
Indexing Flower Patent ImagesusingDomain Knowledge
�

MadirakshiDas R. Manmatha EdwardM. Riseman
Departmentof ComputerScience

Universityof Massachusetts
Amherst,MA 01003

E-mail : (mdas,manmatha,riseman)@cs.umass.edu

Abstract

A new approach to indexing a specializeddatabaseby
utilizing thecolor andspatialdomainknowledgeavailable
for thedatabaseis described.Thisapproach is illustrated
by usingit to providea solutionto theproblemof indexing
imagesof �owersfor searchinga �ower patentsdatabaseby
color. The�ower region is isolatedfromthebackgroundby
usingan automaticiterative segmentationalgorithm with
domainknowledge-drivenfeedback. Thecolor of the�ower
is de�ned by the color namespresentin the �ower region
andtheir relativeproportions.Thedatabasecanbequeried
byexampleandbycolor names.Thesystemprovidesa per-
ceptuallycorrect retrieval with natural language queries
by using a natural language color classi�cation derived
from the ISCC-NBScolor systemand the X Window color
names.Theeffectivenessof thestrategy on a testdatabase
is demonstrated.

1 Intr oduction

Theadventof the informationrevolution hasleadto an
enormousincreasein the amountof informationthat peo-
ple andorganizationshave to dealwith. To beableto use
this informationeffectively, peoplerequiretoolsto manage
the information; including tools for searching,retrieving
andclassifyingit. A numberof goodsearchenginesex-
ist for text in ASCII form. However, therearenogoodtools
of comparableperformancefor retrieving imagesavailable
yet.
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Traditionallyimagedatabaseshavebeenmanuallyanno-
tatedusingtextualkeywords.Theimagesarethenretrieved
basedon themanuallyassignedkeywords.Manualannota-
tion is slow, expensive andimpracticalfor the large image
databasesthatarebeingcreatedtoday. In addition,manual
annotationssuffer from many limitations;annotationsmay
beinaccurate(especiallyfor largedatabases)andthey can-
not encodeall the informationpresentin an image. Thus
therehasbeena greatdealof interest,recently, in content-
basedretrieval of imageswherethegoalis to �nd imagesin
thedatabasewhichare“similar” in partor wholeto aquery
or exampleimage.

Thispaperdiscusseshow adatabaseof �o werpatentim-
agesmay be queriedusingboth an example�o wer image
aswell asby usingthenamesof colors.Flower imagesare
submittedas a part of the processof applying for �o wer
patentsfrom theU.S.PatentandTrademarkOf�ce. A per-
sonwho would like to checkwhethera new �o wersubmit-
ted for patentingis unique,canprovide anexampleimage
from the patentapplicationto retrieve similar �o wersthat
alreadyexist in the database.On the otherhand,a person
looking for �o wersto cultivatemay only be ableto spec-
ify the �o wer type and a color namewhen queryingthe
database.

Thespeci�c researchcontributionsof thepaperinclude
methodsto takeadvantageof thedomain(�o werpatents)to
isolatethe�o werregionfrom thebackground.Thecolorof
the�o wer is thenextracted.Unlike many othercolorbased
retrieval systems[1, 26], this ensuresthatonly thecolor of
the�o wer is usedin theindexing processratherthancolors
in theentireimage.A naturallanguagecolor classi�cation
derived from the ISCC-NBScolor systemandthe X Win-
dow color namesis linked to the color of the �o wer. The
databasemay be queriedeitherby usingnaturallanguage
queriesdescribingthecolor 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 specializeddatabasesto provide betterretrieval perfor-



mancethangeneral-purposeretrieval strategies.Webelieve
that this approachmay be applied to other domainsand
databases.For example,databasesof bird imagesor images
of mammalsaregoodcandidatesfor suchanapproach.

2 Background and Moti vation

Thebasicsteptowardsmeaningfulretrieval is to ensure
thattheimagedescriptionsusedto index thedatabasearere-
latedto thesemanticcontentof theimage.Thisrequirement
is dif�cult to meetin thecontext of content-basedimagere-
trieval. Unlike text wherethenaturalunit, theword, hasa
semanticmeaning,thepixel which is thenaturalunit of an
imagehasnosemanticmeaningby itself. In images,mean-
ing is found in objectsand their relationships. However,
segmentingimagesinto suchmeaningfulunits (objects)is
in generalan unsolved problemin computervision. For-
tunately, many imageattributes like color, texture, shape
and“appearance”mayoftenbedirectly correlatedwith the
semanticsof the problem. For example,logosor product
packages(e.g.,aboxof Tide)havethesamecolorwherever
they arefound. Thecoatof a leopardhasa uniquetexture
while AbrahamLincoln's appearanceis uniquelyde�ned.
Theseimageattributescanoften be usedto index andre-
trieve images.

Theseattributesmust be usedwith careif they are to
correlatewith thesemanticsof theproblem. For example,
many imageretrieval systems(see[1, 26]), usecolor to re-
trieve imagesfrom generalcollections.A pictureof a red
bird usedasa query, may retrieve not only picturesof red
parrotsbut alsopicturesof red�o wersandredcars.Clearly,
this is not a meaningfulretrieval as far as mostusersare
concerned.If, however, the collectionof imageswaslim-
itedto thosecontainingbirds,theresultsretrievedwouldbe
restrictedto birdsandprobablybemuchmoremeaningful
from theviewpointof auser.

While many imageretrieval algorithmshave beenfo-
cusedon retrieving imagesfrom generalimagecollections,
we believe that the approachof restrictingimageretrieval
to specializedcollectionsof imagesor to speci�c taskswill
be moresuccessfulanduseful. The restrictionto speci�c
domainsdoesnotmake thetaskany lessinterestingor use-
ful. In fact,someof themostsuccessfulwork in theareaof
imageretrieval hasbeenin specializedmethodsfor retriev-
ing facessimilar to a queryfaceimagefrom a databaseof
faceimages(see[28] for an early exampleof sucha sys-
tem). Therearemany applicationsof systemsfor retriev-
ing facesincluding identity veri�cation for �nancial trans-
actionsandlaw enforcement.To a limited extent,special-
izedapproacheshave alsobeenusedfor imagesof speci�c
objectsin generalcollectionsof images. For example,a
numberof systemshave beendevisedto �nd humanfaces
in a generalcollectionof images(for example[35]) andan

attempthasalsobeenmadeto �nd horses[9] in suchcol-
lections.

Thenatureof thetaskoftenmodi�es theapproachtaken
to imageretrieval. Thus, for example in the application
discussedin this paper, a �o wer of a differentcolor is not
consideredto bea match.However, in trademarkretrieval,
colorplaysnorole. Thatis, a trademarkis considerediden-
tical to anothertrademarkevenif their colorsaredifferent.
Trademarksareagoodexampleof a taskin whichall types
of imagesoccurbut the task is very speci�c (i.e. to �nd
trademarksthat are visually similar). Trademarkimages
have text associatedwith them, which permitssearching
bothon thevisualcontentaswell ason thetext. Therehas
beensomework on interfacingtext andimageretrieval to
retrievetrademarks[34]. Theuseof text retrievalallowsad-
ditionalconstraintsto beused.For example,two trademark
imageswhicharevisually identicalareconsideredcon�icts
only if they areusedfor similargoodsandservices.

Thiswork is motivatedby theneedfor abetterapproach
for indexingaspecializeddatabaseby exploiting theknowl-
edgeavailablefor thedomaincoveredby thedatabase.As
anexample,wewill investigatetheutility of domainknowl-
edgein indexing adatabaseof imageswhichhavebeendig-
itized from photographssubmittedasa partof applications
for �o werpatentsto theU.S.PatentsandTrademarkOf�ce.
This databaseneedsto bequeriedbothby exampleimages
andby colornamesothatbothpersonsin chargeof check-
ing new patentapplicationsandpersonsbuying patentsfor
cultivationcanuseit.

Thoughall imagesin the databasedepict�o wers,there
is nouniformity in thesizeandlocationof the�o wersin the
imageor the imagebackgroundsasshown in Fig 1. There
aretwo mainproblemsto beaddressedin this application:
theproblemof segmentingthe�o wer from thebackground
andthe problemof describingthe color of the �o wer in a
form which matcheshumanperceptionandallows �e xible
queryingby exampleandby naturallanguagecolornames.

(a) (b) (c)

Figure 1. Example of database images sho w­
ing diff erent types of backgrounds

We would like to usethe characteristicsof this domain
to automatethe segmentationandindexing process.Most



of thedomainknowledgeis in theform of naturallanguage
statements;translatingtheseinto ruleswhichcanbeusedto
build automatedalgorithmsis non-trivial. For example,like
mostnaturalsubjects,a lot of color-baseddomainknowl-
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 greenandoutdoorscenesoften have
blueandwhite skiesandgreenvegetation.However, these
typesof informationcanonlybeusedeffectivelywhenthere
is a mappingfrom the 3D color spaceto naturallanguage
color names. We have constructeda mappingto a natu-
ral languagecolor namespaceusingcolor namesfrom the
ISCC-NBS[16] systemandthecolor namesde�ned in the
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systemfor thispurpose.
We have developedan iterative segmentationalgorithm

whichusestheavailabledomainknowledgetoprovideahy-
pothesismarkingsomecolor(s)asbackgroundcolor(s)and
then testingthe hypothesisby eliminating thosecolor(s).
The evaluationof the remainingimageprovidesfeedback
aboutthecorrectnessof thehypothesisanda new hypoth-
esisis generatedwhenneccessaryafterrestoringtheimage
to its earlierstate.

Thenext sectionof thepapersurveysrelatedwork. Sec-
tion 4 addressestheproblemof segmentingthe�o wer from
the backgroundusing domainknowledge. Section5 dis-
cussesindexing andretrieval from the databaseincluding
differenttypesof queriessupported.Section6 describesex-
perimentscarriedout to testthesystemandtheconclusions
aresummarizedin Section7.

3 Literatur e Survey and RelatedWork

Imageretrieval hasbeenanactiveareaof researchsince
the early '90s. As more applicationareasare encoun-
tered[8, 11], it is increasinglyimportantto �nd anef�cient
solutionto this problem. Sincethe enduserof imagere-
trievalsystemsisusuallyahumanbeing,theretrieval results
shouldaim to provide theimagesthata humanwould have
selectedif (s)hecould manuallybrowse throughthe full
database.This is anill-de�ned problem,becauseahuman's
ideaof imagesemanticsis hardto encodein anautomatic
algorithm.Thebestasystemcando is to appearto beintel-
ligentby usingsomeof theattributesahumanwoulduseto
categorizeimages.Humanbeingstendto describeimages
basedon theobjectsrepresentedin it, soanimagedescrip-
tion in termsof objectsfoundin theimageis morelikely to
produceresultsmatchingthe humanperceptionof the im-
agecontent.However, objectrecognitionin ageneralimage
domainis averyhardproblemandnogeneralsolutionsex-
ist. To avoid the object recognitionproblem,researchers
havefoundanumberof low-level featuresthatarewell cor-
relatedwith imagecontent.An imageis describedin terms

of theselow-level featuresor attributes. It is assumedthat
imageswith matchinglow-level featureswill have related
semanticcontent.Thequality of retrieval obtainedwill de-
pendon theextentto which theattribute(s)usedarerelated
to imagecontent. For example,machinepartscanbe dis-
tinguishedon thebasisof theirshape,commercialproducts
canbe identi�ed by their color, andtexturecould be used
to distinguishanimalswith differenttypesof fur. Theseex-
amplesalsoillustratethepoint that theattributesthatwork
aredomain-speci�c,anattributethatworkswell in onedo-
mainmaynot berelevantat all 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 wouldappearthattwo-dimensionalshapewouldbean
importantfeaturefor distinguishingsomeobjectsfrom oth-
ers. Considerablework hasbeendonein the areaof pat-
tern recognition,on matchingsuchshapesto eachother.
For example,Mehtreetal [24] provideacomparativestudy
of variousshapemeasuresfor content-basedretrieval on a
databaseof trademarkimages.Thefeaturesusedtodescribe
shapecanbe classi�ed into thosethatdescribethebound-
aryof theobjects,like stringencodingandFourierdescrip-
tor co-ef�cients, and thosewhich describethe regions in
theimagelike polygonalapproximations[23] andinvariant
moments[3]. However, much of this work assumesthat
the object canbe segmentedfrom the backgroundbefore
the shapefeaturescan be computed. This may not be a
problemfor databaseswheretheobjectis depictedagainst
aplainbackground,but this is aseriousproblemfor general
imagedatabases.In general,an object's appearancein an
imagedependsnot only on its threedimensionalshapebut
alsoon therelative viewpointof theobjectandthecamera,
its albedoaswell ason how it is illuminated. It is dif�cult
to separateout theshapeof theobjectfrom theseotherfac-
tors. Thus,imagesegmentation(especiallywhenthe seg-
mentsneedto correspondto objectsin theimage)is a hard
problemfor which no generalsolutionexists. Somesys-
temshave usedmanualsegmentation[26] to overcomethis
problem.

For someobjects,textureis animportantdistinguishing
featurebecausethesesubjects(like animalskin, fur, veg-
etation etc.) show distinctive texture patterns. Ma and
Manjunath[21] have usedtexture-basedpatternsfor im-
ageretrieval. Liu and Picard[19] have proposedan im-
agemodelbasedon the Wold decompositionof homoge-
neousrandom�elds into three mutually orthogonalsub-
�elds which correspondto the most importantdimensions
of humantextureperception- periodicity, directionalityand
randomness.Thesetexturefeatureshave beenshown to be
effective in retrieving perceptuallysimilar naturaltextures.
Otherimagedescriptionsthathavebeenusedfor grey-scale



imagesincludeappearance(proposedby RavelaandMan-
matha[33, 32]) whichdescribestheintensitysurfaceof the
imagesandeigenfeatures[41].

Color is a very commonlyusedlow-level featurewhen
thedatabaseimagesarein color. It is usefulfor indexingob-
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] proposedtheuseof color histogramsto index
color imagesanddescribedanef�cient histogramintersec-
tion techniquefor matching.Normalizedcolor histograms
alongwith histogramintersectionhavebeenpopularfor in-
dexing color imagesbecauseof the fast speedof match-
ing andthefact that they aregenerallyinvariantto transla-
tion, rotationandscale. However, sincecolor histograms
do not incorporateinformationon thespatialcon�guration
of the color pixels, thereare usually many falsematches
wheretheimagecontainssimilarcolorsin differentcon�g-
urations.A few researchershave attemptedto includethis
information in the representationto improve the retrieval
results. Zabih et al [13] have proposedthe color correlo-
gramwhich includesinformationon thespatialcorrelation
of pairsof colors in addition to the the color distribution
in the image. Mataset al [22] have describeda color ad-
jacency graphwhich canbeusedto describemulti-colored
objects,but the matchingphaseis too computationallyin-
tensive for usein largeimagedatabases.Daset al [5] have
proposeda simplerspatialadjacency graphstructurewhich
isusedin a�ltering phasetoenforcethespatialpropertiesof
thecolorsrequiredby thequeryimage.Themainproblem
with color-basedimageretrieval is thatcolorasa featureis
not well correlatedwith imagecontentin a generalimage
database.For example,aquerywith a redball mayretrieve
redcars,�o wers,apersonwearingaredshirtor a�re truck.
In addition,usingcolor aloneis not suf�cient to produce
enoughdiscriminationbetweendatabaseimageswith only
afew colors;for example,imagesof apes,tigersandforests.
However, in domainswherecolor is animportantattribute,
it canbeveryuseful.

A numberof studieshaveshown thattheuseof acombi-
nationof featuresproducesbetterretrieval resultsthanus-
ing eachof the featuresalone[25, 31]. Differentcombi-
nationsof featureshave beenuseddependingon their ap-
propriatenessfor the testdatabase.JainandVailaya [15]
haveusedcolorhistogramsandshapeasfeaturesto index a
databaseof trademarkimages.Theshapeis alsodescribed
asa histogramby takingcountsof thedifferentedgedirec-
tionspresentin theimage.Belongieet al [2] usecolor and
texturefeaturesto segmentanimageinto regionsof coher-
ent color and texture andrepresentthe imagein termsof
these”blobs” for content-basedretrieval.

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

tographs,it is not cleara priori which feature(or combi-
nation of features)would producebetterretrieval perfor-
mance.Thisdependsonthetypeof objector scenedepicted
in thequery. Many suchsystemsimplementa wide variety
of featuresandlet theuserchoosetheimportantaspectsof
the queryat query time. An exampleof a systemwhich
implementscolor, textureandshapeis QBIC [26] whichal-
lowsqueriesbasedonexampleimages,sketchesor selected
color andtexturepatterns.Theusercanselectthe features
to beusedaswell astherelative importanceto beattached
to eachfeaturein the �nal ranking. Virage[1] is another
generalpurposeretrieval systemwhich provides an open
framework to allow generalfeatureslike color, shapeand
textureaswell asverydomainspeci�c featurestobeusedas
plug-ins. ThePhotobook[29] retrieval systemusesshape,
texture and eigenimagesas featuresin addition to textual
annotations.The systemcan be trainedto work on spe-
ci�c classesof images.Otherexamplesof existingsystems
usingmultiple featuresandmultiple querymodesareCan-
did [17] andChabot[27]. An emergingproblemin general
imagesearchis to retrieve relevant imagesfrom theWorld
Wide Web. Smith and Chang[39] have implementedan
imageretrieval systemfor theWorld WideWeb(namedVi-
sualSEEk)usingspatiallylocalizedcolor regionsin theim-
agesto describetheimages.Sclaroff et al [37] have devel-
opedtheImageRoversystemto gatherimagesfrom theweb
andindex themusingcolor, texture, orientationandother
specializedfeatures.Traditionalkeyword-basedsearchen-
gineslike YahooandLycoshave alsoimplementedimage
searchengines,but theseareactuallytext-basedsearchen-
gineswhich extractkeywordsfrom theimagecaptionsand
theURL in which theimageis embedded.

Basedontheabovediscussion,it is clearthatthetrendin
generalimageretrieval systemshasbeento providea large
numberof low-level featuresaswell asspecializedfeatures.
However, it is theuserwho is expectedto selectthefeature
or combinationof featuresthatarerelevantto his/herquery.
Appropriatefeatureselectionis a hardproblem,requiring
knowledgeof the featuresand experiencein using them,
neitherof which shouldbe expectedof the user. An even
moresigni�cant problemthatarisesfromtheuseof multiple
featuresis how thefeaturesshouldbecombined.Sur�mage
by Nastaretal [25] usesnormalizedlinearcombinationand
voting methodsto computetheranksof imagesbasedon a
combinationof features.In othersystems,theuserneedsto
weighteachfeatureselected,by its importance,which may
beveryhardto do.

Oneof theweaknessesof imageretrieval techniqueshas
beenin their evaluation. Most researchershave evaluated
their techniqueson theirown individualdatabases.It is not
alwaysclear, especiallyfor techniquesfocusedon general
imagecollections,what the evalution criteria are. For ex-
amplein suchdatabases,similarity is sometimeshard to



de�ne. For someapplicationsof faceretrieval, theFERET
database[30] providesastandardtestcollection.

While a numberof differentsystemshave beenimple-
mentedwhich try to solve theimageretrieval problemin a
generaldatabase,thequestionof whattheuserreallyneeds
hasoften beenleft unanswered.The mostcommonquery
formatis to provideanexampleimage,but this maynot be
suf�cient to fathomtheuser's intent.For example,theuser
mayprovidea picturewith a carparkedin front of a build-
ing on a sunny day, which could meanany oneof : (s)he
wantsotherpicturesof thesamebuilding, picturesof sim-
ilar cars,picturesof buildingswith carsparked in front or
even othersunlit scenes!Oneapproachto specifyingthe
objectof interesthasbeento allow sub-imagesasqueries
wheretheusermarkstheareaof interest[5, 32]. However,
this may not be suf�cient for clarifying the user's query
andprovidingsub-imagematchingis usuallymoredif�cult.
Thishasleadto theuseof relevancefeedback,awell-known
techniqueusedearlierfor text-basedinformationretrieval.
In this approach,theusermarkstherelevantandirrelevant
imagesoutof theretrievedimages.Thesystemrecomputes
thematchscoresbasedon this userfeedback,andprovides
a more relevant set of images. The more recentsystems
likeSur�mage[25] providerelevancefeedbackasamecha-
nismfor re�ning theretrieval resultsinteractively usingin-
put from theuser.

In imageretrieval applicationsinvolving specializeddo-
mains,the user's needsareoften well-de�ned. However,
generalpurposeretrieval systemsmaynotdoaswell asex-
pectedby theuseron specialized,constraineddomainsbe-
causethey do not exploit any of thespecialfeaturesof the
domain. Thereis a needfor automaticretrieval solutions
in a numberof specializeddomainswhich arecurrentlyin-
dexedby manualannotationsandspecializedcodeswhich
involve extensive, tedioushumaninvolvement. In many
of thesespecializeddomains,featuresspeci�c to the do-
main needto be formulatedto producegood retrieval re-
sults. For example,Pentlandet al [28] describetheeigen-
imagerepresentationwhich measuresthe similarity in ap-
pearanceof faceswhich is usedto searchfor similar faces
in the Photobooksystem. Even when the domainhasa
wide variety of images(for exampletrademarks),the ap-
plication may be specialized.For example,for trademark
retrieval,RavelaandManmatha[33, 34] haveusedaglobal
similarity measurefor imagesbasedoncurvatureandphase
to producesuperiorresultson a databaseof trademarkim-
ageswhen comparedto general-purposeshape-basedap-
proaches.Eakinset al [6] have developeda trademarkre-
trieval system(namedARTISAN) which usesGestaltthe-
ory to grouplow-level elementslike lines andcurvesinto
perceptualunits which describethe trademark. In ad-
dition to developing appropriatefeaturesfor specialized
databases,one may be able to segmentand describethe

objectsdepictedin the imageusing knowledgeaboutthe
objectsto simplify the segmentationprocess.Forsythand
Fleck[9] describearepresentationfor animalsasanassem-
bly of almostcylindrical parts.On a databaseof imagesof
animals,their representationcanretrieve imagesof horses,
for example,in avarietyof poses.Flecketal [7] useknowl-
edgeaboutthepositionsof attachmentof limbsandheadto
the humanbody to detectthe presenceof nakedpeoplein
the databaseimages.Forsythet al illustratesomespecial-
izedapplicationsof imageretrieval in [8].

Thereis work in theareasof color imagesegmentation
and modelingthe appearanceof coloredobjectswhich is
also relevant to this work. Color histograms[40] in dif-
ferent color spaces[44, 45] have beenusedin different
forms in a lot of work in the areaof color imagesegmen-
tation [18, 38]. Multiresolutioncolor imagesegmentation
is describedin [20]. However, all the systemsabove do
not identify theobjectof interestandcannotdistinguishthe
backgroundelementsfrom the foregroundelements.Au-
tomatic foreground/background disambiguationbasedon
multiple featureslike color, intensityandedgeinformation
hasbeenstudiedin [14], but thesetechniquesassumerela-
tively smoothbackgroundsandobjectswith suf�cient con-
trast.

Sincewe would like to usecolor domainknowledge,
thecolor spaceneedsto bemappedto colorsasperceived
by humans.Therehasbeenwork on perceptualorganiza-
tion of the color spacein the areaof imageindexing [42]
andin color science [46] without mappingthe perceptual
groupsobtainedto natural languagecolor names. These
approachesarenot very usefulin the translationof natural
languagerulesaboutcolor into computerusableinforma-
tion. However, they provide goodindexing toolswhenthe
objectof interesthasbeenpre-segmentedfrom the back-
ground. In the reverseapproach,color domainknowledge
hasbeenmappedto the3D color spacein applicationslike
faceidenti�cation usingskin tones[4] andautomatictarget
recognition,wherethepartof thecolor spacewhich corre-
spondsto theobjectof interestis identi�ed. Modelingthe
distribution of color pointsin objectsis an importantissue
in this approach.Thesetof pixelsin eachnaturalobjectis
modeledasa Gaussianprobabilitydensityfunction in an-
notatingnaturalscenesin [36]. Regionscorrespondingto a
speci�edcolormodelaredetectedin [10].

4 Segmenting the �o wer fr om the back-
ground

The �rst stepin indexing the �o wer patentdatabaseby
�o wer color is to extract the �o wer from the background.
Thereis no generalsolution to the problemof extracting
the objectof interestfrom an image. However, for a spe-
cializeddomainsuchas�o wers,wecanusedomainknowl-



edgetoautomaticallyextractaregionfrom theimagewhich
hasa high probabilityof beinga �o wer region. The types
of information available for this applicationcan be cate-
gorized into color-basedand spatial domainknowledge.
Sincecolor-baseddomainknowledgeis availablein terms
of naturallanguagecolor descriptionsandproviding color
name-basedretrieval is also one of our goals, the color
spaceneedsto bemappedto commonlyusedcolor names.
Thenext taskis to segmenttheimageusingbothcolor and
spatialdomainknowledge.Thesestepswhichconstitutethe
of�ine processingphaseof indexing the database,arede-
scribedin thissection.

4.1 Mapping fr om color spaceto names

We needtablesmappingpointson a 3-D color spaceto
color nameswhich shouldagreewith humanperceptionof
colorsto be useful. We usetwo sourcesfor names(i) the
ISCC-NBScolorsystemwhichproducesadensemapfrom
theMunsellcolorspaceto namesandthe(ii) colorsde�ned
by theX Window systemwhichprovidesa sparsemapping
from theRGBspaceto 359names.TheISCC-NBSsystem
usesa standardsetof basehues[Fig 2] andgenerates267
color namesusinghuemodi�ers [Fig 3]. This givesus a
color systemwhich canbe easilydecomposedinto a hier-
archyof colorswherewe mayusethefull color name,par-
tial names,basehuesor coarserclasses[Fig 4] comprising
groupsof basehues.

red reddishorange reddishpurple
reddishbrown green bluishgreen
purplishred brown greenishblue
purplishpink yellow green orange
orangeyellow blue yellowishbrown

yellow purplishblue yellowishpink
olivebrown pink greenishyellow

yellowishgreen violet brownishpink
olive purple brownishorange

Figure 2. Hue names in the ISCC­NBS system

verypale very light brilliant vivid
pale light grayish moderate

strong darkgrayish dark deep
blackish verydark verydeep

Figure 3. Hue modi�er s in the ISCC­NBS sys­
tem

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

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

Figure 4. Color classes derived by grouping
ISCC­NBS 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
simplernames,like`ivory' and`khaki', whichareoftende-
rivedfrom commonlyknown objectsof thesamecolor, are
obtainedfrom thede�nitions in X Window system.

Theraw imagedataavailableencodescolor in theRGB
spaceusing24 bits per pixel. This produces����� possible
colorswhich is far morethanthenumberof distinctcolors
that canbeperceivedby a human. Thedistancesbetween
points in this spacearealsonot representative of the per-
ceived distancesbetweencolors. We have usedthe HSV
color space[12] discretizedinto 64x10x16bins as an in-
termediatespaceto reducethenumberof colorsaswell as
haveperceptuallysimilarcolorsin thesameneighborhood.

RGB (256x256x256) (245,195,40) (233,150,122)

(7,8,15) (2,5,14)

yellow pink

dark brownish pinkstrong  yellow

goldenrod2 dark salmon

Color classes  (12)

HSV   (64x10x16)

ISCC-NBS colornames  (267)

XColor names  (359)

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 blockmeasureto computedistances.Eachpoint is also
mappedto the ISCC-NBSname[Fig 5]. The ISCC-NBS
nameis usedto producea color hierarchyso that queries
canbegeneral(for example,blue)or speci�c (for example,
paleblue).Thiscolorstructureis alsousedin segmentation
of the�o wer from its background.Usingcolornamesfrom
two sourcesimprovesthechancesof �nding a namewhich
matchestheuser'snaturallanguagequery.

4.2 Iterati vesegmentationwith feedback

We needto segmentthe regionscorrespondingto �o w-
ersfrom therestof theimagebeforewe canaccuratelyde-
scribethecolorsof the �o wer. The �o wer regionsareiso-
latedfrom thebackgroundusingdomainknowledgeabout
thecolor of �o wersandalsoknowledgeaboutthedistribu-
tion of backgroundregionsin photographs.



4.2.1 Useof domain knowledge

Sincewe have constructeda mappingfrom the 3D color
spaceto naturallanguagecolor names,we canusecolor-
baseddomainknowledgeof thetypediscussedearlier. We
caneliminatemostof the frequentlyoccuringelementsof
the backgroundin �o wer imagesby deletingpixelswhich
belongto color classeswhich do not representcolors of
�o wers. Black and gray are mostly contributed by the
shadow regionsin theimage,brownpixelscomefrom shad-
owsaswell asbranchesandsoil while greenpixelsarefrom
thefoliageandvegetation.

In addition to color-baseddomainknowledge,we can
derive additionalrules from domainknowledgeaboutthe
spatial distribution of the �o wer and backgroundin the
databaseimages.An observationwhich is helpful in iden-
tifying backgroundregions is that backgroundcolors are
usually visible along the peripheryof the image. If this
observation was always true, the backgroundcolor could
be detectedwith certaintyby analysingthe colorspresent
in the marginsof the image. However, the marginsof the
imagecouldbe of threedifferenttypesasshown in Fig 1.
The�o wermaybetotally embeddedin thebackground,the
backgroundand�o werregionsmayinterlacealongthemar-
ginsor the�o wermay�ll thewholeimage.

We canderive someusefulguidelinesfrom thefact that
theimagesin thedatabasearephotographsdepicting�o w-
ers.This meansthatthe�o wer itself will occupy a reason-
ablepartof the image.Also, sincethe �o wer is theobject
of interest,it is unlikely that it will be presentonly near
theboundariesof the image. It could,however, bepresent
throughoutthe image,includingtheboundaryregion. The
backgroundmay have other coloredobjectsbut they will
notusuallydominatethemainsubject,which is the�o wer.

We alsoknow that the�o wer imagesweresubmittedas
partof apatentapplication.Therefore,wecanconcludethat
thereis asingletypeof �o wer, thoughtheremaybemany of
themin theimage.Dueto this,a singleprominentsegment
identi�ed asa �o wer regioncanbeselectedout of multiple
segmentswithout lossof information.Thegoalis to isolate
a region in theimagefrom which a gooddescriptionof the
colorof the�o wercanbeobtainedandnot thedetectionof
all �o wer regionsin theimage.

4.2.2 Segmentationstrategy

Ourapproachto extractingaregionwhichhasahighproba-
bility of beingapartof a�o wer is to usetheknowledgedis-
cussedabove in successively eliminatingbackgroundcol-
orstill theremainingregionconsistssolelyof �o werareas.
This entailsthegenerationof a hypothesisindentifyingthe
backgroundcolor(s).However, sincethehypothesismaybe
wrong,we usea feedbackmechanismfrom thesegmenta-
tion resultsobtainedto redirectour choiceof background

colorsandtry a differenthypothesis.
We usethe connectedcomponentsalgorithmwhenever

weneedto identify segmentsin theimage,whereeachseg-
ment is a connectedcomponent. The connectedcompo-
nentsalgorithmis runafterbinarizingtheimage,wherethe
only two classesarepixelswhichhavebeeneliminatedand
thosethatremain.
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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)

Theoutlineof thealgorithmusedto producea segment
from which the�o wercolor is estimatedis shown in Fig 7.

The imagepixels are labelledby their color classesas
well astheirnearestX Window systemcolorname.We use
a coarse-to-�nestrategy whenusingthe color labels- the
color classdescriptionis used�rst, �ner color namedis-
tinctionsare usedonly whennecessary. In the �rst step,
pixelsbelongingto thecolorclassesblack, gray, brownand
greenareeliminatedsincethesearenon-�ower colorsand
theremainingimageis segmentedafterbinarization.

We use two criteria for evaluatingwhethera segment
producedis valid; it shouldbeof a minimumsizewhich is
basedonthesizeof thelargestsegmentobtainedafterdelet-
ing thenon-�owercolorclasses,andits centroidshouldfall
within the`centralregion' of the imageasde�ned in Fig 6
(a). Theserequirementsarebasedonthedomainknowledge
discussedin theprevioussub-section.If thereis morethan
onevalidsegment,only thelargestsegmentis retained.This
stepdeletessmall patchesof extraneouscolorsfrom other
coloredobjectsin the image,for example,the rock in Fig
8. Sinceweknow thatthe�o wer is thedominantsubjectof
theimage,thelargestsegmenthasthehighestprobabilityof
beinga �o werregion.

Only thepixelscomprisingthelargestvalid segmentare
retainedandtherestof thepixelsareeliminated.In �o wer
imagestaken in naturalsurroundingsfrom a distance,this
processis suf�cient to producea good�o wer segment.An
exampleis shown in Fig 8 wherethe�nal resultof segmen-
tationis theimage(c).

Furtherprocessingis requiredwhenthelargestsegment
containsbackgroundcolors in addition to the �o wer re-
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gions. First, the imageis reducedby retainingthe pixels
coveredby thelargestsegmentonly. Thepresenceof back-
groundcolorsis thendetectedby analysingthecolor com-
positionalongthe imagemargins. Themarginsof the im-
agearedividedintoborderblocksasshown in Fig 6(a).The
distributionof colorclassesin theseblocksis computedand
colorsshowingsubstantialpresencein morethanhalf of the
blocksaremarkedaspossiblebackgroundcolors. For ex-
ample,Fig 6(b) shows the color distributions for the two
colorclassespresentin theborderof theimagein Fig 1(b).
Fromthis distribution, thecolor blue is markedasa back-
groundcolorsinceit ispresentin 11outof 16borderblocks.

After eliminatingall thepixelsbelongingtocolorswhich
werehypothesizedto bebackgroundcolors,thelargestseg-

(a) (b) (c)

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

(a) (b) (c)

Figure 9. Background elimination : (a) orig­
inal image (b) image left after deleting non­
�o wer color s and the background color
(white) (c) largest valid segment

ment in the binarizedimageis computed.The validity of
the segmentis testedto determinewhetherthe choiceof
backgroundcolorswascorrect.Fig 9 showsanexampleof
the�nal �o wersegmentobtainedwhenthecolorclasswhite
wasdeletedafterbeingcorrectlyidenti�ed asabackground
color.

Thismethodof detectingbackgroundcolorsis notguar-
anteedto producecorrectresults.It will fail for imagesof
thetypeshown in Fig 1(c),andmayalsofail for imagesof
the typeshown in (b) if thereis suf�cient overlapbetween
the �o wer andthe margin. An erroneouschoiceof back-
groundcolor can,in mostcases,bedetectedfrom theseg-
mentsgeneratedaftereliminatingthosepixels. In thecase
of imagetype(c), thehypothesisfor thebackgroundcolor
deletesthe whole image. In imagetype (b), if the �o wer
color is deletedinsteadof thebackground,only background
pixelsareleft in the image. Sincebackgroundtendsto be
scatteredamongthe �o wer regionsandalongthemargins,
no connectedcomponentsin thecentralregion areusually
largeenoughto bevalid, while connectedcomponentsnear
theboundarydo not passthecentroidlocationtest.So,the
lack of valid segmentsis an indicatorthat the background
colorselectionwaswrong.

Whenfeedbackis obtainedfrom the segmentationpro-
cessthat the backgroundcolor chosenwas incorrect, the
color(s)is restoredandthehypothesisthatacolor is aback-
groundcolor is testedseparately, iteratingthrougheachof
the colorspresentin the borderregion. Fig 10 shows the
intermediatestepsin detail.Fromtheanalysisof theborder
of thesegmentobtained�rst, thecolorclasspurpleis elim-
inated.This resultsin a segmentwhosecentroidfalls in the
boundaryregion. A valid segmentis foundwhenpurpleis
restoredandanothersegmentationis carriedout afterelim-
inating thenew hypothesisfor backgroundcolor, theclass
white.

If no valid segmentsare found when any of the color
classespresentin theborderareeliminated,oneshouldbe
able to concludethat the imageis of the type in Fig 1(c)
and the �o werscover the full image. However, sincewe
are looking at color classes, thereis an alternative 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 purple whic h was hypothe­
sized to be a background color and the largest
segment obtained (whic h is not valid) (Third
Row) Trying the new hypothesis that the color
white is the background color and the valid
segment obtained

tion wherethebackgroundis adifferentshadeof the�o wer
colorandthus,belongsto thesameclass.So,wetestfor this
situationby usingcolornamesto labelthepixelsinsteadof
the color classes,andrepeatingthe above procedure.An
exampleis shown in Fig 11. Whenthe original imageis
labeledand segmented,the color classwhite is found to
be the backgroundcolor. However, deletingpixels of the
colorclasswhitedeletesthewholeimage.(Thebackground
doesnotappearto belongto thecolorclasswhitein the�g-
urebecausetheprintedcolorsappearmuchmoresaturated
thanthey actuallyare). Whenthe imageis labelledusing
color names,thecolorsHoneyDew andMintCream(which
areshadesof white)arefoundfrom theborderblockanaly-
sis. DeletingthesecolorsleavesthecolorsLemonChiffon3
andIvory3 which arealsoshadesof white. Theremaining
imageshown in Fig 11(c)producesa valid segmentwhich
doesnot includeany background.

Whenthebackgroundcannotbeeliminatedusingany of
thesetrials,theimageis assumedto containonly the�o wer
colorsandthedescriptionis computedfrom thelargestseg-
mentobtainedafterdeletionof thenon-�owercolors.

The segmentationstrategy produceserroneousresults
only when thereare coloredobjects(excluding the non-

(a) (b) (c)

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 wercolors)in theimagewhich aremoreprominentthan
the�o wersandwhenthe�o wersarelocatedonly alongthe
marginsof theimage.Both situationshave low probability
in the�o werpatentsdatabase.

5 Indexing and Retrieval

Thecolorspresentin thesegmentidenti�ed asa �o wer
region in theearliersectionareusedasfeaturesduringre-
trieval from the�o werdatabase.

The �o wer databaseindexing is basedon the typesof
querieswe would like to support.This includesqueriesus-
ing natural languagecolor names. Sincethereis a wide
varietyin thenamesthatcouldbeusedfor querying,theim-
agesareindexedby usingboththeX namesandISCC-NBS
color namesaskeys to improve the likelihoodof �nding a
namesuppliedby theuserasthequeryin thedatabasein-
dex. A third index tableis usedto accesstheimagesby the
colorclassespresentin theimages.

There is usually more than one color namepresentin
eachcolor classcontainedin a �o wer region. The relative
proportionof the differentshadesof the color affects the
perceivedcolor in the�o wer. Sotherelativeproportionsof
colorsin the�o wer region is alsoanimportantfactorto be
considered.

5.1 Query by name

When a color nameis provided as query, the X name
index andthe NBS color nameindex aresearchedfor the
query color nameand its variants. The variantsare pro-
ducedby incompletelyspeci�ed ISCC-NBScolor names
andby theX namingsystemsinceit usesincreasingnum-
bers to indicatedarker shadesof the original color. For
example,`MediumPurple2',̀ MediumPurple3'and`Medi-
umPurple4'areprogressively darker shadesof theoriginal
color `MediumPurple'.Sincethe useris unlikely to know
the detailsof this nomenclature,a queryof `mediumpur-
ple' shouldconsiderall the shadesof the color. However,



a speci�c queryusingoneof the de�ned X or NBS color
namescouldalsobeissuedwhichwill requireaknowledge
of thevalid names.In thiscase,theexactnameis usedfrom
theindexes.Theretrievedimagesarerankedby proportion
- the �o wer with a larger proportionof the querycolor is
ranked aheadof a �o wer with a smallerproportionof the
querycolor. If morethanonenameis usedin thequery, a
join (intersection)of theimagelistsretrievedfor eachof the
querycolors,is returned.

5.2 Query by example

Whena�o wer imageis usedasaquery, theuserexpects
a closecolor matchwith the�o wer shown in thequery. In
thiscase,searchingfor eachof thecolorspresentseparately
and combiningthe lists often producespoor results. For
example,a �o wer may appearto be a intermediateshade
of pink becauseit consistsof a combinationof pixelsof a
darker shadeanda lighter shade.Separateretrieval using
the two shadespresentwill retrieve a setof �o werswhich
have boththeseshades,but �o werswhoseperceivedshade
doesnot matchthequerymaybe rankedhigh. This could
happensincetherelativeproportionsof thetwo shadeswas
not takeninto accountwhenrankingandtherefore,relative
proportionsof the two shadesin the top retrieved �o wer
couldbequitedifferentfrom thequery.

In thiscase,weneedto �nd a distancemeasurebetween
the query�o wer andthe retrieved �o wer which takesinto
accounttherelativeproportionsof variousshadesof acolor
classin the �o wer. We do this by computingan `average'
color for eachcolor classpresentin the query. The HSV
coordinatesfor eachX color is computedfrom its original
RGB de�nition. A weightedaverageof the HSV coordi-
natesof theX colorspresentin a color classis computed.
The weightsareproportionalto the relative proportionof
thecolor in the �o wer segment. For example,for a �o wer
which hascolor X1 ( ��� , ��� , ��� ) andcolor X2 ( �
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). The re-
trievedimagesarenow rankedby thecity-blockdistanceof
its averagecolor in eachof thecolorclassesfrom thecorre-
spondingquerycoloraverages.

6 Experiments

The test �o wer databasecurrently being usedconsists
of 300 images. About 100 of the imagesare from actual
�o werpatentsfrom theU.S.PatentandTrademarksOf�ce.
Wehaveadded100imagesfrom CD-ROM collectionswith
complex backgroundsbeyondthoseencounteredin images
from patentapplicationsto test the segmentationprocess.
Therestarescannedfrom catalogsof �o weringplantsand

photographs,includingafew imagesof coloredfruitswhich
aretreatedthesamewayas�o wers.

(a) (b) (c)

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

The pagesfrom thepatentformsareof the typeshown
in Fig 12(a),containingboth text andimages.Imagesare
detectedfrom the patentforms usingthe samestrategy of
deletingbackgroundcolorsandcheckingtheremainingseg-
ments.However, in this case,theremaybemorethanone
segment found of signi�cant size as shown in Fig 12(c).
Thesesegmentsare approximatedby rectanglesand the
croppedimagecorrespondingto eachsegmentis addedto
thedatabase.

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

The�o wersegmentidenti�ed by theiterativesegmenta-
tion algorithmwascheckedfor eachof thedatabaseimages
andtherewereonly two possiblyerroneoussegmentation
resultsfound for imagesshown in Fig 13. The segment
formedby the pink �o wersdid not passthe centroidtest
andtheyellow �o wer region wasselectedasthemostsig-
ni�cant segment.This is animagefrom theCD-ROM col-
lectionandunlikely to bea partof a patentapplication.In
the secondimage,the paleviolet leavesof the water lilly
constitutedthe mostsigni�cant segmentwhich may actu-
ally bethecorrectcomponentof thepatentsincethe�o wer
is givenvery little emphasisin theimage.

We testedtheretrieval resultsobtainedusing50 queries
of different types. On 25 queriesusing color names,we
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Figure 14. Recall­Precision graph for 25
queries by example on the �o wer patent
database

checked that the retrieved �o wersmatchedour perception
of thecolornameusedin thequery. A moreexhaustiveeval-
uationwasdonefor 25 queriesusingexampleimages.The
imagesrelevantto thequerywereidenti�ed by scanningthe
databaseandrecallandprecisionmeasureswerecomputed.
Therecall-precisiongraph[43] obtainedis shown in Fig 14.
Theaverageprecisionobtainedwas /0/�1 andtheprecision
at 2(3�3�1 recall was 4�4�1 . The latter �gure is importantin
this applicationbecauseit is importantto �nd all relevant
imagesevenat theexpenseof checkinga largernumberof
non-relevantones.

Fig 15 shows thecurrentuserinterfacefor queryingby
color. The color classcanbe selectedfrom the left frame
of the interfaceand 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 snapshotof the inter-
face shown in the �gure, the color `Medium Purple' is
selected. The retrieved imagesare displayedat the bot-
tom of the interface. Fig 16 shows the current interface
for query by example. The example image can be se-
lectedby browsing throughthe databaseon the left frame
or by selectingone of the retrieved images. An inter-
face which acceptsthe user's imagesas query will be
addedfor therealapplication.Theexampleimageselected
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/5 demo/FlowerDemo.html

Fig 17 shows somesampleretrieval resultsobtainedus-
ing differenttypesof queries.The �rst threerows demon-
stratethe query by exampleapproachwhere the �rst re-
trievedimagewasthequeryimage.Thelasttwo rowsshow
the resultsobtainedwhenqueryingusingthe color names
`orange'and `ivory'. Only the top � ve imagesfor each
queryareshown in this �gure.

7 Conclusionand Future Work

We have focusedon the importanceof using domain
knowledgeto improve the retrieval performancefor spe-
cialized applicationsin constrainedimagedomains. The
numberof suchapplicationsis growing and generalpur-
poseimageretrieval strategiesdo not provide the level of
performancerequired.Domainknowledgemaybeusedto
improvetheretrieval performancefor applicationsin many
specializedimagedatabases.We have proposeda method-
ology for usingcolor-basedandspatialdomainknowledge
to automaticallysegmentand index a databaseof �o wer
imagesusingan iterative segmentationalgorithm. A nat-
ural languagecolor classi�cation systemis usedto inter-
pret color-baseddomain knowledge into rules for auto-
maticsegmentationof theregionof interestfrom theback-
ground. The approachsuggestedheremay be adaptedto
any databasededicatedto imagesof known subjectabout
whichsomedomainknowledgeis available.

Furtherwork on thecurrentprojectwill includetestson
a largedatabaseof theorderof 10,000�o wer images.Our
goal is to ver�y the retrieval resultsusing feedbackfrom
actualusers. We would also like to investigatethe useof
shapeandtexture featuresto broadlydistinguishbetween
�o wers,for example,whetherthe�o wer is tubularor round
andwhetherit hasonerow of petalsor multiple layers,to
improve the precisionof retrieval. The useof color adja-
cency graphs[22] for distinguishingmulti-colored�o wers
containingthe samecolors is alsobeingconsidered.The
useof this approachto otherspecializeddatabases(for ex-
ample,birds)is alsobeinginvestigated.
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Figure 17. First �ve retrie ved images : Query for rows 1­3 is the �r st image retrie ved in the row, quer y
for row 4 is the color `orang e', quer y for row 5 is the color name `ivory'


