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Abstract
Groupingimagesinto (semantically)meaningfulcategoriesusinglow-level visual featuresis a challengingand

importantproblemin content-basedimageretrieval. Basedon thesegroupings,effective indicescan be built for
an imagedatabase.In this paper, we castthe imageclassi�cationproblemin a Bayesianframework. Speci�cally,
we considercity vs. landscapeclassi�cationandfurther classi�cationof landscapeimagesinto sunset,forest,and
mountainclasses.We demonstratehow high-level conceptscanbeunderstoodfrom speci�c low-level imagefeatures
underthe constraintthat the testimagesdo belongto oneof the classesin concern.We further demonstratethat a
small codebook(the optimal sizeof codebookis selectedusingMDL principle) extractedfrom a vectorquantizer
canbeusedto estimatetheclass-conditionaldensitiesneededfor theBayesianmethodology. Classi�cationbasedon
colorhistograms,colorcoherencevectors,edgedirectionhistograms,andedgedirectioncoherencevectorsasfeatures
shows promisingresults. On a databaseof �����	��
 city and landscapeimages,our systemachieved an accuracy of

��
�� �	�

for city vs. landscapeclassi�cation.On a subsetof



��� landscapeimages,oursystemachievesanaccuracy of
����� �	�

for sunsetvs. forest& mountainclassi�cationand
�����




�

for forestvs. mountainclassi�cation.Our �nal goal
is to combinemultiple � -classclassi�ersinto a singlehierarchicalclassi�er.

1 Intr oduction

Content-basedimageorganizationandretrieval hasemergedasanimportantareain computervisionandmultimedia
computing.Thisis mainlydrivenby technologicalbreakthroughswhichallow ustodigitize,store,andtransmitimages
in averycosteffectiveandef�cient manner. A largenumberof commercialorganizationshave largeimageandvideo
collectionsof programs,newssegments,games,paintings,andartifactsthatarebeingdigitized.With thedevelopment
of digital photography, more and more peopleare able to storetheir vacationand personalphotographson their
computers.Variousmuseumsareconstructingdigital archivesof art paintingsandpicturesof variousartifacts[1, 2].
Thesedigital archivescanthenbestoredasvirtual museumsthatarenotonly moreaccessiblebut they alsosafe-guard
andpreservetheoriginalartifacts.Travel agenciesareinterestedin digital archivesof photographsof holidayresorts.
A usercouldquerythesedatabasesto plana vacation.Thesedigital databasesarenot a dreamof thefuture,but have
becomea reality. However, in orderto make thesedatabasesmoreuseful,we needto developschemesfor indexing
andcategorizingthehumungousdata.In otherwords,organizingtheseimageandvideolibrariesinto a smallnumber
of categoriesandproviding effective indexing is imperative for accessing,browsing, andretrieving usefuldatain
“real-time”.

Over thelast � ve years,therehasbeenanintenseactivity in developingimageretrieval methodsbasedon image
content.Varioussystemshavebeenproposedfor content-basedimageretrieval, suchasQBIC [3], Photobook[4] and

�
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FourEyes[5], SWIM [6], Virage[7], Visualseek[8], Netra[9], andMARS [10]. Thesesystemsfollow theparadigm
of representingimagesusinga setof imageattributes,suchascolor, texture,shape,andlayoutwhich arearchived
alongwith the imagesin thedatabase.A retrieval is performedby matchingthe featureattributesof a queryimage
with thoseof the databaseimages. Userqueriesare typically basedon semantics(e.g.,show me a sunsetimage)
andnot on low-level imagefeatures(e.g.,show me a predominantlyred andorangeimage). As a result,mostof
theseimageretrieval systemshave poorperformancefor speci�c queries.For example,Figure1(b) shows thetop-




retrievedresults(basedoncolorhistogramfeatures)for thequeryin Figure1(a)onadatabaseof ��� �

� 


imagesof city
andlandscapescenes.While thequeryimagehasa speci�c monument(a tower here),someof theretrievedimages
include landscapescenes(mountainsandsky). A successfulgroupingof thesedatabaseimagesinto semantically
meaningfulclassescangreatlyenhancetheperformanceof acontent-basedimageretrieval system.Figure1(c)shows
the top-




retrieved results(againbasedon color histogramfeatures)on a databaseof � 


�

city imagesfor the same
query;clearly, �ltering out landscapeimagesfrom theimagedatabaseprior to queryingimprovestheretrieval result.

(a)

(b)

(c)

Figure1: Content-basedretrieval results:(a) queryimage;(b) top-



retrievedimagesfrom a databaseof ��� �

� 


city
andlandscapeimages;(c) top-




retrievedimagesfrom a databaseof � 


�

city images;�ltering out landscapeimages
prior to queryingclearlyimprovestheretrieval result.

Currentimagedatabasesystemshave not adequatelyaddressedthis ratherdif�cult problemof effective indexing
in largeimagedatabases.Themainproblemis thatonly low-level featurescanbereliably extractedfrom imagesas
opposedto higherlevel features(objectspresentin thesceneandtheir inter-relationships).For example,color distri-
butionsin termsof histogramscanbeextractedfrom any color image,but presence/absenceof sky, trees,buildings,
furniture, people,etc., cannotbe reliably extractedfrom generalimages. Thus, the groupingof imagescannotbe
basedon high-level conceptsas(probably)is doneby humans.Themainchallenge,thereby, lies in groupingimages
into semanticallymeaningfulcategories(or indexing imagesin a database)basedon the availablelow-level visual
featuresof theimages.Oneattemptto solve thisproblemis thehierarchicalindexing schemeproposedby Zhangand
Zhong[11, 12], whichusesaSelf-OrganizationMap(SOM)to performclusteringbasedoncolorandtexturefeatures.
This indexing schemewasfurtherappliedin [13] to createa texturethesaurusfor indexing a databaseof largeaerial
photographs.Forsythet al. [14] usedspecializedgroupingheuristicsto classifycoherentregions(blobs)in animage
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underincreasinglystringentconditionsto recognizeobjectsin the image. Yu andWolf [15] usedone-dimensional
hiddenMarkov modelsalonghorizontalandverticalblocksof imagesto dosceneclassi�cation.However, thesuccess
of suchclustering-basedindexing schemesis often limited, largely dueto the low-level feature-basedrepresentation
of imagecontent.Yet,aswe shallshow in this paper, in constrainedenvironments,speci�c low-level featurescanbe
usedto discriminatebetweenconceptualimageclasses.To achievethegoalof automaticcategorizationandindexing
of imagesin a largedatabase,we needto developrobustschemesto identify salientfeaturesof imagesthatcapturea
certainaspectof semanticcontentof theseimages.In otherwords,we �rst needto specify/de�nepatternclasses,so
thatthedatabaseimagescanbeorganizedin asupervisedfashion.

In thispaper, weaddressthehierarchicalclassi�cationof outdoorvacationimagesinto city andlandscapeclasses,
anda further classi�cationof a subsetof landscapeimagesinto sunset, forest, andmountainclasses.The city vs.
landscapeclassi�cationproblemcanbestatedasfollows: Givenan image,classifyit aseithera city or a landscape
image.City scenescanbecharacterizedby thepresenceof man-madeobjectsandstructuressuchasbuildings,cars,
roads,etc. Naturalscenes,on the otherhand,lack thesestructures.A subsetof landscapeimagescanbe further
classi�ed into oneof the sunset,forest,andmountainclasses(Figs. 2(a)-(b)). Sunsetscenescanbe characterized
by saturatedcolors (red, orange,or yellow), forest sceneshave predominantlygreencolor distribution due to the
presenceof densetreesandfoliage,andmountainscenescanbe characterizedby long distanceshotsof mountains
(eithersnow covered,or barrenplateaus).We assumethat the input imagedoesbelongto oneof the classesunder
consideration.Thisrestrictionis imposedbecause,automaticallyrejectingimagesnotbelongingto thespeci�c classes
(city or landscapein the�rst classi�cationproblem,andsunset,mountain,or forestin thesecondproblem)is in itself
a verydif�cult problem.

Our hierarchicalorganizationof outdoorvacationimagesweremotivatedby earlierexperimentson organization
of imagedatabasesby humansubjects[16]. Theseexperimentswith � humansubjectson a databaseof � ��� vacation
imagesrevealedtheclassi�cationhierarchyasshown in Figure2(a). Figure2(b) shows our simpli�ed classi�cation
hierarchy. Thesolid linesshow theclassi�cationproblemsaddressedin this paper. While theabove hierarchyis not
in itself complete(a usermaybeinterestedin queryingthedatabasefor imagescapturedin theevening- (day/night
classi�cation),or imagescontainingfaces(facevs. non-faceclassi�cation)),it is a reasonableapproachto simplify
theimageretrieval problem.
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Figure2: Experimentswith humansubjects:(a)A hierarchicalorganizationof the11categoriesobtainedfrom group-
ingsprovidedby humansubjects[16]; (b) Simpli�ed semanticclassi�cationof images;solid linesshow theclassi�-
cationproblemsaddressedin thispaper.
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We have useda Bayesianapproachfor theabove formulated“semantic”classi�cationproblems.We show how
speci�c low-level imagefeaturescanbeusedfor high-levelsemanticcategorizationof imagesundertheconstraintthat
imagesdo belongto oneof the classesin question.The probabilisticmodels(class-conditionaldistributionsof the
variouslow-level features)requiredfor theBayesianapproachareef�ciently estimatedusinga VectorQuantization
(VQ) framework [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 codebookvectorsrepresenta particularclassof images,therebygreatly reducingthe numberof
comparisonsnecessaryfor eachclassi�cation;(ii) it naturallyallows for the integrationof multiple featuresthrough
theclass-conditionaldensities;and(iii) it notonly providesaclassi�cationrule,butalsoassignsadegreeof con�dence
in theclassi�cationwhichmaybeusedto build a rejectoptioninto theclassi�ers.

The paperis organizedas follows. In Section � , we discussthe Bayesianframework for imageclassi�cation.
Section

�

presentsanintroductiontoVectorQuantization(VQ) anddensityestimationalongwith adetaileddescription
of theMDL principle for estimatinganoptimalcodebooksize. Section

�

discussesthe implementationissues,such
asthechoiceof our featuresetsandtheapplicationof theMDL principleto selectanoptimalcodebooksizefor the
variousclassi�ers. Theclassi�er performancesarereportedin Section




. Section
 �nally concludesthepaperand
presentsdirectionsfor futureresearch.

2 BayesianFramework

Bayesiantheoryprovidesa formal (probabilistic)framework for imageclassi�cationproblems. It requiresthat all
assumptionsbe explicitly speci�ed to build models(observation model, prior, loss function) which are then used
to generatean “optimal” decision/classi�cationrule. Optimality heremeansthat, underthe assumedmodels,there
doesnot exist any otherclassi�cationrule which hasa lower classi�cationerror. TheBayesianparadigmhasbeen
successfullyadoptedin a numberof imageanalysisandcomputervision (bothlow andhigh level) problems,suchas
restoration,segmentation,andclassi�cation(see[21, 22] andthereferencestherein).However, itsusein content-based
retrieval from imagedatabasesis justbeingrealized[18].

2.1 BasicElements

TheBayesianframework requiresthatall theentitiesinvolvedin decisionmakingbeadequatelyformalized:
� Eachobservedimage� belongsto a set

�

of possibleimages.

� Theset
�

is assumedto be partitionedinto � classes�����
	�� �
	����

� � �

	���� ; theseclassesareexhaustive and
mutuallyexclusive,i.e.,any image� from

�

belongsto oneandonly oneclass.

� Eachobserved image � is modeledasa sampleof a randomvariable � , whoseclass-conditionalprobability
densityfunctionis writtenas ��������� 	���� .

� An a priori knowledgeconcerningthe classesis expressedvia a probability function de�ned on the set of
classes,� �!�"	#�$���%�!�&	'�
� �

� � �

�����&	����$� .

� A lossfunction, ()�&	 ��* 	��,+-�/.0�2143 , specifyingthelossincurredwhenclass *	 is chosenandthetrueclassis
	 . As is commonin classi�cationproblems,weadoptthe“

�-5

� ” lossfunction; (6�"	 �
	����

�

, and (6�"	 �7* 	8��� � ,
if 	:9 �;* 	 .

� Finally, the solutionof the classi�cationproblemis a decisionrule <=�%�#�>+

�

1?� which mapsany possible
observedimageinto oneof theavailableclasses.

2.2 ImageFeatures

In many imageanalysisproblems,it is typical that theclassi�cationis basedon, say, @ featuresextractedfrom the
observed image,ratherthandirectly on the raw pixel values.Let AB���
ADC%E
F �GA#C�HIF �

� � �

�JA8CLK>FM� denotethe setof @

featuresbasedonwhichtheclassi�cationproceduremustoperate.For computationalsimplicity it is typical to assume
thatthefeaturesareconditionallyindependent.As a result,theclass-conditionaldensityfunctionscanbewrittenas

�
�

���2�I	��#N:�PO���A/�I	��#�

Q

R

SUT

�

�

OWVYX Z

�"A
C&[\F

�I	��

�

(1)
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Theclassi�cationproblemcanbestatedas:“givenasetof observedfeatures,A , from animage� , classify � into one
of theclassesin � .

2.3 Classi�cation Rule

In theBayesianframework, all inferenceshaveto bebasedon thea posterioriprobabilityfunction,which is obtained
by combiningtheclass-conditionalobservationmodelswith thea priori classprobabilities.This is donevia Bayes
law

�!�&	 �PA'�#�

�PO �"A/�I	�� �!�&	��

� O �"A��

� (2)

wherethe denominator, � O��"A'� , in Eq. (2) is the unconditional(or marginal) probabilitydensityfunctionof theob-
servedfeatures,whichservessimplyasanormalizingconstant.

Theadopted“
�-5

� ” lossfunctionleadsto whatis themostcommoncriterionin Bayesianclassi�cationproblems:
choosethe classwhosea posteriori probability is maximum. This is known as the maximuma posteriori (MAP)
criterion,andis givenby

*	/� <=�%�#�#�

���������	�


���


�J���&	 �PA��$�)�

���������	�


���


�P� O��"A/�P	��P�!�"	�� �

�

(3)

In additionto reportingtheMAP classi�cationof a givenimage,say 	�� , theBayesianapproachalsoassignsa degree
of con�denceto thatclassi�cation,which is proportionalto �!�"	�� �-A � . We next describea procedureto estimatethe
class-conditionaldensityfunctions.

3 DensityEstimation UsingVector Quantization

Theperformanceof theBayesclassi�er clearlydependson theability of thefeatureset A to discriminateamongthe
variousclasses.Moreover, sincetheclass-conditionaldensitieshave to beestimatedfrom trainingdata,theaccuracy
of theseestimatesis alsocritical. Automaticallychoosingthe right setof featuresfor a given classi�cationtaskis
a dif�cult problemandwe do not discussthe issuehere.We concentrateinsteadon estimatingtheclass-conditional
densitiesfor whichweadopta VectorQuantization(VQ) approach[19].

3.1 Intr oduction to Vector Quantization

VectorQuantization(asits namesuggests)is a compressionalgorithmthatis appliedto vectorsratherthanscalars.It
takesasinput a � -dimensionalvectorandquantizesit into a � -dimensionalreproductionvector. In thecompression
andcommunicationapplications,a VectorQuantizeris describedasa combinationof an encoderanda decoder. A

� -dimensionalVQ consistsof two mappings:anencoder� whichmapstheinputalphabet( � ) to thechannelsymbol
set( � ), andadecoder� whichmapsthechannelsymbolset( � ) to theoutputalphabet( �� ), i.e., �'��A��,+�� 1�� and

�8���!�)+�� 1 �� . A distortionmeasure� ��A �

�

A�� speci�esthecostassociatedwith quantization,where
�

A ���8��� �"A �J� .
Usually, anoptimalquantizerminimizestheaveragedistortionundera sizeconstrainton � . An input vector A����

is quantizedinto oneof the � outputvectors
�

A

[

, alsoreferredto ascodebookvectors, suchthat

� ��A �

�

A

[

�! "� ��A �

�

A�#�� ��$ �% '&� 2�

�

(4)

Thesecodebookvectorsde�ne a partitionof thefeaturespace,accordingto Eq. (4), into theso-calledVoronoicells,
�)(

S

��*�� ��� ���

� � �

�G� � . Figure3 shows an exampleof sucha � -D Voronoi tessellationwherethe
�

A

[

areshown as
squaredots. As thedatapointsgetcloser, thecellsbecomemorecompact.Accordingto Eq. (4), an input vectoris
assignedthecodebookvectorof thecell it falls into. A comprehensive studyof VQ, choiceof distortionmeasures,
anduseof VQ in classi�cationandcompression,is presentedin [23, 19].

3.2 VQ asa DensityEstimator

Vectorquantizationprovidesanef�cient tool for densityestimation[19]. Consider+ trainingsamplesfrom aclass	 .
In orderto estimatetheclass-conditionaldensityof the featurevector A

C&[ F
giventheclass	 , i.e., �

O
VYX Z

��A
C&[ F

� 	�� , a
vectorquantizeris usedto extract , (with ,.-/+ , hopefully ,�01+ ) codebookvectors,2!35476

8 ( �9 :&; <, ), from the +

trainingsamples.It hasbeenshown (see[19]) thatin theso-calledhigh-resolutionapproximation(i.e., for suf�ciently

5



Figure3: VoronoiTessellationfor � -D datapointsin two clusters.

smallVoronoicells),theclass-conditionaldensitycanbeapproximatedasapiecewise-constantfunctionovereachcell
(�3

S

6

� , with value

�

O�V X Z

��A C&[ F �I	����

@;3

S

6

�

�����

� ( 3

S

6

�

�

� (5)

where@�3

S

6

� and
�����

� (�3

S

6

�

� aretheratioof trainingsamplesfalling into cell ( 3

S

6

� andthevolumeof thecell ( 3

S

6

� , respec-
tively. This approximationfails if theVoronoicellsarenot suf�ciently small,asis thecasewhenthedimensionality
of the featurevector A

C&[\F is large. The class-conditionaldensitiescan thenbe approximatedusinga kernel-based
approach[19, 18], approximatingthedensityby a mixtureof Gaussians,eachcenteredat a codebookvector. In most
VQ algorithms,thecodebookvectorsareiteratively selectedby minimizingtheMSE(meansquareerror)whichis the
sumof theEuclideandistancesof eachtrainingsamplefrom its closestcodebookvector. Hence,anidentitycovariance
matrix canbeassumedfor theGaussiancomponentsusedto representthedensities[18], theresulting(approximate)
class-conditionaldensitiesbeing

�

O�V X Z

�"A
CL[\F

�P	���	




�

�GT

�

@;3

S

6

�
���

���

�����$A
CL[\F

� �

C&[ F

#

�

�

5

� �

�

(6)

A morecomprehensiveapproachwould beto usetheMahalanobisdistance[24] in estimatingthecodebookvec-
tors; but, if featuredimensionalityis high and the numberof training samplesis small, the estimatedcovariance
matricesarelikely to besingular.

3.3 SelectingCodebookSize

A key issuein usingvectorquantizationfor densityrepresentationis the choiceof the codebooksize. It is clear
that, given a training set, the VQ-approximatedlikelihood(probability) of that training setwill keepincreasingas
the dimensionof the codebookgrows; in the limit, we would have a codevector for eachtraining sample,with
thecorrespondingprobabilityequalto one. To addressthis issue,we adopttheminimumdescriptionlength(MDL)
principle[20]. MDL is aninformation-theoreticcriterionwhich hasrecentlybeenusedfor severalproblemsin com-
putervision andimageprocessing(see[25], andreferencestherein). TheMDL criterionstatesthat the description
code-lengthto beminimizedby theestimatemustincludeboth thedata(trainingsamples)code-lengthandalsothe
code-lengthsof theparameters( �

3




6

, containingthecodebookvectors,� 2�354 6

8

+ �  &� :,-� , andtheweights@�3

S

6

� ).
Our �rst key observation is that looking for an ML estimateof the parametersin the the mixture in Eq. (6) is

equivalentto looking for theShannoncodefor which theobservationshave theshortestcode-length[20]; this is so
becauseShannon's optimal code-length1, for somesetof observations, � +W�
A

C&[ F
� �P���

� � �

�JA
C&[\F

��+ � � , obeying some
joint probabilitydensityfunction �'��� � �

3




6

� , is simply [26, 25]
�

��� � �

3




6

�#�������

�

�'��� � 	 ���

3




6

�

�

(7)

Undertheassumptionof independentsamples,A C&[\F
� &7� ( �  &� + ), thejoint likelihoodin Eq.(7) canbewrittenas

�

��� � �

3




6

�8���

�

�

�GT

�

���

�

�'��A
C&[ F

�5&7�
� 	 � �

3




6

�"! (8)

1In bitsor nats, if base-2or naturallogarithmsareused,respectively [26].
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in ourcase,eachof themarginalsin theabove likelihoodis theonein Eq.(6).
Thesecondfundamentalfact is that theparametersthemselvesarealsopartof thecode,in the following sense:

a codeword representing� cannot bedecodedby itself; only a full knowledgeof �'��� � �

3




6

� (i.e., of its parameters)
allows reconstructingthe codeandrespective decoder. Accordingly, the MDL criterion statesthat the description
code-lengthto be minimizedby the estimatemustalso include the code-lengthsof the parameters.The resulting
criterionfor thechoiceof , (codebooksize)is then

�

,��

����� �����




�

�

��� � �

3




6

���

�

� �

3




6

�	�

�

(9)

Finally, concerningthe parameterdescriptionlength,
�

� �

3




6

� , the commonchoiceis
�

� �

3




6

� � ��
 ��, �

5

� ��� �

�

+ ,
where+ is thesamplesizeand 
�� , �,� �),�� ,�


� �

��A C&[ F � � is thenumberof real-valuedparametersneededto specify
a ,���� -ordermodeland 


� �

�%� representsthe dimensionof the featurespace[20]. This is an asymptoticallyoptimal
choice,whichis only validwhenall theparametersdependonall thedata,whichis notthecasein thepresentproblem.
Theweights@ 3

S

6

� are,in fact,estimatedfrom all thedata;however, each2 35476

8 is estimatedfrom the @ 3

S

6

� samplesthat
fall in theassociatedcell. Accordingly, weusethefollowing parameterdescriptionlength

�

� �

3




6

�#�

,

�

� �

�

+��




� �

�"A C&[ F �

�




�

�GT

�

� �

�

��@ 3

S

6

�

+ ��� (10)

wherethe�rst termaccountsfor theweights@

� while thesecondonecorrespondsto thecodebookvectorsthemselves.

4 Implementation Issues

We havebuilt thehierarchicalclassi�er on animagedatabaseof ��� ��� 
 imagesof city andlandscapescenescollected
from varioussources.Theimagesareof varyingsizesrangingfrom �


 �

. �


 �

to �


 �

. �


 �

andarerepresentedby
�

�

-bit colorperpixel. No pre-processingis doneon theimages.Thegroundtruth for the ��� ��� 
 imageswasassigned
basedonasinglesubject.The�nal labelingassigned��� ����� imagesto thecity classand ���




��� imagesto thelandscape
class.

4.1 ImageFeatures

Theaccuracy of theBayesianclassi�ersdependson theunderlyinglow-level representationof theimages.Themore
discriminative thefeatures,betteris theclassi�cationaccuracy andusingjust any featurewill not yield goodclassi�-
cationresults.As shown in [16], edgedirectionfeatures(histogramsandcoherencevectors)have suf�cient discrimi-
nativecapabilityfor city vs. landscapeclassi�cation;therefore,weusetheseedgedirectionfeaturesfor classi�cation.
This is sobecause,city scenestendto haveman-madestructureswhichhavestructuredhorizontalandverticaledges,
whereaslandscapeimageshave edgesrandomlydistributed.Since,landscapeimageshave characteristicdistribution
of colors(sky is generallyblue, grassis green,etc), we alsousecolor features(histogramsandcoherencevectors,
describedin [16]) asanothersetof features.Table1 brie�y describesthequalitative attributesof thevariousclasses
andthefeaturesusedto representthem.

Classi�cation Qualitative Low-level
Problem Attributes Features
City vs. distributionof edgedirectionhistograms

Landscape edges andcoherencevectors
Sunsetvs. globalcolordistributions colorhistogramsand
Forestvs. andsaturationvalues coherencevectors
Mountain in �;(

�

space

Table1: Featuresaliency: Qualitative attributesof variousoutdoorvacationphotographclassi�cationproblemsand
associatedlow-level featuresusedfor discrimination.
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4.2 Vector Quantization

We have usedtheLVQ PAK package[27] for vectorquantization.For everyclass,half of thedatabasesampleswere
usedto train theVQ for eachof thefour features(edgedirectionhistograms,edgedirectioncoherencevectors,color
histograms,andcolorcoherencevectors).TheMDL principle[20] describedin Section3.3wasusedto determinethe
codebooksizefrom thetrainingsamplesfor eachof thefour featuresfor thecity vs. landscapeclassi�cationproblem.
Figures4(a)-(c)show theplotsof

�

��� � �

3




6

� �

�

� �

3




6

� (criterionto beminimizedin Eq. (9)) vs. thecodebooksize,
, , usingtheedgedirectioncoherencevectorfor (a) city, (b) landscape,and(c) boththeclasses.As canbeseenin the
�gures, ,

�

�




minimizesthecriterionin Eq.(9) for thecity class,whereas,

�

�

�

is optimalfor thelandscapeclass.
Combiningthetwo classes,, �

� �

is theoptimalsizeof thecodebookbasedonthetrainingsamples.Colorcoherence
vectoralsoyieldedanoptimalsizeof

� �

codebookvectorsfor thetwo classescombined,althoughthecurvewasmore
noisy. Basedon the above analysis,

� �

codebookvectorswereselectedfor the city vs. landscapeclassi�cationfor
eachof thefour features.For furtherclassi�cationof landscapeimages,acodebookof




vectorswasselectedfor each
class.
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Figure4: Determiningcodebooksizefor edgedirectioncoherencevectors;(a)city class;(b) landscapeclass;(c) city
andlandscapeclassescombined;x-axisrepresentsthecodebooksizeandy-axisrepresentstheoptimalitycriterionto
beminimized.

In orderto verify theclaimthatedgedirectionfeatureshavemorediscriminatorypowerfor thegivenclassi�cation
problem,we usedSammon's non-linearprojectionalgorithm[24] to plot the codebookvectorsfor eachof the four
featuresin two dimensions(Figures5 (a)-(d)).Theedgedirection-basedcodebookvectorsfor thecity andlandscape
classescanbemoreeasilydistinguishedthanthecolor-basedcodebookvectors,whichcon�rms thattheedgedirection
featureshavemorediscriminatorypower for thegivenclassi�cationproblem.
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Figure5: �

�

plotsof codebookvectorsshowing thediscriminationability of (a) edgedirectionhistogramfeatures,
(b) edgedirectioncoherencevectorfeatures,(c) color histogramfeatures,and(d) color coherencevectorfeatures;

� representsthe landscapepatternsand � representsthecity patterns;
� �

codebookvectorswereextractedfrom the
trainingsamples.

Givenaninput image,theclassi�er comparesits featureswith thestoredcodebookvectorfeaturesof a particular
class(say, “city” class)andestimatestheclass-conditionalprobabilitiesfor eachof thefeaturesusingEq. (6). These
probabilitiesarethenusedto estimatethea posterioriprobability (Eq. (2)) of the imagehaving comefrom thecity
class,givenits observedfeaturevectors.
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5 Experimental Results

We conducteda variety of experimentsto measurethe classi�cationaccuraciesof the variousclassi�ers. The ex-
perimentsincludedmeasuringtheperformanceon an independenttestset(hold-outerror)aswell ason the training
patterns(re-substitutionerror).Eachof thequeryimageswasinput to theclassi�erandtheaposterioriclassprobabil-
ities werecomputedfor eachof thefeaturesindividually, i.e., thefeatureset A hadonly oneelement(edgedirection
histogram,edgedirectioncoherencevector, color histogram,color coherencevectorfeature),aswell asfor thecom-
binationof features,i.e., the featureset A hadtwo elements(oneedgedirectionfeatureandonecolor feature).The
queryimagewasassignedto theclasswith thehighesta posterioriprobability.

5.1 City Vs. LandscapeClassi�cation

Table2 shows the classi�cationresultsfor the city vs. landscapeclassi�cationproblem. Edgedirectioncoherence
vectorprovidesthebestaccuracy of

�




�

�

�

for the trainingdataand
�

�

�

�

�

for the testdata. A total of � ��
 images
weremisclassi�ed(a classi�cationaccuracy of

��
�� � �

) whentheedgedirectioncoherencevectorwascombinedwith
the color histogramfeature. Of these





 were city imagesand �

�

were landscapeimages. Figures6(a) and (b)
show a representative subsetof the misclassi�edcity andlandscapeimages,respectively. Themain reasonsfor the
misclassi�cationof city imagescanbe identi�ed asfollows: (i) long distancecity shotsat night (inability to extract
edges),(ii) top view of city scenes(lack of verticaledges),(iii) highly texturedbuildings,and(iv) treesobstructing
the buildings. Most of the misclassi�edlandscapeimageshadstrongvertical edgesfrom treetrunks,close-upsof
stems,fences,etc.,that led to their assignmentto thecity class.Theresultsshow that theedgedirectioncoherence
vectorfeatureshavesuf�cient discriminationpowerfor thecity vs. landscapeclassi�cationproblem.Combiningcolor
featuredoesnotdrasticallyimprovetheclassi�cationaccuracies.
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Table2: Classi�cationaccuracies(in %) for city vs. landscapeclassi�cationproblem;thefeaturesareabbreviatedas
follows: edgedirectionhistogram(EDH), edgedirectioncoherencevector(EDCV), color histogram(CH), andcolor
coherencevector(CCV).

5.2 Further Classi�cation of LandscapeImages

While our limited experimentson humansubjects[16] revealedclassessuchassunset/sunrise,forestandfarmland,
mountain,pathway, waterscene,etc., thesegroupswerenot consistentamongthe subjectsin termsof the actual
labelingof the images.We foundit extremelydif�cult to generatea semanticpartitioningof landscapeimages.We
thusrestrictedclassi�cationof landscapeimagesinto threeclassesthatcouldbemoreunambiguouslydistinguished,
namely, sunset,forest,andmountainclasses.Figures7 (a)-(c) show typical imagesfrom the forest,mountain,and
sunsetclasses.A subsetof




��� landscapeimageswereclassi�edinto theabovede�ned classes.Of the



��� images,a
humansubjectlabeled� ��� , �

�


 , and �


�


imagesasbelongingto theforest,mountain,andsunsetclasses,respectively.
A � -stageclassi�er wasconstructed.First,weclassifyanimageinto eithersunsetor theforest& mountainclass.We
next addresstheforestvs. mountainclassi�cationproblem.

Table3 shows theclassi�cationresultsfor the individual featuresfor theclassi�cationof landscapeimagesinto
sunsetvs. forest& mountainclasses.Thecolorcoherencevectorprovidesthebestaccuracy of

�




�

�

�

for thetraining
dataand

����� 
 �

for the testdata. Color featuresdo muchbetterthanthe edgedirectionfeatureshere,sincecolor
distributionsremainmoreor lessconstantfor naturalimages(bluesky, greengrass,trees,plants,etc). A total of ��


imagesweremisclassi�ed(a classi�cationaccuracy of
��
��

�

�

) whenthecolor coherencevectorwascombinedwith
edgedirectioncoherencevector. We �nd that thereis not muchimprovementin theclassi�cationaccuracy with the
combinationof features.This shows that color coherencevectorhassuf�cient discriminationability for the given
classi�cationproblem.

Table 4 shows the classi�cation resultsfor the forest vs. mountainclassi�cation problem(
�

�

�

imagesin the
database).Color coherencevectorprovidesthe bestaccuracy of

�����

�

�

for the trainingdataand
�

�

� ���

for the test
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(b)

Figure6: A subsetof the misclassi�ed(a) city and(b) landscapeimagesandthe correspondingcon�dencevalues
(in

�

) associatedwith the true classusinga combinationof edgedirectioncoherencevectorandcolor histogram
features.
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Table3: Classi�cationaccuracies(in %) for sunsetvs. forest& mountainclassi�cation.

data.A total of �

�

imagesweremisclassi�ed(a classi�cationaccuracy of
�����




�

) whenthecolor histogramfeature
wascombinedwith eitherof theedgedirectionfeatures.Again, thecombinationsof featuresdid not performbetter
thantheindividualcolor features,showing thatcolor featuresarequiteadequatefor thisclassi�cationproblem.
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Table4: Classi�cationaccuracies(in %) for forestvs. mountainclassi�cation.

6 Conclusionand Future Work

Content-basedindexing andretrieval hasemergedasanimportantareain computervisionandmultimediacomputing.
Userqueriesaretypically basedon semanticsandnot on low-level imagefeatures.It is a challengingproblemto
provide high-level semanticindicesinto large databases.In this paper, we show that speci�c high-level semantic
categoriescanbelearntusingspeci�c low-level imagefeaturesundertheconstraintthatthetestimagesdo belongto
oneof theclassesin concern.Speci�cally, wehavedevelopedahierarchicalclassi�er for classifyingoutdoorvacation
images.Outdoorimagesareclassi�ed into city andlandscapeclassanda subsetof landscapeimagesareclassi�ed
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(a)

(b)

(c)

Figure7: Typical (a) forest,(b) mountain,and(c) sunset/sunriseimages.

into the sunset,forest,andmountainclass. The classi�cation problemshave beenformalizedusing the Bayesian
framework whereinVectorQuantizationis usedto estimatetheclass-conditionalprobabilitydensitiesof theobserved
features.TheMDL principleis appliedto extracttheoptimalcodebooksizefor thevariousclassi�ers.Our Bayesian
approachhasthefollowing advantages:(i) asmallnumberof codebookvectorsrepresentaparticularclassof images,
therebygreatlyreducingthenumberof comparisonsnecessaryfor eachclassi�cation;(ii) it naturallyallows for the
integrationof multiple featuresthroughthe class-conditionaldensities;and(iii) it not only providesa classi�cation
rule, but alsoassignsa degreeof con�dencein theclassi�cationwhich maybeusedto build a simplerejectoption
into theclassi�ers.Classi�cationsbasedoncolorhistograms,colorcoherencevectors,edgedirectionhistograms,and
edgedirectioncoherencevectorsasfeaturesshow promisingresults.

The accuracy of the above classi�ersdependson the featuresetused,the training samples,andtheir ability to
learnfrom the training samples.We arecurrentlyworking on addinga progressive/incrementallearningparadigm
to theclassi�ers,so that they canimprove their performanceover time asmoretrainingdatais presented.Another
challengingissueis to introducea rejectoption. In thesimplestform, thea posterioriclassprobabilitiescanbeused
for rejection(rejectingimageswith saylessthan 


� �

probabilityof belongingto any class).We arelookingat other
meansof addingtherejectoptioninto thesystem.Finally, we intendto addotherclassi�ersinto thesystem,suchas
indoorvs. outdoor, dayvs. night,peoplevs. non-people,text vs. non-text classi�cation,etc. Theseclassi�erscanbe
addedalongwith thepresenthierarchyto generatesemanticindicesinto thedatabase.
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