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Abstract

Groupingimagesinto (semantically)meaningfulcatgyoriesusing low-level visual featuresis a challengingand
importantproblemin content-basedémageretrieval. Basedon thesegroupings,effective indices can be built for
animagedatabaseln this paper we castthe imageclassi cation problemin a Bayesianframewvork. Speci cally,
we considercity vs. landscapelassi cationandfurther classi cationof landscapemagesinto sunsetforest,and
mountainclassesWe demonstratdow high-level conceptsanbeunderstoodrom speci ¢ low-level imagefeatures
underthe constraintthat the testimagesdo belongto oneof the classesn concern. We further demonstratehat a
small codebook(the optimal size of codebookis selectedusing MDL principle) extractedfrom a vectorquantizer
canbeusedto estimatethe class-conditionallensitieneededor the Bayesiammethodology Classi cationbasecbn
color histogramscolor coherence&ectors edgedirectionhistogramsandedgedirectioncoherenceectorsasfeatures

shavs promisingresults. On a databasef city andlandscapd@mages,our systemachiezed an accurag of
for city vs. landscapelassi cation. On a subsebf landscapémagespur systemachiezesanaccurag of
for sunsews. forest& mountainclassi cationand for forestvs. mountainclassi cation.Our nal goal

is to combinemultiple -classclassi ersinto a singlehierarchicaklassi er.

1 Intr oduction

Content-baseiinageorganizationrandretrieval hasemegedasanimportantareain computewision andmultimedia
computing.Thisis mainlydrivenby technologicabreakthroughshichallow usto digitize, store andtransmitimages
in avery costeffective andef cient mannerA largenumberof commerciabrganization$ave largeimageandvideo
collectionsof programspews segmentsgamespaintingsandartifactsthatarebeingdigitized. With thedevelopment
of digital photography more and more peopleare able to storetheir vacationand personalphotographson their
computersVariousmuseumsreconstructingdigital archivesof art paintingsandpicturesof variousartifacts[1, 2].
Thesedigital archivescanthenbe storedasvirtual museumshatarenot only moreaccessibléut they alsosafe-guard
andpreseretheoriginal artifacts. Travel agenciesreinterestedn digital archivesof photographef holidayresorts.
A usercouldquerythesedatabaset planavacation.Thesedigital databasearenot a dreamof the future, but have
becomeareality. However, in orderto make thesedatabasemoreuseful,we needto develop schemedor indexing
andcateyorizingthe humungouslata.ln otherwords,organizingtheseimageandvideolibrariesinto a smallnumber
of categoriesand providing effective indexing is imperatve for accessingbrowsing, andretrieving useful datain
“real-time”.

Overthelast veyearstherehasbeenanintenseactivity in developingimageretrieval methodsasedonimage
content.Varioussystemsave beenproposedor content-baseiinageretrieval, suchasQBIC [3], PhotobooK4] and
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FourEyeq5], SWIM [6], Virage[7], VisualseeK8], Netra[9], andMARS [10]. Thesesystemdollow the paradigm
of representindmagesusinga setof imageattributes,suchascolor, texture, shape andlayoutwhich arearchved
alongwith the imagesin the databaseA retrieval is performedby matchingthe featureattributesof a queryimage
with thoseof the databasémages. User queriesare typically basedon semanticge.g.,shav me a sunsetimage)
and not on low-level imagefeatures(e.g.,shav me a predominantlyred and orangeimage). As a result, most of
theseimageretrieval systemshave poor performancédor speci ¢ queries.For example,Figure1(b) shavs the top-
retrievedresults(basedn color histogranfeaturesfor thequeryin Figurel(a)onadatabasef imagesof city
andlandscapescenesWhile the queryimagehasa speci c monumenia tower here),someof the retrievedimages
include landscapescenegmountainsand sky). A successfubroupingof thesedatabasémagesinto semantically
meaningfuklassesangreatlyenhancehe performancef a content-basetageretrieval system Figurel(c) shovs
thetop- retrieved results(againbasedon color histogramfeatures)on a databasef city imagesfor the same
query;clearly, Itering outlandscapémagesrom theimagedatabasgrior to queryingimprovestheretrieval result.

Figurel: Content-basedetrieval results: (a) queryimage;(b) top- retrievedimagesfrom a databasef city
andlandscapémages;(c) top- retrievedimagesfrom a databasef city images; Itering out landscapémages
prior to queryingclearlyimprovestheretrieval result.

Currentimagedatabassystemshave not adequatelhaddressethis ratherdif cult problemof effective indexing
in largeimagedatabasesThe main problemis thatonly low-level featurescanbe reliably extractedfrom imagesas
opposedo higherlevel featureqobjectspresenin the sceneandtheir inter-relationships) For example,color distri-
butionsin termsof histogramsanbe extractedfrom ary color image,but presence/absencoé sky, trees,buildings,
furniture, people,etc., cannotbe reliably extractedfrom generalimages. Thus, the groupingof imagescannotbe
basedon high-level conceptsas(probably)is doneby humans.The mainchallengetherebyliesin groupingimages
into semanticallymeaningfulcateyories(or indexing imagesin a databasepasedon the available low-level visual
featuresof theimages.Oneattemptto solve this problemis the hierarchicaindexing schemeproposedy Zhangand
Zhong[11, 12], whichusesa Self-OmganizatiorMap (SOM) to performclusteringbasedn colorandtexturefeatures.
This indexing schemewvasfurtherappliedin [13] to createa texturethesaurugor indexing a databasef large aerial
photographsForsythet al. [14] usedspecializedyroupingheuristicgto classifycoherentegions(blobs)in animage



underincreasinglystringentconditionsto recognizeobjectsin the image. Yu and Wolf [15] usedone-dimensional
hiddenMarkov modelsalonghorizontalandverticalblocksof imageso do sceneclassi cation. However, thesuccess
of suchclustering-basethdexing schemess oftenlimited, largely dueto the low-level feature-basedepresentation
of imagecontent.Yet, aswe shallshaw in this paperin constraine@grnvironmentsspeci ¢ low-level featurescanbe
usedto discriminatebetweerconceptuaimageclassesTo achieve the goal of automaticcateyorizationandindexing
of imagesin alarge databaseye needto developrobustschemeso identify salientfeaturesof imagesthatcapturea
certainaspecbf semanticcontentof theseimages.In otherwords,we rst needto specify/de nepatternclassesso
thatthedatabas@nagescanbe organizedn a supervisedashion.

In this paperwe addresshe hierarchicaklassi cationof outdoorvacationimagesnto city andlandscapeclasses,
and a further classi cation of a subsetof landscapemagesinto sunsetforest and mountainclasses.The city vs.
landscapelassi cation problemcanbe statedasfollows: Givenanimage,classifyit aseithera city or alandscape
image. City scenesanbe characterizethy the presencef man-madebjectsandstructuresuchasbuildings, cars,
roads,etc. Naturalscenespn the otherhand,lack thesestructures.A subsetof landscapemagescan be further
classi ed into one of the sunset forest,and mountainclassegFigs. 2(a)-(b)). Sunsetscenesan be characterized
by saturateccolors (red, orange,or yellow), forestsceneshave predominantlygreencolor distribution dueto the
presencef densetreesandfoliage, and mountainscenesanbe characterizedby long distanceshotsof mountains
(eithersnow covered,or barrenplateaus).We assumehatthe input imagedoesbelongto one of the classesunder
considerationThisrestrictionis imposedecauseautomaticallyrejectingimagesnotbelongingo thespeci c classes
(city or landscapén the rst classi cationproblem,andsunsetmountain,or forestin the secondoroblem)is in itself
averydif cult problem.

Our hierarchicalorganizationof outdoorvacationimagesweremotivatedby earlierexperimentson organization
of imagedatabaseby humansubjectd16]. Theseexperimentswith humansubjectoon a databasef vacation
imagesrevealedthe classi cationhierarchyasshavn in Figure2(a). Figure2(b) shavs our simpli ed classi cation
hierarchy The solid linesshaw the classi cationproblemsaddresseth this paper While the above hierarchyis not
in itself complete(a usermay be interestedn queryingthe databaséor imagescapturedn the evening- (day/night
classi cation),or imagescontainingfaces(facevs. non-faceclassi cation)),it is a reasonable@pproacto simplify
theimageretrieval problem.
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Figure2: Experimentavith humansubjects{a) A hierarchicabrganizatiorof the 11 cateyoriesobtainedrom group-
ings provided by humansubjectqd16]; (b) Simpli ed semantiaclassi cationof images;solid linesshawv the classi -
cationproblemsaddresseth this paper
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We have useda BayesiarmapproacHor the above formulated“semantic”classi cationproblems.We shav how
speci clow-levelimagefeaturesanbeusedfor high-level semanticatagorizationof imagesunderthe constrainthat
imagesdo belongto oneof the classesn question. The probabilisticmodels(class-conditionadlistributions of the
variouslow-level featuresyequiredfor the Bayesianapproachareef ciently estimatedusinga VectorQuantization
(VQ) frameawork [17, 18, 19] during a training phase. The MDL principle [20] is usedto determinethe optimal
size of codebookvectorsfor the variousclassi ers. The Bayesianapproachhasthe following advantages:(i) a
small numberof codebookvectorsrepresent particularclassof images,therebygreatly reducingthe numberof
comparisonsiecessaryor eachclassi cation; (i) it naturallyallows for theintegrationof multiple featureghrough
theclass-conditionalensitiesand(iii) it notonly providesaclassi cationrule,but alsoassighs degreeof con dence
in the classi cationwhich maybe usedto build arejectoptioninto theclassi ers.

The paperis organizedas follows. In Section , we discussthe Bayesianframeawork for imageclassi cation.
Section presentsnintroductionto VectorQuantization(VQ) anddensityestimatioralongwith adetaileddescription
of theMDL principlefor estimatingan optimal codebooksize. Section discussesheimplementatiorissuessuch
asthe choiceof our featuresetsandthe applicationof the MDL principleto selectan optimal codebooksizefor the
variousclassi ers. The classi er performancesrereportedin Section . Section nally concludeghe paperand
presentslirectionsfor futureresearch.

2 BayesianFramework

Bayesiantheory providesa formal (probabilistic)framenork for imageclassi cationproblems. It requiresthat all
assumptionde explicitly speci ed to build models(obseration model, prior, loss function) which are then used
to generatean “optimal” decision/classi catiorrule. Optimality heremeansthat, underthe assumednodels,there
doesnot exist ary otherclassi cationrule which hasa lower classi cationerror. The Bayesianparadigmhasbeen
successfullyadoptedn a numberof imageanalysisandcomputewvision (bothlow andhigh level) problemssuchas
restorationsggmentationandclassi cation(se€21, 22] andthereferencegherein).However, its usein content-based
retrieval from imagedatabaseis justbeingrealized[18].

2.1 BasicElements
TheBayesiarframewvork requireshatall the entitiesinvolvedin decisionmakingbe adequatelyormalized:
Eachobseredimage belonggoaset of possiblemages.

Theset is assumedo be partitionedinto  classes ; theseclassesare exhaustve and
mutuallyexclusive,i.e.,ary image from belongso oneandonly oneclass.

Eachobsenedimage is modeledasa sampleof arandomvariable , whoseclass-conditionaprobability
densityfunctionis writtenas

An a priori knowledgeconcerningthe classeds expressedvia a probability function de ned on the set of

classes,

A lossfunction, , specifyingthelossincurredwhenclass is choserandthetrueclassis
. Asis commonin classi cationproblemswe adoptthe* " lossfunction; , and ,

if

Finally, the solutionof the classi cationproblemis a decisionrule which mapsary possible

obsenedimageinto oneof theavailableclasses.

2.2 Image Features

In mary imageanalysisproblemsit is typical thatthe classi cationis basedon, say featuresextractedfrom the
obsenedimage,ratherthandirectly on the raw pixel values. Let denotethe setof
featuresbasednwhichtheclassi cationproceduranustoperate For computationasimplicity it is typicalto assume
thatthefeaturesareconditionallyindependentAs aresult,the class-conditionallensityfunctionscanbewritten as

)



Theclassi cationproblemcanbe statedas: “givenasetof obsenedfeatures, , fromanimage , classify intoone
of theclassesn

2.3 Classi cation Rule

In the Bayesiarframeawork, all inferencesdhave to bebasedn thea posterioriprobabilityfunction,whichis obtained
by combiningthe class-conditionabbsenation modelswith the a priori classprobabilities. This is donevia Bayes
law

)

wherethe denominataor , in Eq. (2) is the unconditionallor marginal) probability densityfunction of the ob-
senedfeatureswhich senessimply asanormalizingconstant.

Theadopted" " lossfunctionleadsto whatis the mostcommaoncriterionin Bayesiarclassi cationproblems:
choosethe classwhosea posteriori probability is maximum. This is known as the maximuma posteriori (MAP)
criterion,andis givenby

®3)

In additionto reportingthe MAP classi cationof agivenimage,say , theBayesiamapproactalsoassignsadegree
of con denceto thatclassi cation,whichis proportionalto . We next describea procedurdo estimatethe
class-conditionallensityfunctions.

3 Density Estimation Using Vector Quantization

The performancef the Bayesclassi er clearlydependsn the ability of the featureset to discriminateamongthe
variousclassesMoreover, sincethe class-conditionadlensitieshave to be estimatedrom trainingdata,theaccurag
of theseestimatess alsocritical. Automaticallychoosingthe right setof featuresfor a given classi cationtaskis
adif cult problemandwe do not discusgheissuehere. We concentraténsteadon estimatingthe class-conditional
densitiedor which we adopta VectorQuantizationVQ) approachH19].

3.1 Intr oductionto Vector Quantization

VectorQuantizationasits namesuggestsis a compressiomlgorithmthatis appliedto vectorsratherthanscalarst

takesasinputa -dimensionalectorandquantizest into a -dimensionateproductionvector In the compression

andcommunicatiorapplicationsa Vector Quantizeris describedasa combinationof an encoderanda decoder A
-dimensionaVQ consistf two mappingsanencoder whichmapstheinputalphabe{ ) tothechannekymbol

set( ),andadecoder whichmapsthechannebymbolset( )totheoutputalphabet ),i.e., and

. A distortionmeasure speci esthe costassociateavith quantizationwhere
Usually, anoptimalquantizeminimizesthe averagedistortionundera sizeconstrainton . An inputvector
is quantizednto oneof the  outputvectors , alsoreferredto ascodebooksectos, suchthat

(4)

Thesecodebookvectorsde ne a partition of the featurespaceaccordingto Eq. (4), into the so-calledVoronoicells,

. Figure 3 shawvs an exampleof sucha -D Voronoitessellationvherethe  areshown as
squaredots. As the datapointsget closer the cells becomemorecompact.Accordingto Eq. (4), aninput vectoris
assignedhe codebookvectorof the cell it fallsinto. A comprehensie studyof VQ, choiceof distortionmeasures,
anduseof VQ in classi cationandcompressions presentedh [23, 19].

3.2 VQ asaDensity Estimator

Vectorquantizatiorprovidesanef cient tool for densityestimation19]. Consider trainingsamplefrom aclass .
In orderto estimatethe class-conditionatiensityof the featurevector giventheclass , i.e., ,a
vectorquantizelis usedto extract (with , hopefully ) codebookvectors, ( ), from the

trainingsampleslt hasbeenshavn (se€[19]) thatin theso-callechigh-resolutiorapproximatior(i.e., for sufciently



Figure3: VoronoiTessellatiorfor -D datapointsin two clusters.

smallVoronoicells),theclass-conditionadensitycanbeapproximatedsa piecavise-constarfunctionovereachcell

, with value
®)
where and aretheratio of trainingsamplegalling into cell andthevolumeof thecell , respec-
tively. This approximatiorfails if the VVoronoicellsarenot sufciently small,asis the casewhenthe dimensionality
of the featurevector is large. The class-conditionatiensitiescanthenbe approximatedising a kernel-based

approach19, 18], approximatinghe densityby a mixture of Gaussiansgachcenteredata codebookvector In most

VQ algorithmsthecodebookvectorsareiteratively selectedy minimizingthe MSE (meansquareerror)whichis the

sumof theEuclideardistance®f eachtrainingsampleromits closestodebook/ector Hence anidentity covariance
matrix canbe assumedor the Gaussiarcomponentsisedto representhe densitieq18], theresulting(approximate)
class-conditionaillensitiesheing

(6)

A morecomprehensie approactwould beto usethe Mahalanobiglistancg24] in estimatingthe codebookvec-
tors; but, if featuredimensionalityis high and the numberof training samplesis small, the estimatedcovariance
matricesarelik ely to besingular

3.3 SelectingCodebookSize

A key issuein using vector quantizationfor densityrepresentatiofis the choiceof the codebooksize. It is clear
that, given a training set, the VQ-approximatedik elihood (probability) of thattraining setwill keepincreasingas
the dimensionof the codebookgrows; in the limit, we would have a codevectorfor eachtraining sample,with
the correspondingprobability equalto one. To addressghis issue,we adoptthe minimumdescriptionlength(MDL)
principle[20]. MDL is aninformation-theoreticriterionwhich hasrecentlybeenusedfor seseralproblemsin com-
putervision andimageprocessingsee[25], andreferencesherein). The MDL criterion stateshatthe description
code-lengthto be minimizedby the estimatemustincludeboth the data(training samplestode-lengttandalsothe
code-lengthef theparameter§ , containingthe codebookvectors, , andtheweights ).
Our rst key obsenationis thatlooking for an ML estimateof the parametersn the the mixture in Eq. (6) is
equialentto looking for the Shannorcodefor which the obsenationshave the shortesicode-lengtt{20Q]; thisis so

becauseShannors optimal code-length, for somesetof obsenations, , 0beying some
joint probabilitydensityfunction , IS simply[26, 25|
7
Undertheassumptiorof independensamples, ( ), thejoint likelihoodin Eq. (7) canbewrittenas
8

1In bits or nats if base-2r naturallogarithmsareused respectiely [26].



in our case gachof themaiginalsin theabove likelihoodis theonein Eq. (6).

The secondundamentafactis thatthe parametershemselesarealsopartof the code,in the following sense:
acodeword representing cannotbe decodedy itself; only afull knowledgeof (i.e., of its parameters)
allows reconstructinghe codeand respectie decoder Accordingly the MDL criterion statesthat the description
code-lengthto be minimized by the estimatemustalsoinclude the code-lengthof the parameters.The resulting
criterionfor thechoiceof (codeboolsize)is then

9)

Finally, concerninghe parametedescriptionlength, , the commonchoiceis ,

where isthesamplesizeand is the numberof real-valuedparameterseededo specify
a -ordermodeland representshe dimensionof the featurespaceg20]. This is an asymptoticallyoptimal
choice whichis only valid whenall theparameterdependnall thedatawhichis notthecasen thepresenproblem.

Theweights are,in fact,estimatedrom all the data;however, each is estimatedrom the sampleghat
fall in theassociatedell. Accordingly, we usethefollowing parametedescriptionength

- — (10)
wherethe rst termaccountdor theweights  while thesecondnecorrespondt thecodebookectorshemseles.

4 Implementation Issues

We have built the hierarchicaklassi er on animagedatabasef imagesof city andlandscapscenesollected
from varioussources.Theimagesareof varyingsizesrangingfrom to andarerepresentetyy

-bit color perpixel. No pre-processing doneon theimages.The groundtruth for the imageswasassigned
basednasinglesubject.The nal labelingassigned imagedo thecity classand imagedo thelandscape
class.

4.1 Image Features

Theaccuray of the Bayesiarclassi ersdepend®n the underlyinglow-level representationf theimages.Themore
discriminatve the featurespetteris the classi cationaccurag andusingjustary featurewill notyield goodclassi -
cationresults.As shavnin [16], edgedirectionfeatureqhistogramsandcoherencerectors)have sufcient discrimi-
native capabilityfor city vs. landscapelassi cation;thereforewe usetheseedgedirectionfeaturedor classi cation.
Thisis sobecausegity scenesendto have man-madestructuresvhich have structurechorizontalandverticaledges,
whereadandscapémageshave edgesandomlydistributed. Since landscapémageshave characteristidistribution
of colors(sky is generallyblue, grassis green,etc), we alsousecolor featureshistogramsand coherencevectors,
describedn [16]) asanothersetof features.Tablel brie y describeghe qualitative attributesof the variousclasses
andthefeaturesusedto representhem.

Classi cation Qualitatve Low-level
Problem Attributes Features
City vs. distribution of edgedirectionhistograms
Landscape edges andcoherenceectors
Sunsetss. | globalcolordistributions color histogramsand
Forestvs. andsaturatiorvalues coherenceectors
Mountain in space

Table1: Featuresaliengy: Qualitatve attributesof variousoutdoorvacationphotograptrlassi cationproblemsand
associatetbw-level featuresusedfor discrimination.



4.2 Vector Quantization

We have usedthe LVQ_PAK packagd27] for vectorquantization For every class half of the databassamplesvere
usedto train theVQ for eachof thefour featureqedgedirectionhistogramsedgedirectioncoherenceectors,color
histogramsandcolor coherenceectors).TheMDL principle[20] describedn Section3.3wasusedto determinehe
codeboolsizefrom thetrainingsamplegor eachof thefour featuredor thecity vs. landscapelassi cationproblem.
Figures4(a)-(c)shav the plots of (criterionto be minimizedin Eq. (9)) vs. the codebooksize,

, usingthe edgedirectioncoherenceaectorfor (a) city, (b) landscapeand(c) boththeclassesAs canbe seenin the
gures, minimizesthecriterionin Eq. (9) for thecity classwhereas is optimalfor thelandscapelass.
Combiningthetwo classes, is theoptimalsizeof thecodeboolbasednthetrainingsamplesColor coherence
vectoralsoyieldedanoptimalsizeof  codebookvectorsfor thetwo classegombinedalthoughthe curve wasmore
noisy Basedon the above analysis, codebookvectorswereselectedor the city vs. landscapelassi cationfor
eachof thefour featuresFor furtherclassi cationof landscapémagesacodeboolof vectorswasselectedor each
class.

@) (b) (©

Figure4: Determiningcodeboolksizefor edgedirectioncoherenceectors;(a) city class;(b) landscapelass;(c) city
andlandscapelasse£ombinedx-axisrepresentthe codeboolsizeandy-axisrepresentshe optimality criterionto
beminimized.

In orderto verify theclaimthatedgedirectionfeatureshave morediscriminatorypowerfor thegivenclassi cation
problem,we usedSammons non-linearprojectionalgorithm[24] to plot the codebookvectorsfor eachof the four
featuresn two dimensiongFigures5 (a)-(d)). The edgedirection-basedodebookvectorsfor the city andlandscape
classesanbemoreeasilydistinguishedhanthecolor-basedtodebookectorswhichcon rms thattheedgedirection
featureshave morediscriminatorypower for the givenclassi cationproblem.

’(a) - n(b) - (c) S ((:i)

Figure5: plots of codebookvectorsshawving the discriminationability of (a) edgedirectionhistogramfeatures,
(b) edgedirectioncoherencevectorfeatures,c) color histogramfeatures,and(d) color coherencevectorfeatures;

representshe landscapeatternsand representshe city patterns; codebookvectorswere extractedfrom the
trainingsamples.

Givenaninputimage,the classi er comparests featureswith the storedcodebookvectorfeaturesof a particular
class(say “city” class)andestimateshe class-conditiongbrobabilitiesfor eachof thefeaturesusingEqg. (6). These
probabilitiesarethenusedto estimatethe a posterioriprobability (Eq. (2)) of theimagehaving comefrom the city
classgivenits obsenedfeaturevectors.



5 Experimental Results

We conductedh variety of experimentsto measurehe classi cation accuracie®f the variousclassi ers. The ex-
perimentsancludedmeasuringhe performanceon anindependentestset(hold-outerror) aswell ason the training
patterngre-substitutiorerror). Eachof thequeryimageswasinputto the classi er andtheaposterioriclassprobabil-
ities werecomputedor eachof thefeaturesndividually, i.e., thefeatureset hadonly oneelement(edgedirection
histogramgdgedirectioncoherencerector, color histogram color coherencevectorfeature),aswell asfor the com-
binationof featuresj.e., thefeatureset hadtwo elementgoneedgedirectionfeatureandonecolor feature). The
gueryimagewasassignedo theclasswith the highesta posterioriprobability.

5.1 City Vs. LandscapeClassi cation

Table2 shaws the classi cationresultsfor the city vs. landscapelassi cationproblem. Edgedirectioncoherence
vectorprovidesthe bestaccurayg of for the training dataand for the testdata. A total of images
weremisclassi ed(a classi cationaccurag of ) whenthe edgedirectioncoherencerectorwascombinedwith
the color histogramfeature. Of these  werecity imagesand  werelandscapemages. Figures6(a) and (b)
shav a representatie subsef the misclassi edcity andlandscapemages respectiely. The mainreasondor the
misclassi cationof city imagescanbeidenti ed asfollows: (i) long distancecity shotsat night (inability to extract
edges)(ii) top view of city sceneglack of verticaledges)(iii) highly texturedbuildings, and(iv) treesobstructing
the buildings. Most of the misclassi edlandscapémageshad strongvertical edgesfrom tree trunks, close-upsof
stemsfences.etc.,thatled to their assignmento the city class. The resultsshav thatthe edgedirectioncoherence
vectorfeatureshave sufcient discriminationpowerfor thecity vs. landscapelassi cationproblem.Combiningcolor
featuredoesnotdrasticallyimprove the classi cationaccuracies.

Test EDH | EDCV | CH | CCV | EDH& | EDH& | EDCV& | EDCV &
Data CH ccv CH ccv
Training Set
TestSet
EntireDatabase

Table2: Classi cationaccuraciegin %) for city vs. landscape&lassi cationproblem;the featuresareabbreviatedas
follows: edgedirectionhistogram(EDH), edgedirectioncoherencaector(EDCV), color histogram(CH), andcolor
coherenceector(CCV).

5.2 Further Classi cation of Landscapelmages

While our limited experimentson humansubjectg16] revealedclassesuchassunset/sunrisdprestandfarmland,
mountain,pathway, water scene etc., thesegroupswere not consistenamongthe subjectsin termsof the actual
labelingof the images.We foundit extremelydif cult to generatea semantigartitioningof landscapémages.We
thusrestrictedclassi cationof landscapémagesinto threeclasseghat could be moreunambiguouslylistinguished,
namely sunsetforest,and mountainclasses.Figures?7 (a)-(c) showv typical imagesfrom the forest, mountain,and
sunsetlassesA subsebf landscapémageswereclassi edinto theabove de ned classesOf the imagesa
humansubjectabeled ,and  imagesasbelongingo theforest,mountainandsunsetlassestespectiely.
A -stageclassi erwasconstructedFirst, we classifyanimageinto eithersunsebr theforest& mountainclass.We
next addressheforestvs. mountainclassi cationproblem.

Table3 shaws the classi cationresultsfor the individual featuresfor the classi cationof landscapémagesinto
sunsews. forest& mountainclassesThe color coherence&ectorprovidesthe bestaccurag of for thetraining
dataand for the testdata. Color featuresdo muchbetterthanthe edgedirectionfeatureshere,sincecolor
distributionsremainmoreor lessconstanfor naturalimages(blue sky, greengrasstrees,plants,etc). A total of
imagesweremisclassi ed(a classi cationaccurag of ) whenthe color coherencerectorwascombinedwith
edgedirectioncoherencerector We nd thatthereis not muchimprovementin the classi cationaccurag with the
combinationof features. This shavs that color coherencevectorhassufcient discriminationability for the given
classi cationproblem.

Table 4 shaws the classi cation resultsfor the forestvs. mountainclassi cation problem( imagesin the
database)Color coherencerectorprovidesthe bestaccurag of for the training dataand for thetest



(b)

Figure6: A subsetof the misclassi ed(a) city and (b) landscapemagesandthe correspondingon dencevalues
(in ) associatedvith the true classusinga combinationof edgedirection coherencerectorand color histogram
features.

Test EDH | EDCV | CH | CCV | EDH& | EDH& | EDCV& | EDCV &
Data CH ccv CH ccv
Training Set
TestSet
EntireDatabase

Table3: Classi cationaccuraciegin %) for sunsews. forest& mountainclassi cation.

data. A totalof  imagesweremisclassi ed(a classi cationaccurayg of ) whenthe color histogramfeature
wascombinedwith eitherof the edgedirectionfeatures.Again, the combinationf featuresdid not performbetter
thantheindividual color featuresshaving thatcolor featuresarequite adequatdor this classi cationproblem.

Test EDH | EDCV | CH | CCV | EDH& | EDH& | EDCV& | EDCV &
Data CH ccv CH ccv
Training Set
TestSet
EntireDatabase

Table4: Classi cationaccuraciegin %) for forestvs. mountainclassi cation.

6 Conclusionand Future Work

Content-baseihdexing andretrieval hasemegedasanimportantareain computewnisionandmultimediacomputing.
Userqueriesaretypically basedon semanticsand not on low-level imagefeatures. It is a challengingproblemto
provide high-level semanticindicesinto large databaseslin this paper we shav that speci ¢ high-level semantic
catgyoriescanbelearntusingspeci ¢ low-level imagefeaturesunderthe constrainthatthe testimagesdo belongto
oneof theclasse$n concern.Speci cally, we have developeda hierarchicaklassi erfor classifyingoutdoorvacation
images.Outdoorimagesareclassi ed into city andlandscapelassanda subsebf landscapeémagesare classi ed
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Figure7: Typical (a) forest,(b) mountainand(c) sunset/sunrisenages.

into the sunsetforest,and mountainclass. The classi cation problemshave beenformalizedusing the Bayesian
framevork whereinVectorQuantizatioris usedto estimatehe class-conditiongbrobabilitydensitieof the obsered
features.The MDL principleis appliedto extractthe optimalcodeboolsizefor thevariousclassi ers. Our Bayesian
approacthasthefollowing advantages(i) asmallnumberof codeboolvectorsrepresena particularclassof images,
therebygreatlyreducingthe numberof comparisons:ecessaryor eachclassi cation;(ii) it naturallyallows for the
integrationof multiple featureghroughthe class-conditionatlensities;and (iii) it not only providesa classi cation
rule, but alsoassignsa degreeof con dencein the classi cationwhich may be usedto build a simplerejectoption
into the classi ers.Classi cationsbasedn color histogramsgolor coherencerectors edgedirectionhistogramsand
edgedirectioncoherenceectorsasfeaturesshav promisingresults.

The accuray of the above classi ers dependon the featuresetused,the training samplesandtheir ability to
learnfrom the training samples.We are currentlyworking on addinga progressie/incrementalearningparadigm
to the classi ers, sothatthey canimprove their performanceover time asmoretraining datais presented Another
challengingssueis to introducea rejectoption. In the simplestform, the a posterioriclassprobabilitiescanbe used
for rejection(rejectingimageswith saylessthan probabilityof belongingto ary class).We arelooking at other
meansf addingthe rejectoptioninto the system.Finally, we intendto addotherclassi ersinto the systemsuchas
indoorvs. outdoot dayvs. night, peoplevs. non-peopletext vs. non-tect classi cation,etc. Theseclassi erscanbe
addedalongwith the presentierarchyto generatessemantidndicesinto thedatabase.
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