanformationon the spatialcon guration
of the color pixels, thereare usually mary false matches
wheretheimagecontainssimilar colorsin differentcon g-
urations. A few researcherbave attemptedo includethis
informationin the representatioio improve the retrieval
results. Zabih et al [13] have proposedhe color correlo-
gramwhich includesinformationon the spatialcorrelation
of pairsof colorsin additionto the the color distribution
in the image. Mataset al [22] have describecda color ad-
jacengy graphwhich canbe usedto describemulti-colored
objects,but the matchingphaseis too computationallyin-
tensie for usein largeimagedatabasedasetal [5] have
proposeda simplerspatialadjaceng graphstructurewhich
isusedn a Itering phaseo enforcethespatialpropertieof
the colorsrequiredby the queryimage. The main problem
with color-basedmageretrieval is thatcolor asa featureis
not well correlatedwith imagecontentin a generalimage
databasef-or example,aquerywith aredball mayretrieve
redcars, o wers,apersorwearingaredshirtora re truck.
In addition, using color aloneis not sufcient to produce
enoughdiscriminationbetweendatabasémageswith only
afew colors;for example jmageof apestigersandforests.
However, in domainswherecolor is animportantattribute,
it canbevery useful.

A numberof studieshave shavn thattheuseof acombi-
nationof featuregproducesetterretrieval resultsthanus-
ing eachof the featuresalone[25, 31]. Differentcombi-
nationsof featureshave beenuseddependingon their ap-
propriatenessor the testdatabase.Jain and Vailaya[15]
have usedcolor histogramsandshapeasfeaturedo index a
databasef trademarkimages.The shapds alsodescribed
asa histogramby taking countsof the differentedgedirec-
tionspresenin theimage.Belongieet al [2] usecolorand
texturefeaturedo sggmentanimageinto regionsof coher
ent color andtexture and representhe imagein termsof
these'blobs” for content-basectktrieval.

For retrieval systemsthat work with generaldatabases
like generic stock photographsand mixed news pho-

tographsit is not cleara priori which feature(or combi-
nation of features)would producebetterretrieval perfor
mance.Thisdepend®nthetypeof objector scenalepicted
in the query Many suchsystemsmplementa wide variety
of featuresandlet the userchoosethe importantaspectof
the query at querytime. An exampleof a systemwhich
implementsolor, textureandshapds QBIC [26] whichal-
lows querieshasedn exampleimagessketcheor selected
color andtexture patterns.The usercanselectthe features
to beusedaswell astherelative importanceo be attached
to eachfeaturein the nal ranking. Virage[1] is another
generalpurposeretrieval systemwhich provides an open
framework to allow generalfeaturedike color, shapeand
textureaswell asverydomainspeci c featurego beusedas
plug-ins. The Photobool{29] retrieval systemusesshape,
texture and eigenimagess featuresin additionto textual
annotations. The systemcan be trainedto work on spe-
ci ¢ classe®fimages.Otherexamplesof existing systems
usingmultiple featuresandmultiple querymodesare Can-
did [17] andChabot27]. An emeging problemin general
imagesearchis to retrieve relevantimagesfrom the World
Wide Weh Smith and Chang[39] have implementedan
imageretrieval systermfor the World Wide Web (hameadVi-
sualSEEkusingspatiallylocalizedcolor regionsin theim-
agesto describetheimages.Sclarof etal [37] have devel-
opedthelmageRweersystento gatheimagesrom theweb
andindex themusing color, texture, orientationand other
specializedeatures.Traditionalkeyword-basedearchen-
gineslike YahooandLycoshave alsoimplementedmage
searchengineshut theseareactuallytext-basedsearchen-
gineswhich extractkeywordsfrom theimagecaptionsand
the URL in whichtheimageis embedded.

Basedontheabovediscussionit is clearthatthetrendin
generaimageretrieval systemshasbeento provide alarge
numberof low-level featuresaswell asspecializedeatures.
However, it is theuserwho is expectedo selectthefeature
or combinatiorof featureghatarerelevantto his/herquery
Appropriatefeatureselectionis a hard problem,requiring
knowledgeof the featuresand experiencein usingthem,
neitherof which shouldbe expectedof the user An even
moresigni cant problemthatarisedrom theuseof multiple
featureds how thefeatureshouldbe combined.Sur mage
by Nastaretal [25] usesnormalizedinearcombinatiorand
voting methodgo computethe ranksof imagesbhasedon a
combinatiorof featuresln othersystemstheusermeeddo
weighteachfeatureselectedby its importancewhich may
bevery hardto do.

Oneof theweaknessegf imageretrieval technique$as
beenin their evaluation. Most researcherbave evaluated
theirtechnique®n their own individual databasedt is not
alwaysclear especiallyfor techniquedocusedon general
imagecollections,whatthe evalution criteria are. For ex-
amplein suchdatabasessimilarity is sometimeshard to



de ne. For someapplicationsof faceretrieval, the FERET
databas30] providesa standardestcollection.

While a numberof differentsystemshave beenimple-
mentedwhich try to solve theimageretrieval problemin a
generadatabasethe questiorof whattheuserreally needs
hasoften beenleft unansweredThe mostcommonquery
formatis to provide anexampleimage,but this maynot be
sufcient to fathomthe usersintent. For example,the user
may provide a picturewith a carparkedin front of a build-
ing on a sunry day, which could meanary oneof : (s)he
wantsother picturesof the samebuilding, picturesof sim-
ilar cars,picturesof buildings with carsparkedin front or
even other sunlit scenes! One approachto specifyingthe
objectof interesthasbeento allow sub-imagessqueries
wherethe usermarksthe areaof interest{5, 32]. However,
this may not be sufcient for clarifying the users query
andproviding sub-imagenatchings usuallymoredif cult.
Thishasleadto theuseof relevancefeedbackawell-known
techniqueusedearlierfor text-basednformationretrieval.
In this approachthe usermarkstherelevantandirrelevant
imagesout of theretrievedimages.Thesystenrecomputes
thematchscoreshasedn this userfeedbackandprovides
a more relevant setof images. The more recentsystems
like Sur mage[25] providerelevancefeedbaclkasamecha-
nismfor re ning theretrieval resultsinteractvely usingin-
putfrom theuser

In imageretrieval applicationsnvolving specializedo-
mains, the users needsare often well-de ned. However,
generapurposeetrieval systemsnaynotdo aswell asex-
pectedby the useron specializedconstrainedlomainsbe-
causethey do not exploit ary of the specialfeaturesof the
domain. Thereis a needfor automaticretrieval solutions
in anumberof specializedlomainswhich arecurrentlyin-
dexed by manualannotationsnd specializeccodeswhich
involve extensie, tedioushumaninvolvement. In mary
of thesespecializeddomains,featuresspeci ¢ to the do-
main needto be formulatedto producegood retrieval re-
sults. For example,Pentlandet al [28] describethe eigen-
imagerepresentatiomvhich measureshe similarity in ap-
pearancef faceswhichis usedto searchfor similar faces
in the Photobooksystem. Even whenthe domainhasa
wide variety of images(for exampletrademarks)the ap-
plication may be specialized.For example,for trademark
retrieval, RavelaandManmathd33, 34] have usedaglobal
similarity measurdor imagedasedn curvatureandphase
to producesuperiorresultson a databasef trademarkm-
ageswhen comparedto general-purposshape-basedp-
proaches.Eakinset al [6] have developeda trademarkre-
trieval system(namedARTISAN) which usesGestaltthe-
ory to grouplow-level elementdike lines and curvesinto
perceptualunits which describethe trademark. In ad-
dition to developing appropriatefeaturesfor specialized
databasespne may be able to sgmentand describethe

objectsdepictedin the image using knowledge aboutthe
objectsto simplify the sgmentationprocess.Forsythand
Fleck[9] describearepresentatiofor animalsasanassem-
bly of almostcylindrical parts.On a databasef imagesof
animals their representatiopanretrieve imagesof horses,
for example,in avarietyof posesFlecketal [7] useknowl-
edgeaboutthe positionsof attachmenof limbs andheadto
the humanbody to detectthe presenceof naked peoplein
the databasémages. Forsythet al illustrate somespecial-
izedapplicationsof imageretrieval in [8].

Thereis work in the areasof colorimagesegmentation
and modelingthe appearancef coloredobjectswhich is
alsorelevant to this work. Color histogramg40] in dif-
ferent color spaceg44, 45] have beenusedin different
formsin alot of work in the areaof colorimagesegmen-
tation [18, 38]. Multiresolutioncolor imagesegmentation
is describedn [20]. However, all the systemsabove do
notidentify theobjectof interestandcannotdistinguishthe
backgroundelementsfrom the foregroundelements. Au-
tomatic foreground/backgraond disambiguationbasedon
multiple featuredik e color, intensityandedgeinformation
hasbeenstudiedin [14], but thesetechniquesssumeela-
tively smoothbackgroundsindobjectswith sufcient con-
trast.

Sincewe would like to use color domain knowledge,
the color spaceneedso be mappedo colorsasperceved
by humans.Therehasbeenwork on perceptuabrganiza-
tion of the color spacein the areaof imageindexing [42]
andin color science [46] without mappingthe perceptual
groupsobtainedto naturallanguagecolor names. These
approachearenot very usefulin the translationof natural
languagerules aboutcolor into computerusableinforma-
tion. However, they provide goodindexing toolswhenthe
objectof interesthasbeenpre-sgmentedfrom the back-
ground. In the reverseapproachgolor domainknowledge
hasbeenmappedo the 3D color spacen applicationdike
faceidenti cation usingskintones[4] andautomatidarget
recognition,wherethe partof the color spacewhich corre-
spondsto the objectof interestis identi ed. Modelingthe
distribution of color pointsin objectsis animportantissue
in this approach.The setof pixelsin eachnaturalobjectis
modeledas a Gaussiarprobability densityfunctionin an-
notatingnaturalscenesn [36]. Regionscorrespondingo a
speci edcolormodelaredetectedn [10].

4 Segmenting the ower from the back-
ground

The rst stepin indexing the o wer patentdatabasdoy
0 wer color is to extractthe o wer from the background.
Thereis no generalsolutionto the problemof extracting
the objectof interestfrom animage. However, for a spe-
cializeddomainsuchas o wers,we canusedomainknowl-



edgeto automaticallyextractaregionfrom theimagewhich

hasa high probability of beinga o werregion. The types
of information available for this applicationcan be cate-
gorizedinto color-basedand spatial domain knowledge.
Sincecolor-baseddomainknowledgeis availablein terms
of naturallanguagecolor descriptionsand providing color

name-basedetrieval is also one of our goals, the color

spaceneedso be mappedo commonlyusedcolor names.
Thenext taskis to segmenttheimageusingboth color and
spatialdomainknowledge.Thesestepavhich constitutehe
of ine processingphaseof indexing the databaseare de-
scribedin this section.

4.1 Mapping from color spaceto names

We needtablesmappingpointson a 3-D color spaceo
color nameswhich shouldagreewith humanperceptiorof
colorsto be useful. We usetwo sourcesor names(i) the
ISCC-NBScolor systemwhich producesa densanapfrom
theMunsellcolor spacao namesandthe (ii) colorsde ned
by the X Window systemwhich providesa sparsemapping
from theRGB spaceo 359names.TheSCC-NBSsystem
usesa standardcsetof basehues[Fig 2] andgenerate267
color namesusing hue modi ers [Fig 3]. This givesusa
color systemwhich canbe easilydecomposeihto a hier
archyof colorswherewe may usethefull color name par
tial namespasehuesor coarserclassegFig 4] comprising
groupsof basehues.

red reddishorange| reddishpurple
reddishbrowvn | green bluishgreen
purplishred browvn greenistblue

purplishpink | yellow green orange

orangeyellow | blue yellowish brown
yellow purplishblue yellowish pink
olive brown pink greenishyellow
yellowishgreen| violet brownishpink

olive purple brownishorange

Figure 2. Hue names in the ISCC-NBS system

verypale | verylight brilliant vivid
pale light grayish moderate
strong | darkgrayish | dark deep
blackish | verydark verydeep

Figure 3. Hue modier sin the ISCC-NBS sys-
tem

The color namesin ISCC-NBSsystemoften have sim-
pler commonlyusedalternatves, for example, very pale

red | green | brown | orange
blue | purple| pink yellow
violet | black | white gray

Figure 4. Color classes derived by grouping
ISCC-NBS hue names and adding three neu-
tral color s

yellowish white' in the ISCC-NBS systemis the color
“ivory' and’light brownishyellow' is thecolor ‘khaki'. The
simplernameslike “ivory' and khaki', which areoftende-
rivedfrom commonlyknown objectsof the samecolor, are
obtainedrom thede nitions in X Window system.
Theraw imagedataavailableencodesolorin the RGB
spaceusing 24 bits per pixel. This produces possible
colorswhichis far morethanthe numberof distinctcolors
that canbe perceved by a human. The distancedbetween
pointsin this spaceare also not representate of the per
ceived distancesetweencolors. We have usedthe HSV
color space[12] discretizedinto 64x10x16bins asan in-
termediatespaceto reducethe numberof colorsaswell as
have perceptuallysimilar colorsin the sameneighborhood.

RGB (256x256x256)
HSV (64x10x16)
XColor names (359)

ISCC-NBS colornames (267)

(245,195,40)
(7,8,15)
goldenrod2
strong yellow

(233,150,122)
(2,5,14)

dark salmon

dark brownish pink

Color classes (12) yellow pink

Figure 5. Example of color representations
used

Eachpoint on the discretizedHSV spaceis mappedto
a color de ned in X Window system. Pointswith no ex-
act map are mappedto the nearestcolor nameusing the
city blockmeasurgo computedistancesEachpointis also
mappedto the ISCC-NBSname[Fig 5]. ThelSCC-NBS
nameis usedto producea color hierarchyso that queries
canbegeneralfor example,blue)or speci ¢ (for example,
paleblue). This colorstructures alsousedin segmentation
of the o werfrom its backgroundUsing color namedrom
two sourcesmprovesthe chance®f nding a namewhich
matchegheusers naturallanguagejuery

4.2 lterati ve segmentationwith feedback

We needto segmentthe regionscorrespondingo o w-
ersfrom therestof theimagebeforewe canaccuratelyde-
scribethe colorsof the o wer. The o wer regionsareiso-
latedfrom the backgroundusingdomainknowledgeabout
thecolorof o wersandalsoknowledgeaboutthe distribu-
tion of backgroundegionsin photographs.



4.2.1 Useof domain knowledge

Sincewe have constructeda mappingfrom the 3D color
spaceto naturallanguagecolor names,we can usecolor-
baseddomainknowledgeof the type discussectarlier We
caneliminatemostof the frequentlyoccuringelementsof
the backgroundn o werimagesby deletingpixels which
belongto color classeswhich do not representolors of
owers. Black and gray are mostly contrituted by the
shadaev regionsin theimage brown pixelscomefrom shad-
owsaswell asbranchesndsoil while greenpixelsarefrom
thefoliageandvegetation.

In additionto colorbaseddomainknowledge,we can
derive additionalrulesfrom domainknowledgeaboutthe
spatial distribution of the o wer and backgroundin the
databasémages.An obsenationwhich is helpful in iden-
tifying backgroundregionsis that backgroundcolors are
usually visible along the peripheryof the image. If this
obsenation was always true, the backgroundcolor could
be detectedwith certaintyby analysingthe colors present
in the maigins of the image. However, the mamgins of the
imagecould be of threedifferenttypesasshavn in Fig 1.
The o wermaybetotally embeddedh the backgroundthe
backgroundnd o werregionsmayinterlacealongthemar
ginsorthe owermay Il thewholeimage.

We canderive someusefulguidelinesfrom thefactthat
theimagesin the databasearephotographsiepicting o w-
ers. Thismeanghatthe o weritself will occupy areason-
ablepartof theimage. Also, sincethe o wer is the object
of interest,it is unlikely thatit will be presentonly near
theboundarie®of theimage. It could, however, be present
throughouthe image,including the boundaryregion. The
backgroundmay have other coloredobjectsbut they will
notusuallydominatethe mainsubjectwhichis the o wer.

We alsoknow thatthe o werimagesweresubmittedas
partof apatentapplication.Thereforeye canconcludehat
thereis asingletypeof o wer, thoughtheremaybemary of
themin theimage.Dueto this, a singleprominentsegment
identi ed asa o werregion canbe selectedut of multiple
segmentswithoutlossof information. Thegoalis to isolate
aregionin theimagefrom which a gooddescriptionof the
colorof the o wer canbe obtainedandnot the detectionof
all o werregionsin theimage.

4.2.2 Segmentationstrategy

Ourapproacho extractingaregionwhichhasahigh proba-
bility of beingapartof a o weristo usetheknowledgedis-
cussedabove in successiely eliminating backgrouncdcol-
orstill theremainingregion consistssolelyof o werareas.
This entailsthe generatiorof a hypothesisndentifyingthe
backgrounatolor(s).However, sincethehypothesisnaybe
wrong, we usea feedbackmechanisnfrom the sgmenta-
tion resultsobtainedto redirectour choiceof background

colorsandtry adifferenthypothesis.

We usethe connecteccomponentalgorithmwheneer
we needto identify segmentdn theimage whereeachsey-
mentis a connectedccomponent. The connectedcompo-
nentsalgorithmis run afterbinarizingtheimage wherethe
only two classesrepixelswhich have beeneliminatedand

thosethatremain.
(

I
border
blocks :

n central region

4
|
|
I

boundary region

width /8 10 pixels
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Figure 6. (a) De nitions of image regions (b)
Color distrib ution in border blocks of canna
image in Figure 1 (b)

uuuuuuuuuuuuuuu

b)

The outline of the algorithmusedto producea segment
fromwhichthe o wer coloris estimateds shavn in Fig 7.

The imagepixels are labelledby their color classesas
well astheirnearesX Window systencolor name.We use
a coarse-to- nestratgy whenusingthe color labels- the
color classdescriptionis used rst, ner color namedis-
tinctions are usedonly when necessaty In the rst step,
pixelsbelongingto thecolor classeblack, gray, brownand
greenareeliminatedsincethesearenon- ower colorsand
theremainingimageis segmentedafterbinarization.

We usetwo criteria for evaluatingwhethera segment
produceds valid; it shouldbe of a minimumsizewhichis
basednthesizeof thelargestsegmentobtainedafterdelet-
ing thenon- owercolor classesandits centroidshouldfall
within the “centralregion' of theimageasde ned in Fig 6
(a). Theserequirementarebasednthedomainknowledge
discussedh the previoussub-sectionlf thereis morethan
onevalid sgment,only thelargestsegmentis retained.This
stepdeletessmall patchesof extraneouscolorsfrom other
coloredobijectsin theimage,for example,the rock in Fig
8. Sincewe know thatthe o weris thedominantsubjectof
theimage thelargestsggmenthasthehighestprobabilityof
beinga o werregion.

Only the pixelscomprisingthe largestvalid segmentare
retainedandtherestof the pixelsareeliminated.In o wer
imagestakenin naturalsurroundingsrom a distancethis
processs sufcient to producea good o wer sggment.An
exampleis shavn in Fig 8 wherethe nal resultof sgmen-
tationis theimage(c).

Furtherprocessings requiredwhenthe largestsegment
containsbackgroundcolors in addition to the o wer re-
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gions. First, the imageis reducedby retainingthe pixels
coveredby thelargestsegmentonly. The presencef back-
groundcolorsis thendetectedy analysingthe color com-
positionalongthe imagemamins. The mamgins of the im-
agearedividedinto borderblocksasshavnin Fig 6(a). The
distribution of color classe$n theseblocksis computedand
colorsshaving substantiapresencén morethanhalf of the
blocksaremarked as possiblebackgrounccolors. For ex-
ample, Fig 6(b) shows the color distributions for the two
color classepresenin theborderof theimagein Fig 1(b).
From this distribution, the color blue is marked asa back-
groundcolorsinceit is presentn 11 outof 16 borderblocks.

After eliminatingall thepixelsbelongingo colorswhich
werehypothesizedo bebackgrounaolors,thelargestseg-

(a) ()

Figure 8. Detecting a reliable o wer region :
(a) original image (b) image left after deleting
non- o wer color s (c) largest valid segment

Figure 9. Background elimination
inal image (b) image left after deleting non-

. (a) orig-

o wer colors and the background color
(white) (c) largest valid segment

mentin the binarizedimageis computed. The validity of
the segmentis testedto determinewhetherthe choice of
backgroundtolorswascorrect.Fig 9 shovs an exampleof
the nal o wersegymentobtainedvhenthecolorclasswhite
wasdeletedafterbeingcorrectlyidenti ed asa background
color.

This methodof detectingbackgroundtolorsis notguar
anteedo producecorrectresults. It will fail for imagesof
thetypeshawvn in Fig 1(c),andmayalsofail for imagesof
thetype shown in (b) if thereis sufcient overlapbetween
the o wer andthe mamgin. An erroneoushoiceof back-
groundcolor can,in mostcasespe detectedrom the sey-
mentsgeneratedfter eliminatingthosepixels. In the case
of imagetype (c), the hypothesidor the backgrounccolor
deletesthe whole image. In imagetype (b), if the o wer
coloris deletednsteadbf thebackgroundpnly background
pixelsareleft in theimage. Sincebackgroundendsto be
scatterecamongthe o wer regionsandalongthe mawgins,
no connecteccomponentsn the centralregion are usually
large enoughto bevalid, while connectedomponentsiear
the boundarydo not passthe centroidlocationtest. So, the
lack of valid segmentsis an indicatorthat the background
color selectionvaswrong.

Whenfeedbackis obtainedfrom the segmentationpro-
cessthat the backgroundcolor chosenwas incorrect, the
color(s)is restorecandthe hypothesigshatacoloris aback-
groundcolor is testedseparatelyiteratingthrougheachof
the colorspresentn the borderregion. Fig 10 shows the
intermediatestepdn detail. Fromtheanalysisof theborder
of thesegmentobtainedrst, thecolorclasspurpleis elim-
inated.Thisresultsin a sggmentwhosecentroidfallsin the
boundaryregion. A valid segmentis foundwhenpurpleis
restorecandanothersegmentatioris carriedout afterelim-
inatingthe new hypothesidor backgroundolor, the class
white

If no valid segmentsare found when ary of the color
classegpresenin the borderare eliminated,oneshouldbe
ableto concludethat the imageis of the type in Fig 1(c)
andthe o werscover the full image. However, sincewe
are looking at color classesthereis an alternatve situa-



Figure 10. Recovery from erroneous back-
ground color selection : (First Row) Original
image and segment found after deleting non-
o wer color s (Second Row) Result of deletion
of the color class purplewhic h was hypothe-
sized to be abackground color and the largest
segment obtained (which is not valid) (Third
Row) Trying the new hypothesis that the color
white is the background color and the valid
segment obtained

tion wherethebackgrounds a differentshadeof the o wer
colorandthus,belonggo thesameclass.So,wetestfor this
situationby usingcolor nameso labelthepixelsinsteadof
the color classesandrepeatingthe above procedure. An
exampleis shovn in Fig 11. Whenthe original imageis
labeledand segmented,the color classwhite is found to
be the backgroundcolor. However, deletingpixels of the
colorclasswhitedeleteghewholeimage.(Thebackground
doesnotappeato belongto thecolor classwhitein the g-
ure becausehe printedcolorsappeamuchmoresaturated
thanthey actuallyare). Whenthe imageis labelledusing
color namesthe colorsHoneyDew and MintCream(which
areshade®f white) arefoundfrom theborderblock analy-
sis. Deletingthesecolorsleavesthe colorsLemonChifion3
andlvory3 which arealsoshade®f white. The remaining
imageshowvn in Fig 11(c) producesa valid segmentwhich
doesnotincludeary background.

Whenthebackgroundannotbe eliminatedusingary of
thesdrials, theimageis assumedo containonly the o wer
colorsandthedescriptioris computedrom thelargestsey-
mentobtainedafterdeletionof thenon- ower colors.

The seggmentationstratgy produceserroneousresults
only when there are colored objects(excluding the non-

@) (b) ()

Figure 11. Using color names for labeling
(a) Original image (b) image left after delet-
ing non- o wer color s (c) result of eliminating
background color s based on color names

o wer colors)in theimagewhich aremoreprominentthan
the o wersandwhenthe o wersarelocatedonly alongthe
mauginsof theimage.Both situationshave low probability
in the o wer patentdatabase.

5 Indexing and Retrieval

The colorspresentin the segmentidenti ed asa o wer
region in the earliersectionareusedasfeaturesduringre-
trieval from the o werdatabase.

The o wer databasendexing is basedon the typesof
guerieswve wouldlik e to support. Thisincludesqueriesus-
ing naturallanguagecolor names. Sincethereis a wide
varietyin thenameghatcouldbeusedfor querying theim-
agesareindexedby usingboththe X namesandISCC-NBS
color namesaskeys to improve the likelihoodof nding a
namesuppliedby the userasthe queryin the databasén-
dex. A third index tableis usedto accessheimagesby the
color classegresentn theimages.

Thereis usually more than one color namepresentin
eachcolor classcontainedn a o wer region. Therelative
proportionof the differentshadesof the color affectsthe
percevedcolorin the o wer. Sotherelative proportionsof
colorsin the o werregionis alsoanimportantfactorto be
considered.

5.1 Query by name

When a color nameis provided as query the X name
index andthe NBS color nameindex are searchedor the
guery color nameandits variants. The variantsare pro-
ducedby incompletelyspeci ed ISCC-NBS color names
andby the X namingsystemsinceit usesincreasinghum-
bersto indicate darker shadesof the original color. For
example,” MediumPurple2', MediumPurple3'and "Medi-
umPurpled'areprogressiely darker shade®f the original
color "MediumPurple'. Sincethe useris unlikely to know
the detailsof this nomenclaturea queryof “'mediumpur-
ple' shouldconsiderall the shadeof the color. However,



a speci ¢ queryusingone of the de ned X or NBS color
namesouldalsobeissuedwvhichwill requirea knowledge
of thevalid namesIn thiscasetheexactnameis usedfrom
theindexes. Theretrievedimagesarerankedby proportion
- the o wer with a larger proportionof the query color is
ranked aheadof a o wer with a smallerproportionof the
guerycolor. If morethanonenameis usedin the query a
join (intersectionpf theimagelists retrievedfor eachof the
guerycolors,is returned.

5.2 Query by example

Whena o werimageis usedasaquery theuserexpects
aclosecolor matchwith the o wer shavn in thequery In
thiscase searchindor eachof the colorspresentseparately
and combiningthe lists often producespoor results. For
example,a o wer may appearto be a intermediateshade
of pink becauset consistsof a combinationof pixels of a
darler shadeanda lighter shade. Separateaetrieval using
the two shadegresentwill retrieve a setof o werswhich
have boththeseshadesbut o werswhosepercevedshade
doesnot matchthe querymay be ranked high. This could
happersincetherelative proportionsof thetwo shadesvas
nottakeninto accountwhenrankingandthereforeyelative
proportionsof the two shadesn the top retrieved o wer
couldbequitedifferentfrom the query

In thiscasewe needto nd adistancemeasurédetween
the query o wer andthe retrieved o wer which takesinto
accountherelative proportionof variousshade®f a color
classin the o wer. We do this by computingan “average'
color for eachcolor classpresentin the query The HSV
coordinategor eachX color is computedrom its original
RGB de nition. A weightedaverageof the HSV coordi-
natesof the X colorspresenin a color classis computed.
The weightsare proportionalto the relative proportionof
the color in the o wer sggment. For example,for a o wer

whichhascolorX1 ( , , )andcolorxX2( , , )
in proportion and in aclass,theaveragecolor of the
color classis ( , , ). There-

trievedimagesarenow rankedby thecity-block distanceof
its averagecolorin eachof thecolor classesrom thecorre-
spondingquerycoloraverages.

6 Experiments

The test o wer databaseurrently being usedconsists
of 300 images. About 100 of the imagesare from actual
o wer patentdrom the U.S. Patentand Trademark©f ce.
We have addedLO0imagesrom CD-ROM collectionswith
complex background®eyondthoseencountereéh images
from patentapplicationsto testthe sggmentationprocess.
Therestarescannedrom catalogsof o weringplantsand

photographsgncludingafew imagesof coloredfruits which
aretreatedthe sameway as o wers.

(@) (b) (©

Figure 12. Detecting images on the patent
form : (a) scanned page (b) image left af-
ter deleting background color (c) segments
found

The pagesfrom the patentforms are of the type shavn
in Fig 12(a),containingbothtext andimages. Imagesare
detectedrom the patentforms usingthe samestratayy of
deletingbackgrounaolorsandcheckingheremainingsey-
ments. However, in this case theremay be morethanone
segmentfound of signi cant size as shavn in Fig 12(c).
Thesesegmentsare approximatedby rectanglesand the
croppedimagecorrespondindo eachsegmentis addedto
thedatabase.

Figure 13. Images on whic h the segmentation
algorithm produces errors

The o wersegmentidenti ed by theiterative segmenta-
tion algorithmwaschecledfor eachof thedatabasemages
andtherewere only two possiblyerroneousementation
resultsfound for imagesshowvn in Fig 13. The seggment
formed by the pink o wersdid not passthe centroidtest
andtheyellow o wer region wasselectedasthe mostsig-
ni cant seggment. This is animagefrom the CD-ROM col-
lectionandunlikely to be a partof a patentapplication.In
the secondimage,the paleviolet leaves of the water lilly
constitutedthe mostsigni cant segmentwhich may actu-
ally bethecorrectcomponenbf the patentsincethe o wer
is givenverylittle emphasisn theimage.

We testedthe retrieval resultsobtainedusing50 queries
of differenttypes. On 25 queriesusing color names,we



100

T T
‘flower_database' ——

80 [
60 [

40

Precision (%) -->

20 [

.
40 60 80 100
Recall (%) -->

Figure 14. Recall-Precision graph for 25
queries by example on the o wer patent
database

checledthatthe retrieved o wersmatchedour perception
of thecolornameusedn thequery A moreexhaustve eval-
uationwasdonefor 25 queriesusingexampleimages.The
imagegelevantto thequerywereidenti ed by scanninghe
databasandrecallandprecisionmeasuresverecomputed.
Therecall-precisiorgraph[43] obtaineds shovnin Fig 14.
The averageprecisionobtainedwas andthe precision
at recall was . Thelatter gure is importantin
this applicationbecausat is importantto nd all relevant
imageseven at the expenseof checkinga larger numberof
non-releyantones.

Fig 15 shaws the currentuserinterfacefor queryingby
color. The color classcanbe selectedrom the left frame
of the interface and the right frame displaysthe various
shadesof that color along with their names. A search
can be performedby color classor by selectinga par
ticular shadeof the color. In the snapshotbf the inter
face shawvn in the gure, the color "Medium Purple' is
selected. The retrieved imagesare displayedat the bot-
tom of the interface. Fig 16 shows the currentinterface
for query by example. The example image can be se-
lectedby browsing throughthe databasen the left frame
or by selectingone of the retrieved images. An inter
face which acceptsthe users imagesas query will be
addedor therealapplication.The exampleimageselected
is displayedin the right frame and the retrieved images
are displayedat the bottom. This online interfaceto the
systemsupportingboth typesof queriescan be found at
http://cowarie.cs.umass.edu/demo/FloverDemo.html

Fig 17 shavs somesampleretrieval resultsobtainedus-
ing differenttypesof queries.The rst threerows demon-
stratethe query by example approachwherethe rst re-
trievedimagewasthequeryimage.Thelasttwo rows shav
the resultsobtainedwhen queryingusingthe color names
“orange'and ‘ivory'. Only thetop ve imagesfor each
gueryareshawvnin this gure.

7 Conclusionand Future Work

We have focusedon the importanceof using domain
knowledgeto improve the retrieval performanceor spe-
cialized applicationsin constrainedmagedomains. The
numberof suchapplicationsis growing and generalpur-
poseimageretrieval stratgiesdo not provide the level of
performanceequired. Domainknowledgemay be usedto
improve theretrieval performancdor applicationsn mary
specializedmagedatabasesWe have proposeda method-
ology for usingcolor-basedandspatialdomainknowledge
to automaticallysggmentand index a databasef o wer
imagesusing an iterative sggmentationalgorithm. A nat-
ural languagecolor classi cation systemis usedto inter
pret color-baseddomain knowledge into rules for auto-
matic segmentatiorof the region of interestfrom the back-
ground. The approachsuggestediere may be adaptedo
ary databaseledicatedo imagesof known subjectabout
which somedomainknowledgeis available.

Furtherwork on the currentprojectwill includetestson
alarge databasef the orderof 10,000 o werimages.Our
goalis to very the retrieval resultsusing feedbackfrom
actualusers. We would alsolike to investigatethe use of
shapeandtexture featuresto broadly distinguishbetween
o wers,for example whetherthe o weris tubularor round
andwhetherit hasonerow of petalsor multiple layers,to
improve the precisionof retrieval. The useof color adja-
ceng graphg22] for distinguishingmulti-colored o wers
containingthe samecolorsis alsobeing considered.The
useof this approacho otherspecializedatabaseor ex-
ample,birds)is alsobeinginvestigated.
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Figure 17. First ve retrie ved images : Query for rows 1-3is the r st image retrie ved in the row, query
for row 4 is the color “orange', query for row 5 is the color name ‘ivory'



