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Abstract
Designingcomputerprogramsto automaticallycategorizeimagesusinglow-level featuresis achal-
lengingresearchtopicin computervision. In thispaper, wepresentanew learningtechnique,which
extendsMultiple-InstanceLearning(MIL), andits applicationto theproblemof region-basedim-
agecategorization. Imagesare viewed as bags,eachof which containsa numberof instances
correspondingto regionsobtainedfrom imagesegmentation.ThestandardMIL problemassumes
thatabagis labeledpositiveif at leastoneof its instancesis positive;otherwise,thebagis negative.
In theproposedMIL framework, DD-SVM, abaglabelis determinedby somenumberof instances
satisfyingvariousproperties.DD-SVM �rst learnsa collectionof instanceprototypesaccording
to a DiverseDensity(DD) function. Eachinstanceprototyperepresentsa classof instancesthat is
morelikely to appearin bagswith thespeci�c label thanin theotherbags.A nonlinearmapping
is thende�ned usingtheinstanceprototypesandmapsevery bagto a point in a new featurespace,
namedthebag feature space. Finally, standardsupportvectormachinesaretrainedin thebagfea-
turespace.Weprovideexperimentalresultsonanimagecategorizationproblemandadrugactivity
predictionproblem.

Keywords: imagecategorization,multiple-instancelearning,supportvector machines,image
classi�cation,imagesegmentation

1. Intr oduction

Thetermimagecategorizationrefersto the labelingof imagesinto oneof a numberof prede�ned
categories. Although this is usuallynot a very dif�cult task for humans,it hasproved to be an
extremely dif�cult problemfor machines(or computerprograms). Major sourcesof dif�culties
include variableand sometimesuncontrolledimaging conditions,complex and hard-to-describe
objectsin animage,objectsoccludingotherobjects,andthegapbetweenarraysof numbersrepre-
sentingphysical imagesandconceptualinformationperceivedby humans.In this paper, anobject
in the physical world, which we live in, refersto anything that is visible or tangibleand is rel-
atively stablein form. An object in an imageis de�ned asa region, not necessarilyconnected,
which is a projectionof anobjectin thephysicalworld. Designingautomaticimagecategorization
algorithmshasbeenan importantresearch�eld for decades.Potentialapplicationsincludedigital
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Figure1: Sampleimagesbelongingto oneof thecategories:Mountainsandglaciers,Skiing, and
Beach.

libraries,Spacescience,Websearching,geographicinformationsystems,biomedicine,surveillance
andsensorsystems,commerce,andeducation.

1.1 Overview of Our Approach

Although color andtexture arefundamentalaspectsfor visual perception,humandiscernmentof
certainvisualcontentscouldbepotentiallyassociatedwith interestingclassesof objectsor semantic
meaningof objectsin the image. For oneexample: if we areasked to decidewhich imagesin
Figure1 areimagesaboutMountainsandglaciers, Skiing, andBeach, at a singleglance,we may
comeupwith thefollowing answerstogetherwith supportingarguments:

� Images(a)and(b) areimagesaboutmountainsandglacierssinceweseemountainin them;

� Images(c), (d) and(e) areskiing imagessincetherearesnow, people, andperhapsa steep
slopeor mountainin them;

� Images(f) and(g) arebeachimagessinceweseeeitherpeopleplayingin wateror peopleon
sand;

Thisseemsto beeffortlessfor humansbecauseprior knowledgeof similar imagesandobjectsmay
provide powerful assistancefor us in recognition. Given a setof labeledimages,cana computer
programlearnsuchknowledgeor semanticconceptsfrom implicit informationof objectscontained
in images?This is thequestionweattemptto addressin thiswork.

In termsof imagerepresentation,ourapproachis aregion-basedmethod.Imagesaresegmented
into regionssuchthat eachregion is roughly homogeneousin color and texture. Eachregion is
characterizedby onefeaturevectordescribingcolor, texture,andshapeattributes. Consequently,
an imageis representedby a collectionof featurevectors. If segmentationis ideal, regionswill
correspondto objects. But, in general,semanticallyaccurateimagesegmentationby a computer
programis still an ambitiouslong-termgoal for computervision researchers(seeShi andMalik,
2000;Wanget al., 2001a;Zhu andYuille, 1996).Here,semanticallyaccurateimagesegmentation
refersto building a one-to-onemappingbetweenregionsgeneratedby an imagesegmentational-
gorithm andobjectsin the image. Nevertheless,we arguethat region-basedimagerepresentation
canprovide someusefulinformationaboutobjectseven thoughsegmentationmaynot beperfect.
Moreover, empiricalresultsin Section4.3demonstratethattheproposedmethodhaslow sensitivity
to inaccurateimagesegmentation.

From the perspective of learning,our approachis a generalizationof supervisedlearning,in
which labelsareassociatedwith imagesinsteadof individual regions.This is in essenceidenticalto
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theMultiple-InstanceLearning(MIL) setting(Dietterichetal.,1997;Blum andKalai, 1998;Maron
andLozano-Ṕerez,1998;ZhangandGoldman,2002)whereimagesandregionsarerespectively
calledbagsandinstances. In this paper, a “bag” refersto an“image”, andan“instance”refersto a
“region.” MIL assumesthatevery instancepossessesanunknown labelthatis indirectlyaccessible
throughlabelsattachedto bags.

1.2 RelatedWork in Multiple-Instance Learning

Several researchershave appliedMIL for imageclassi�cationandretrieval (Andrews et al., 2003;
Maron andRatan,1998;Zhanget al., 2002;YangandLozano-Ṕerez,2000). Key assumptionsof
their formulationof MIL arethatbagsandinstancessharethesamesetof labels(or categoriesor
classesor topics),anda bagreceivesa particularlabel if at leastoneof the instancesin the bag
possessesthe label. For binaryclassi�cation,this implies thata bagis “positive” if at leastoneof
its instancesis a positive example;otherwise,thebagis “negative.” Therefore,learningfocuseson
�nding “actual” positive instancesin positivebags.Theformulationsof MIL in imageclassi�cation
andretrieval fall into two categories:theDiverseDensityapproach(MaronandRatan,1998;Zhang
etal., 2002)andtheSupportVectorMachine(SVM) approach(Andrewsetal., 2003).

� In theDiverseDensityapproach,anobjectivefunction,calledtheDiverseDensity(DD) func-
tion (Maron andLozano-Ṕerez,1998), is de�ned over the instancefeaturespace,in which
instancescanbe viewed aspoints. The DD function measuresa co-occurrenceof similar
instancesfrom differentbagswith thesamelabel.A featurepointwith largeDiverseDensity
indicatesthat it is closeto at leastoneinstancefrom every positive bagandfar away from
everynegative instance.TheDD approachsearchestheinstancefeaturespacefor pointswith
high DiverseDensity. Oncea point with themaximumDD is found,a new bagis classi�ed
accordingto thedistancesbetweeninstancesin thebagandthemaximumDD point: if the
smallestdistanceis lessthancertain�x ed threshold,thebagis classi�ed aspositive; other-
wise, the bagis classi�ed asnegative. The major differencebetweenMaron's methodand
Zhang'smethodlies in theway to searchamaximumDD point. Zhang'smethodis relatively
insensitive to thedimensionof instancefeaturespaceandscalesup well to theaveragebag
size,i.e., theaveragenumberof instancesin a bag(ZhangandGoldman,2002). Empirical
studiesdemonstratethatDD-basedMIL canlearncertainsimpleconceptsof naturalscenes,
suchaswaterfall, sunsets, andmountains, usingfeaturesof subimagesor regions(Maronand
Ratan,1998;Zhangetal., 2002).

� Andrewsetal. (2003)useSVMs(Burges,1998)to solvetheMIL problem.In particular, MIL
is formulatedasamixedintegerquadraticprogram.In their formulation,integervariablesare
selectorvariablesthatselectwhich instancein a positive bagis thepositive instance.Their
algorithm,which is calledMI-SVM, hasanouterloopandaninnerloop. Theouterloopsets
the valuesof theseselectorvariables.The inner loop thentrainsa standardSVM in which
theselectedpositive instancesreplacethepositive bags.Theouterloop stopsif noneof the
selectorvariableschangesvaluein twoconsecutiveiterations.Andrewsetal. (2003)show that
MI-SVM outperformstheDD approachdescribedin ZhangandGoldman(2002)on a setof
imagesbelongingto threedifferentcategories(“elephant”,“fox”, and“tiger”). Thedifference
betweenMI-SVM andDD approachcanalsobeviewedfrom theshapeof thecorresponding
classi�er's decisionboundaryin the instancefeaturespace.Thedecisionboundaryof a DD
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classi�er is anellipsoidalspherebecauseclassi�cationis basedexclusively onthedistanceto
themaximumDD point.1 For MI-SVM, dependingonthekernelused,thedecisionboundary
canbeahyperplanein theinstancefeaturespaceor ahyperplanein thekernelinducedfeature
space,whichmaycorrespondto verycomplex boundariesin theinstancefeaturespace.

1.3 A NewFormulation of Multiple-Instance Learning

In the above MIL formulations,a bag is essentiallysummarizedby oneof its instances,i.e., an
instancewith themaximallabel (consideringbinaryclassi�cationwith 1 and� 1 representingthe
positive andnegative classes,respectively). However, theseformulationshave a drawbackfor im-
agecategorizationtasks:in general,aconceptaboutimagesmaynotbecapturedby asingleregion
(instance)even if imagesegmentationandobjectrecognitionareassumedto be ideal (inaccurate
segmentationandrecognitionwill only worsenthe situation). For onesimpleexample,let's con-
sidercategorizingMountainsandglaciers versusSkiingimagesin Figure1. To classifya sceneas
involving skiing, it is helpful to identify snow, people, andperhapsmountain. If animageis viewed
asa bagof regions,thenthestandardMIL formulationcannotrealizethis,becausea bagis labeled
positive if any oneregion in thebagis positive. In addition,a classmight alsobedisjunctive. As
shown by Figure1 (g) and(h), aBeach scenemight involveeitherpeopleplayingin wateror people
onsand. Thuswearguethatthecorrectcategorizationof animagedependson identifyingmultiple
aspectsof the image.This motivatesour extensionof MIL wherea bagmustcontaina numberof
instancessatisfyingvariousproperties(e.g.,people, snow, etc.).

In our approach,MIL is formulatedas a maximummargin problemin a new featurespace
de�nedby theDD function.Thenew approach,namedDD-SVM, proceedsin twosteps.First,in the
instancefeaturespace,acollectionof featurevectors,eachof which is calledaninstanceprototype,
is determinedaccordingto DD. Eachinstanceprototypeis chosento bealocalmaximizerof theDD
function. SinceDD measuresthe co-occurrenceof similar instancesfrom differentbagswith the
samelabel,looselyspeaking,aninstanceprototyperepresentsa classof instances(or regions)that
is morelikely to appearin bags(or images)with thespeci�c labelthanin theotherbags(or images).
Second,a nonlinearmappingis de�ned usingthe learnedinstanceprototypesandmapsevery bag
to a point in a new featurespace,which is namedthebag feature space. In thebagfeaturespace,
theoriginal MIL problembecomesanordinarysupervisedlearningproblem. StandardSVMs are
thentrainedin thebagfeaturespace.

DD-SVM is similar to MI-SVM in thesensethatbothapproachesapplySVM to solve theMIL
problem.However, in DD-SVM, several featuresarede�ned for eachbag.Eachbagfeaturecould
bede�ned by aseparateinstancewithin thebag(i.e., theinstancethatis mostsimilar to aninstance
prototype).Hence,thebagfeaturessummarizethebagalongseveraldimensionsde�nedby instance
prototypes.This is in starkcontrastto MI-SVM, in which oneinstanceis selectedto representthe
wholepositivebag.

1.4 RelatedWork in ImageCategorization

In theareasof imageprocessing,computervision,andpatternrecognition,therehasbeenabundance
of prior work ondetecting,recognizing,andclassifyinga relatively smallsetof objectsor concepts

1. ThemaximumDD algorithmsdescribedin (MaronandLozano-Ṕerez,1998;ZhangandGoldman,2002)producea
point in the instancefeaturespacetogetherwith scalingfactorsfor eachfeaturedimension.Therefore,thedecision
boundaryis anellipsoidalsphereinsteadof asphere.
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in speci�c domainsof application(ForsythandPonce,2002;Marr, 1983;Strat,1992). We only
review work mostrelevant to whatwe propose,which by no meansrepresentsthecomprehensive
list in thecitedarea.

As one of the simplestrepresentationsof digital images,histogramshave beenwidely used
for variousimagecategorizationproblems. Szummerand Picard(1998) usek-nearestneighbor
classi�er on color histogramsto discriminatebetweenindoor andoutdoor images. In the work
of Vailayaetal. (2001),Bayesianclassi�ersusingcolorhistogramsandedgedirectionshistograms
areimplementedtoorganizesunset/forest/mountainimagesandcity/landscapeimages,respectively.
Chapelleet al. (1999)applySVMs,which arebuilt on color histogramfeatures,to classifyimages
containinga genericsetof objects.Althoughhistogramscanusuallybecomputedwith little cost
andareeffective for certainclassi�cationtasks,an importantdrawbackof a globalhistogramrep-
resentationis that informationaboutspatialcon�guration is ignored.Many approacheshave been
proposedto tackle the drawback. In the methodof Huanget al. (1998), a classi�cation tree is
constructedusingcolor correlograms.Color correlogramcapturesthe spatialcorrelationof col-
ors in an image. GdalyahuandWeinshall(1999)apply local curve matchingfor shapesilhouette
classi�cations,in whichobjectsin imagesarerepresentedby theiroutlines.

A numberof subimage-basedmethodshavebeenproposedto exploit localandspatialproperties
by dividing an imageinto rectangularblocks. In the methodintroducedby GorkaniandPicard
(1994),animageis �rst dividedinto 16non-overlappingequal-sizedblocks.Dominantorientations
arecomputedfor eachblock. Theimageis thenclassi�edascity or suburb scenesasdeterminedby
themajority orientationsof blocks.Wanget al. (2001b)developa graph/photographclassi�cation
algorithm.2 The classi�er partitionsan imageinto blocksandclassi�es every block into oneof
two categoriesbasedon waveletcoef�cients in high frequency bands.If thepercentageof blocks
classi�edasphotographis higherthana threshold,theimageis markedasaphotograph;otherwise,
the imageis marked asa graph. Yu andWolf (1995)presenta one-dimensionalHiddenMarkov
Model (HMM) for indoor/outdoorsceneclassi�cation. The modelis trainedon vectorquantized
color histogramsof imageblocks. In the recentALIP system(Li and Wang,2003), a concept
correspondingto a particularcategory of imagesis capturedby a two-dimensionalmultiresolution
HMM trainedon color andtexture featuresof imageblocks. Murphy et al. (2004)proposefour
graphicalmodelsthatrelatefeaturesof imageblocksto objectsandperformjoint sceneandobject
recognition.

Although a rigid partition of an imageinto rectangularblockspreservescertainspatialinfor-
mation, it often breaksan object into several blocksor putsdifferentobjectsinto a singleblock.
Thusvisual informationaboutobjects,which couldbebene�cial to imagecategorization,maybe
destroyed by a rigid partition. The ALIP system(Li and Wang,2003) usesa small block size
(4� 4) for featureextractionto avoid this problem. Imagesegmentationis oneway to extractob-
ject information. It decomposesanimageinto a collectionof regions,which correspondto objects
if decompositionis ideal. Segmentation-basedalgorithmscan take into considerationthe shape
information,which is in generalnotavailablewithoutsegmentation.

Imagesegmentationhasbeensuccessfullyusedin content-basedimageandvideoanalysis(e.g.,
Carsonetal., 2002;ChenandWang,2002;Ma andManjunath,1997;ModestinoandZhang,1992;
SmithandLi, 1999;VasconcelosandLippman,1998;Wanget al., 2001b).ModestinoandZhang
(1992)apply a Markov random�eld modelto capturespatialrelationshipsbetweenregions. Im-

2. As de�ned by Wanget al. (2001b),a graphimageis animagecontainingmainly text, graph,andoverlays;a photo-
graphis acontinuous-toneimage.
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ageinterpretationis thengivenby a maximuma posteriori rule. SIMPLIcity system(Wanget al.,
2001b)classi�esimagesinto texturedor nontexturedclassesbaseduponhow evenly a region scat-
tersin an image. Mathematically, this is describedby the goodnessof match,which is measured
by the c2 statistics,betweenthe distribution of the region anda uniform distribution. Smith and
Li (1999)proposea methodfor classifyingimagesby spatialorderingsof regions. Their system
decomposesan imageinto regions with the attribute of interestof eachregion representedby a
symbol that correspondsto an entry in a �nite patternlibrary. The region string is convertedto
compositeregion templatedescriptormatrix that enablesclassi�cation usingspatialinformation.
VasconcelosandLippman(1998)model imageretrieval asa classi�cationproblembasedon the
principleof Bayesianinference.Theinformationof theregionsidenti�ed ashumanskin is usedin
theinference.Very interestingresultshave beenachievedin associatingwordsto imagesbasedon
regions(BarnardandForsyth,2001)or relatingwordsto imageregions(Barnardet al., 2003). In
their method,animageis modeledasa sequenceof regionsanda sequenceof wordsgeneratedby
a hierarchicalstatisticmodel.Themethoddemonstratesthepotentialfor searchingimages.But as
notedby BarnardandForsyth(2001),themethodrelieson semanticallymeaningfulsegmentation,
which,asmentionedearlier, is still anopenproblemin computervision.

1.5 Outline of the Paper

The remainderof the paperis organizedasfollows. Section2 describesimagesegmentationand
featurerepresentation.Section3 presentsDD-SVM, an extensionof MIL. Section4 describes
the extensive experimentswe have performedandprovides the results. Finally, we concludein
Section5, togetherwith adiscussionof futurework.

2. ImageSegmentationand Representation

In this sectionwe describea simpleimagesegmentationprocedurebasedon color andspatialvari-
ationfeaturesusinga k-meansalgorithm(HartiganandWong,1979). For general-purposeimages
suchasthe imagesin a photolibrary or imageson the World Wide Web, preciseobjectsegmen-
tation is nearlyasdif�cult asnaturallanguagesemanticsunderstanding.However, semantically
precisesegmentationis not crucial to our system. As we will demonstratein Section4, our im-
agecategorizationmethodhaslow sensitivity to inaccuratesegmentation.Imagesegmentationis a
well-studiedtopic (e.g.,ShiandMalik, 2000;Wangetal., 2001a;ZhuandYuille, 1996).Thefocus
of this paperis not to achieve superiorsegmentationresultsbut goodcategorizationperformance.
Themajoradvantageof theproposedimagesegmentationis its low computationalcost.

To segmentanimage,thesystem�rst partitionstheimageinto non-overlappingblocksof size
4� 4 pixels.A featurevectoris thenextractedfor eachblock. Theblocksizeis chosento compro-
misebetweentexture effectivenessandcomputationtime. Smallerblock sizemay preserve more
texture detailsbut increasethe computationtime as well. Conversely, increasingthe block size
canreducethecomputationtimebut losetextureinformationandincreasethesegmentationcoarse-
ness.Eachfeaturevectorconsistsof six features.Threeof themaretheaveragecolor components
in a block. We usethe well-known LUV color space,whereL encodesluminanceandU andV
encodecolor information(chrominance).The other threerepresentsquareroot of energy in the
high-frequency bandsof thewavelet transforms(Daubechies,1992),that is, thesquareroot of the
secondordermomentof waveletcoef�cients in high-frequency bands.
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2 regions 3 regions 7 regions 2 regions 3 regions 4 regions

Figure2: Segmentationresultsby the k-meansclusteringalgorithm. First row: original images.
Secondrow: regionsin their representativecolors.

To obtainthesemoments,a Daubechies-4wavelet transformis appliedto theL componentof
the image. After a one-level wavelet transform,a 4� 4 block is decomposedinto four frequency
bands:the LL, LH, HL, andHH bands. Eachbandcontains2 � 2 coef�cients. Without lossof
generality, wesupposethecoef�cients in theHL bandaref ck;l ; ck;l+ 1; ck+ 1;l ; ck+ 1;l+ 1g. Onefeature
is

f =

 
1
4

1

å
i= 0

1

å
j= 1

c2
k+ i;l+ j

! 1
2

:

Theothertwo featuresarecomputedsimilarly to theLH andHH bands.Unser(1995)shows that
momentsof wavelet coef�cients in variousfrequency bandsareeffective for representingtexture.
For example,theHL bandshowsactivities in thehorizontaldirection.An imagewith verticalstrips
thushashighenergy in theHL bandandlow energy in theLH band.

Thek-meansalgorithmis usedto clusterthefeaturevectorsinto severalclasseswith everyclass
correspondingto one“region” in the segmentedimage. No informationaboutthe spatiallayout
of the imageis usedin de�ning the regions,so they arenot necessarilyspatiallycontiguous.The
algorithmdoesnot specifythenumberof clusters,N, to choose.We adaptively selectN by grad-
ually increasingN until a stoppingcriterion is met. The numberof clustersin an imagechanges
in accordancewith the adjustmentof the stoppingcriteria. A detaileddescriptionof the stopping
criteriacanbe found in Wanget al. (2001b). Examplesof segmentationresultsareshown in Fig-
ure2. Segmentedregionsareshown in their representative colors. It takeslessthanonesecondon
averageto segmenta 384� 256 imageon a PentiumIII 700MHzPCrunningtheLinux operating
system.Sinceit is almostimpossibleto �nd a stoppingcriterionthat is bestsuitedfor a largecol-
lection of images,imagessometimesmay be under-segmentedor over-segmented.However, our
categorizationmethodhaslow sensitivity to inaccuratesegmentation.

After segmentation,themeanof thesetof featurevectorscorrespondingto eachregion R j (a
subsetof Z2) is computedanddenotedasf̂ j . Threeextra featuresarealsocalculatedfor eachregion
to describeshapeproperties.They arenormalizedinertia(Gersho,1979)of order1, 2, and3. For a
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regionR j in theimageplane,thenormalizedinertiaof ordergis givenas

I(R j ;g) =
å r2Rj

kr � r̂kg

V
1+ g

2
j

;

wherer̂ is the centroidof R j , Vj is the numberof pixels in region R j . The normalizedinertia
is invariantto scalingandrotation. The minimum normalizedinertia on a 2-dimensionalplaneis
achieved by circles. Denotethe g-th order normalizedinertia of circles as Ig. We de�ne shape
featuresof regionR j as

sj =
�

I (R j ;1)
I1

;
I (R j ;2)

I2
;
I (R j ;3)

I3

� T

:

Finally, an imageBi , which is segmentedinto Ni regions f R j : j = 1; � � � ;Nig, is representedby
a collection of featurevectorsf xi j : j = 1; � � � ;Nig. Eachxi j is a 9-dimensionalfeaturevector,
correspondingto regionR j , de�ned as

xi j =
�
f̂T

j ;sT
j

� T
:

3. An Extensionof Multiple-Instance Learning

In this section,we �rst introduceDD-SVM, a maximummargin formulationof MIL in bagfeature
space.We thendescribeoneway to constructa bagfeaturespaceusingDiverseDensity. Finally,
wecompareDD-SVM with anotherSVM-basedMIL formulation,MI-SVM, proposedby Andrews
etal. (2003).

3.1 Maximum Mar gin Formulation of MIL in a BagFeatureSpace

We startwith somenotationsin MIL. Let D be the labeleddataset,which consistsof l bag/label
pairs,i.e.,D = f (B1;y1); � � � ; (Bl ;yl )g. EachbagBi � Rm is acollectionof instanceswith xi j 2 Rm

denotingthe j-th instancein thebag.Differentbagsmayhavedifferentnumberof instances.Labels
yi take binaryvalues1 or � 1. A bagis calleda positive bagif its labelis 1; otherwise,it is calleda
negative bag. Notethata label is attachedto eachbagandnot to every instance.In thecontext of
images,abagis acollectionof regionfeaturevectors;aninstanceis aregionfeaturevector;positive
(negative) labelrepresentsthatanimagebelongs(doesnotbelong)to aparticularcategory.

Thebasicideaof thenew MIL framework is to mapeverybagto apoint in anew featurespace,
namedthe bagfeaturespace,andto train SVMs in the bagfeaturespace.For an introductionto
SVMs,wereferinterestedreadersto tutorialsandbooksonthis topic(Burges,1998;Cristianiniand
Shawe-Taylor,2000).Themaximummargin formulationof MIL in a bagfeaturespaceis givenas
thefollowing quadraticoptimizationproblem:

DD � SVM a � = argmax
a i

l

å
i= 1

a i �
1
2

l

å
i; j= 1

yiy ja ia jK(f (Bi); f (B j )) (1)

subject to
l

å
i= 1

yia i = 0

C � a i � 0; i = 1; � � � ; l :
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Thebagfeaturespaceis de�nedby f : B ! Rn whereB is asubsetof P(Rm) (thepowersetof Rm).
In practice,we canassumethattheelementsof B are�nite setssincethenumberof instancesin a
bagis �nite. K : Rn � Rn ! R is akernelfunction.TheparameterC controlsthetrade-off between
accuracy andregularization.Thebagclassi�er is thende�ned by a � as

label(B) = sign

 
l

å
i= 1

yia �
i K(f (Bi); f (B)) + b�

!

(2)

whereb� is chosensothat

y j

 
l

å
i= 1

yia �
i K(f (Bi); f (B j )) + b�

!

= 1

for any j with C > a �
j > 0. Theoptimizationproblem(1) assumesthat thebagfeaturespace(i.e.,

f ) is given.Next, we introduceawayof constructingf from asetof labeledbags.

3.2 Constructing a BagFeatureSpace

Givenasetof labeledbags,�nding whatis in commonamongthepositivebagsanddoesnotappear
in thenegative bagsmayprovide inductive cluesfor classi�er design.In our approach,suchclues
arecapturedby instanceprototypescomputedfrom theDD function. A bagfeaturespaceis then
constructedusingthe instanceprototypes,eachof which de�nes onedimensionof thebagfeature
space.

3.2.1 DIVERSE DENSITY

In the ideal scenario,the intersectionof the positive bagsminus the union of the negative bags
gives the instancesthat appearin all the positive bagsbut noneof the negative bags. However,
in practicestrict setoperationsof intersection,union, anddifferencemay not be usefulbecause
mostrealworld problemsinvolve noisy information. Featuresof instancesmight becorruptedby
noise.Somebagsmight bemistakenly labeled.Strict intersectionof positive bagsmight generate
theemptyset. DiverseDensityimplementssoft versionsof the intersection,union,anddifference
operationsby thinking of the instancesandbagsasgeneratedby someprobabilitydistribution. It
is a functionde�ned over the instancefeaturespace.TheDD valueat a point in the featurespace
is indicative of theprobabilitythatthepoint agreeswith theunderlyingdistribution of positive and
negativebags.

Next, weintroduceonede�nition of DD from MaronandLozano-Ṕerez(1998).Interestedread-
ersarereferredto MaronandLozano-Ṕerez(1998)for detailedderivationsbasedonaprobabilistic
framework. Givena labeleddatasetD, theDD functionis de�ned as

DDD(x;w) =
l

Õ
i= 1

"
1+ yi

2
� yi

Ni

Õ
j= 1

�
1� e�k xi j � xk2

w

�
#

: (3)

Here,x is a point in the instancefeaturespace;w is a weight vectorde�ning which featuresare
consideredimportantandwhich areconsideredunimportant;Ni is the numberof instancesin the
i-th bag;andk � kw denotesaweightednormde�ned by

kxkw =
�
xTDiag(w)2x

� 1
2 (4)
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whereDiag(w) is adiagonalmatrixwhose(i; i)-th entryis thei-th componentof w.
It is notdif�cult to observe thatvaluesof DD arealwaysbetween0 and1. For �x edweightsw,

if apoint x is closeto aninstancefrom apositivebagBi , then

1+ yi

2
� yi

Ni

Õ
j= 1

�
1� e�k xi j � xk2

w

�
(5)

will becloseto 1; if x is closeto aninstancefrom anegativebagBi , then(5) will becloseto 0. The
above de�nition indicatesthatDD(x;w) will becloseto 1 if x is closeto instancesfrom different
positive bagsand,at thesametime, far away from instancesin all negative bags.Thusit measures
aco-occurrenceof instancesfrom different(diverse)positivebags.

3.2.2 LEARNING INSTANCE PROTOTYPES

TheDD functionde�ned in (3) is a continuousandhighly nonlinearfunctionwith multiple peaks
andvalleys (or localmaximumsandminimums).A largervalueof DD atapoint indicatesahigher
probabilitythatthepoint �ts betterwith theinstancesfrom positive bagsthanwith thosefrom neg-
ative bags. This motivatesus to chooselocal maximizersof DD asinstanceprototypes.Loosely
speaking,aninstanceprototyperepresentsa classof instancesthatis morelikely to appearin posi-
tivebagsthanin negativebags.Notethat,theMIL formulationin MaronandLozano-Ṕerez(1998)
computestheglobalmaximizerof DD, whichcorrespondsto oneinstanceprototypein ournotation.

Learninginstanceprototypesthenbecomesanoptimizationproblem:�nding local maximizers
of theDD functionin ahigh-dimensionalspace.For ourapplicationthedimensionof theoptimiza-
tion problemis 18becausethedimensionof theregionfeaturesis 9 andthedimensionof weightsis
also9. SincetheDD functionsaresmooth,weapplygradientbasedmethodsto �nd localmaximiz-
ers.Now thequestionis: how do we �nd all thelocal maximizers?In general,we do not know the
numberof localmaximizersaDD functionhas.However, accordingto thede�nition of DD, a local
maximizeris closeto instancesfrom positive bags(Maron andLozano-Ṕerez,1998). Thusstart-
ing a gradientbasedoptimizationfrom oneof thoseinstanceswill likely leadto a local maximum.
Therefore,asimpleheuristicis appliedto searchfor multiplemaximizers:westartanoptimization
at every instancein every positive bagwith uniform weights,andrecordall the resultingdistinct
maximizers(featurevectorandcorrespondingweights).

Instanceprototypesare selectedfrom thosemaximizerswith two additionalconstraints:(a)
they needto be distinct from eachother; and (b) they needto have large DD values. The �rst
constraintaddressesthe precisionissueof numericaloptimization. Due to numericalprecision,
differentstartingpointsmay leadto differentversionsof the samemaximizer. Hencewe needto
removesomeof themaximizersthatareessentiallyrepetitionsof eachother. Thesecondconstraint
limits instanceprototypesto thosethataremostinformative in termsof co-occurrencein different
positivebags.In ouralgorithm,this is achievedby pickingmaximizerswith DD valuesgreaterthan
certainthreshold.

Following the above descriptions,onecan�nd instanceprototypesrepresentingclassesof in-
stancesthataremorelikely to appearin positive bagsthanin negative bags.Onecouldarguethat
instanceprototypeswith theexactly reversedproperty(morelikely to appearin negative bagsthan
in positivebags)maybeof equalimportance.Suchinstanceprototypescanbecomputedin exactly
thesamefashionafternegatingthelabelsof positiveandnegativebags.Ourempiricalstudyshows
that includingsuchinstanceprototypes(for negative bags)improvesclassi�cationaccuracy by an
averageamountof 2:2%for the10-classimagecategorizationexperimentdescribedin Section4.2.
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3.2.3 AN ALGORITHMIC V IEW

Next, we summarizethe above discussionin pseudocode. The input is a setof labeledbagsD.
Thefollowing pseudocodelearnsa collectionof instanceprototypeseachof which is represented
asa pair of vectors(x�

i ;w�
i ). Theoptimizationprobleminvolvedis solvedby Quasi-Newtonsearch

dfpmin in Pressetal. (1992).

Algorithm 3.1 Learning InstancePrototypes

MainLear nIPs(D)
1 I p = LearnIPs( D) [LearnInstancePrototypesfor positivebags]
2 negate labels of all bags in D
3 In = LearnIPs( D) [LearnInstancePrototypesfor negativebags]
4 OUTPUT(the set union of I p and In)

LearnIPs(D)
1 set P be the set of instances from all positive bags in D
2 initialize M to be the empty set
3 FOR (every instance in P as starting point for x)
4 set the starting point for w to be all 1's
5 find a maximizer (p;q) of the log(DD) function by quasi-Newton search
6 add (p;q) to M
7 END

8 set i = 1; T =
max(p;q)2M log(DDD (p;q))+ min(p;q)2M log(DDD (p;q))

2
9 REPEAT

10 set (x�
i ;w�

i ) = argmax(p;q)2M log(DDD(p;q))
11 remove from M all elements (p;q) satisfying

kp 
 abs(q) � x�
i 
 abs(w�

i )k < bkx�
i 
 abs(w�

i )k OR log(DDD(p;q)) < T
12 set i = i + 1
13 WHILE ( M is not empty)
14 OUTPUT( f (x�

1;w�
1); � � � ; (x�

i� 1;w�
i� 1)g)

In theabove pseudocodefor LearnIPs, lines1–7�nd a collectionof local maximizersfor the
DD functionby startingoptimizationat every instancein every positive bagwith uniform weights.
For betternumericalstability, theoptimizationis performedonthelog(DD) function,insteadof the
DD function itself. In line 5, we implementthe EM-DD algorithm(ZhangandGoldman,2002),
which scalesup well to largebagsizesin runningtime. Lines8–13describeaniterative processto
pick acollectionof “distinct” localmaximizersasinstanceprototypes.In eachiteration,anelement
of M, which is a localmaximizer, with themaximallog(DD) value(or, equivalently, theDD value)
is selectedasan instanceprototype(line 10). Thenelementsof M that arecloseto the selected
instanceprototypeor thathave DD valueslower thana thresholdareremovedfrom M (line 11). A
new iterationstartsif M is not empty. The abs(w) in line 11 computescomponent-wiseabsolute
valuesof w. This is becausethesignsin w have no effect on thede�nition (4) of weightednorm.
The
 in line 11denotescomponent-wiseproduct.

Thenumberof instanceprototypesselectedfrom M is determinedby two parametersb andT.
In ourimplementation,b is setto be0:05,andT is theaverageof themaximalandminimallog(DD)
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valuesfor all local maximizersfound(line 8). Thesetwo parametersmayneedto beadjustedfor
otherapplications. However, empiricalstudyshows that the performanceof the classi�er is not
sensitive to b andT. Experimentalanalysisof theconditionsunderwhich thealgorithmwill �nd
goodinstanceprototypesis givenin Section4.5.

3.2.4 COMPUTING BAG FEATURES

Let f (x�
k;w�

k) : k = 1; � � � ;ng be the collectionof instanceprototypesgiven by Algorithm 3.1. We
de�ne bagfeatures,f (Bi), for abagBi = f xi j : j = 1; � � � ;Nig, as

f (Bi) =

2

6
6
6
4

min j= 1;���;Ni kxi j � x�
1kw�

1

min j= 1;���;Ni kxi j � x�
2kw�

2
...

min j= 1;���;Ni kxi j � x�
nkw�

n

3

7
7
7
5

: (6)

In thede�nition (6),eachbagfeatureis de�nedby oneinstanceprototypeandoneinstancefrom
thebag,i.e., theinstancethatis “closest”to theinstanceprototype.A bagfeaturegivesthesmallest
distance(or highestsimilarity score)betweenany instancein thebagandthecorrespondinginstance
prototype.Hence,it canalsobeviewedasameasureof thedegreethataninstanceprototypeshows
up in thebag.

3.3 Comparing DD-SVM with MI-SVM

Thefollowing pseudocodesummarizesthelearningprocessof DD-SVM. Theinput is D, acollec-
tion of bagswith binarylabels.Theoutputis anSVM classi�er de�ned by (2).

Algorithm 3.2 Learning DD-SVM

DD-SVM(D)
1 let S be the empty set
2 I P = MainLearnIPs( D)
3 FOR (every bag B in D)
4 define bag features f (B) according to (6)
5 add (f (B);y) to S where y is the label of B
6 END
7 train a standard SVM using S
8 OUTPUT(the SVM)

MI-SVM, proposedby Andrewsetal. (2003),is alsoanSVM-basedMIL method.In Section4,
weexperimentallycompareDD-SVM againstMI-SVM. An algorithmicdescriptionof MI-SVM is
givenbelow. Theinput is acollectionof labeledbagsD. Theoutputis aclassi�er of theform

label(Bi) = sign(maxj= 1;���;Ni f (xi j )) (7)

wherexi j , j = 1; � � � ;Ni , areinstancesof Bi , f is a functiongivenby SVM learning.
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Algorithm 3.3 Learning MI-SVM

MI-SVM (D)
1 let P be the empty set
2 FOR (every positive bag B in D)
3 set x� be the average of instances in B
4 add (x� ;1) to P
5 END
6 let N be the empty set
7 FOR (every negative bag B in D)
8 FOR (every instance x in B)
9 add (x; � 1) to N

10 END
11 END
12 REPEAT
13 set P0= P
14 set S= P0[ N
15 train a standard SVM, label(x) = sign( f (x)) , using S
16 let P be the empty set
17 FOR (every positive bag B in D)
18 set x� = argmaxx2B f (x)
19 add (x� ;1) to P
20 END
21 WHILE ( P 6= P0)
22 OUTPUT(the classifier defined by (7))

In theabovepseudocodefor MI-SVM, thekey stepsaretheloopgivenby lines12–21.During
eachiteration,a standardSVM classi�er, label(x) = sign( f (x)) , is trainedin the instancespace.
The training set is the union of negative instancesandpositive instances.Negative instancesare
thosefrom every negative bag. Eachpositive instancerepresentsa positive bag. It is chosento be
the instance,in a positive bag,with themaximum f valuefrom theprevious iteration. In the �rst
iteration,eachpositive instanceis initialized to betheaverageof thefeaturevectorsin thebag.The
loop terminatesif thesetof positive instancesselectedfor thenext iterationis identicalto thatof
thecurrentiteration.

ThecrucialdifferencebetweenDD-SVM andMI-SVM lies in theunderlyingassumption.MI-
SVM method,aswell asotherstandardMIL methods(suchastheDD approachproposedby Maron
andLozano-Ṕerez,1998),assumesthat if a bagis labelednegative thenall instancesin thatbagis
negative, andif a bagis labeledpositive, thenasleastoneof the instancesin thatbagis a positive
instance. In MI-SVM, one instanceis selectedto representthe whole positive bag. An SVM is
trainedin theinstancefeaturespaceusingall negative instancesandtheselectedpositive instances.
OurDD-SVM methodassumesthatapositivebagmustcontainsomenumberof instancessatisfying
variousproperties,whicharecapturedby bagfeatures.Eachbagfeatureis de�nedby aninstancein
thebagandaninstanceprototypederivedfrom theDD function.Hence,thebagfeaturessummarize
thebagalongseveraldimensions.An SVM is thentrainedin thebagfeaturespace.
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4. Experiments

We presentsystematicevaluationsof DD-SVM basedon a collectionof imagesfrom theCOREL
andtheMUSK datasets.Thedatasetsandthesourcecodeof DD-SVM canbedownloadedat
http://www.cs.uno.edu/ � yixin/ddsvm.html . Section4.1 describesthe experimentalsetup
for imagecategorization,includingtheimagedataset,theimplementationdetails,andtheselection
of parameters.Section4.2 comparesDD-SVM with MI-SVM and color histogram-basedSVM
using COREL data. The effect of inaccurateimagesegmentationon classi�cation accuraciesis
demonstratedin Section4.3. Section4.4 illustratestheperformancevariationswhenthenumberof
imagecategoriesincreases.Analysisof theeffectsof trainingsamplesizeanddiversityof images
is givenin Section4.5.Resultson theMUSK datasetsarepresentedin Section4.6.Computational
issuesarediscussedin Section4.7.

4.1 Experimental Setupfor ImageCategorization

The imagedatasetemployed in our empiricalstudyconsistsof 2;000 imagestaken from 20 CD-
ROMs publishedby CORELCorporation.EachCORELCD-ROM of 100 imagesrepresentsone
distincttopic of interest.Therefore,thedatasethas20 thematicallydiverseimagecategories,each
containing100 images.All the imagesarein JPEGformatwith size384� 256or 256� 384. We
assigneda keyword (or keywords)to describeeachimagecategory. Thecategory namesandsome
randomlyselectedsampleimagesfrom eachcategoryareshown in Figure3.

Imageswithin eachcategoryarerandomlydividedinto a trainingsetanda testseteachwith 50
images.We repeateachexperimentfor 5 randomsplits,andreportthe averageof the resultsob-
tainedover5 differenttestsetstogetherwith the95%con�denceinterval. TheSVMLight (Joachims,
1999)softwareis usedto train theSVMs. Theclassi�cationproblemhereis clearlya multi-class
problem. We usethe one-against-the-restapproach:(a) for eachcategory, an SVM is trainedto
separatethatcategory from all theothercategories;(b) the�nal predictedclasslabel is decidedby
thewinnerof all SVMs, i.e.,onewith themaximumvalueinsidethesign(�) functionin (2).

Two otherimageclassi�cationmethodsareimplementedfor comparison.Oneis a histogram-
basedSVM classi�cationapproachproposedby Chapelleetal. (1999).Wedenoteit by Hist-SVM.
Eachimageis representedby a color histogramin the LUV color space.The dimensionof each
histogramis 125. The other is MI-SVM (Andrews et al., 2003). MI-SVM usesthe samesetof
region featuresasour approach(it is implementedaccordingto thepseudocodein Algorithm 3.3).
The learningproblemsin Hist-SVM andMI-SVM aresolvedby SVMLight . TheGaussiankernel,
K(x;z) = e� skx� zk2

, is usedin all threemethods.
Severalparametersneedto bespeci�ed for SVMLight .3 Themostsigni�cant onesares andC

(the constantin (1) controlling the trade-off betweentrainingerrorandregularization).We apply
the following strategy to selectthesetwo parameters:We allow eachoneof the two parameters
be respectively chosenfrom two setseachcontaining10 predeterminednumbers.For every pair
of valuesof the two parameters(thereare100 pairs in total), a twofold cross-validationerror on
the training set is recorded. The pair that gives the minimum twofold cross-validation error is
selectedto bethe“optimal” parameters.Notethattheaboveprocedureis appliedonly oncefor each
method.Oncetheparametersaredetermined,they areusedin all subsequentimagecategorization
experiments.

3. SVMLight softwareanddetaileddescriptionsof all its parametersareavailableathttp://svmlight.joachims.org .
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Category0: African peopleandvillages Category1: Beach

Category2: Historicalbuildings Category3: Buses

Category4: Dinosaurs Category5: Elephants

Category6: Flowers Category7: Horses

Category8: Mountainsandglaciers Category9: Food

Category10: Dogs Category11: Lizards

Category12: Fashion Category13: Sunsets

Category14: Cars Category15: Waterfalls

Category16: Antiques Category17: Battleships

Category18: Skiing Category19: Desserts

Figure3: Sampleimagestakenfrom 20 imagecategories.

4.2 CategorizationResults

The classi�cation resultsprovided in Table1 arebasedon imagesin Category 0 to Category 9,
i.e., 1;000images.Resultsfor thewholedatasetwill begivenin Section4.4. DD-SVM performs
muchbetterthanHist-SVM with a 14:8% differencein averageclassi�cationaccuracy. Compared
with MI-SVM, the averageaccuracy of DD-SVM is 6:8% higher. As we will seein Section4.4,
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AverageAccuracy :
[95%con�denceinterval]

DD-SVM 81:5%: [78:5%;84:5%]
Hist-SVM 66:7%: [64:5%;68:9%]
MI-SVM 74:7%: [74:1%;75:3%]

Table1: Imagecategorizationperformanceof DD-SVM, Hist-SVM, andMI-SVM. The numbers
listedaretheaverageclassi�cationaccuraciesover5 randomtestsetsandthecorrespond-
ing 95%con�denceintervals. The imagesbelongto Category 0 to Category 9. Training
andtestsetsareof equalsize.

Cat.0 Cat.1 Cat.2 Cat.3 Cat.4 Cat.5 Cat.6 Cat.7 Cat.8 Cat.9

Cat.0 67:7% 3:7% 5:7% 0:0% 0:3% 8:7% 5:0% 1:3% 0:3% 7:3%
Cat.1 1:0% 68:4% 4:3% 4:3% 0:0% 3:0% 1:3% 1:0% 15:0% 1:7%
Cat.2 5:7% 5:0% 74:3% 2:0% 0:0% 3:3% 0:7% 0:0% 6:7% 2:3%
Cat.3 0:3% 3:7% 1:7% 90:3% 0:0% 0:0% 0:0% 0:0% 1:3% 2:7%
Cat.4 0:0% 0:0% 0:0% 0:0% 99:7% 0:0% 0:0% 0:0% 0:0% 0:3%
Cat.5 5:7% 3:3% 6:3% 0:3% 0:0% 76:0% 0:7% 4:7% 2:3% 0:7%
Cat.6 3:3% 0:0% 0:0% 0:0% 0:0% 1:7% 88:3% 2:3% 0:7% 3:7%
Cat.7 2:3% 0:3% 0:0% 0:0% 0:0% 2:0% 1:0% 93:4% 0:7% 0:3%
Cat.8 0:3% 15:7% 5:0% 1:0% 0:0% 4:3% 1:0% 0:7% 70:3% 1:7%
Cat.9 3:3% 1:0% 0:0% 3:0% 0:7% 1:3% 1:0% 2:7% 0:0% 87:0%

Table2: The confusionmatrix of imagecategorizationexperiments(over 5 randomlygenerated
testsets).Eachrow lists theaveragepercentageof images(testimages)in onecategory
classi�ed to eachof the 10 categoriesby DD-SVM. Numberson the diagonalshow the
classi�cationaccuracy for eachcategory.

thedifferencebecomesevengreaterasthenumberof categoriesincreases.This suggeststhat the
proposedmethodis moreeffective thanMI-SVM in learningconceptsof imagecategoriesunder
thesameimagerepresentation.TheMIL formulationof ourmethodmaybebettersuitedfor region-
basedimageclassi�cationthanthatof MI-SVM.

Next, wemakeacloseranalysisof theperformanceby lookingatclassi�cationresultsonevery
category in termsof the confusionmatrix. The resultsare listed in Table2. Eachrow lists the
averagepercentageof imagesin onecategory classi�ed to eachof the10 categoriesby DD-SVM.
Thenumberson thediagonalshow theclassi�cationaccuracy for eachcategory, andoff-diagonal
entriesindicateclassi�cationerrors. Ideally, onewould expectthe diagonaltermsbe all 1's, and
theoff-diagonaltermsbeall 0's. A detailedexaminationof theconfusionmatrix shows thattwo of
the largesterrors(the underlinednumbersin Table2) areerrorsbetweenCategory 1 (Beach)and
Category8 (Mountainsandglaciers):15:0%of “Beach”imagesaremisclassi�edas“Mountainsand
glaciers;”15:7%of “Mountainsandglaciers”imagesaremisclassi�edas“Beach.” Figure4presents
12 misclassi�edimages(in at leastoneexperiment)from bothcategories. All “Beach” imagesin
Figure4 containmountainsor mountain-likeregions,while all the“Mountainsandglaciers”images
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Beach1 Beach2 Beach3 Beach4 Beach5 Beach6

Mountains1 Mountains2 Mountains3 Mountains4 Mountains5 Mountains6

Figure4: Somesampleimagestakenfrom two categories:“Beach”and“Mountainsandglaciers.”
All the listed “Beach” imagesaremisclassi�edas“Mountainsandglaciers,” while the
listed“Mountainsandglaciers”imagesaremisclassi�edas“Beach.”

have regionscorrespondingto river, lake,or evenocean.In otherwords,althoughthesetwo image
categoriesdo not shareannotationwords,they aresemanticallyrelatedandvisually similar. This
maybethereasonfor theclassi�cationerrors.

4.3 Sensitivity to ImageSegmentation

Becauseimagesegmentationcannotbe perfect,being robust to segmentation-relateduncertain-
tiesbecomesa critical performanceindex for a region-basedimageclassi�cationmethod.Figure5
showstwo images,“African people”and“Horses,” andthesegmentationresultswith differentnum-
bersof regions(theresultsareobtainedby varyingthestoppingcriteriaof thek-meansegmentation
algorithmpresentedin Section2). Regionsareshown in their representative colors. We cansee
from Figure5 that,undersomestoppingcriteria,objectstotally differentin semanticsmaybeclus-
teredinto thesameregion(under-segmented).While undersomeotherstoppingcriteria,oneobject
maybedividedinto severalregions(over-segmented).

In this section,we comparetheperformanceof DD-SVM with MI-SVM whenthecoarseness
of imagesegmentationvaries.To give a fair comparison,we control thecoarsenessof imageseg-
mentationby adjustingthe stoppingcriteria of the k-meanssegmentationalgorithm. We pick 5
differentstoppingcriteria. The correspondingaveragenumbersof regionsper image(computed
over 1;000 imagesfrom Category 0 to Category 9) are4:31, 6:32, 8:64, 11:62, and12:25. The
averageclassi�cationaccuracies(over 5 randomlygeneratedtestsets)undereachcoarsenesslevel
andthecorresponding95%con�denceintervalsarepresentedin Figure6.

Theresultsin Figure6 indicatethatDD-SVM outperformsMI-SVM onall 5 coarsenesslevels.
In addition, for DD-SVM, thereareno signi�cant changesin the averageclassi�cationaccuracy
for differentcoarsenesslevels.While theperformanceof MI-SVM degradesastheaveragenumber
of regions per imageincreases.The differencein averageclassi�cation accuraciesbetweenthe
two methodsare 6:8%, 9:5%, 11:7%, 13:8%, and 27:4% as the averagenumberof regions per
imageincreases.This appearsto supportthe claim that DD-SVM haslow sensitivity to image
segmentation.
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Original Image 3 regions 5 regions 7 regions 9 regions 11 regions

Original Image 3 regions 5 regions 7 regions 9 regions 11 regions

Figure5: Segmentationresultsgivenby thek-meansclusteringalgorithmwith 5 differentstopping
criteria.Originalimages,whicharetakenfrom“Africanpeople”and“Horses”categories,
arein the�rst column.Segmentedregionsareshown in their representativecolors.
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Figure6: ComparingDD-SVM with MI-SVM on the robustnessto imagesegmentation.Theex-
perimentis performedon1;000imagesin Category0 to Category9 (trainingandtestsets
areof equalsize).Theaverageclassi�cationaccuraciesandthecorresponding95%con-
�dence intervalsarecomputedover5 randomlygeneratedtestsets.Theaveragenumbers
of regionsperimageare4:31,6:32,8:64,11:62,and12:25.

4.4 Sensitivity to the Number of Categoriesin a Data Set

Althoughtheexperimentalresultsin Section4.2and4.3demonstratethegoodperformanceof DD-
SVM using 1;000 imagesin Category 0 to Category 9, the scalability of the methodremainsa
question:how doestheperformancescaleasthenumberof categoriesin a datasetincreases?We
attemptto empiricallyanswerthis questionby performingimagecategorizationexperimentsover
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Figure7: ComparingDD-SVM with MI-SVM on the robustnessto thenumberof categoriesin a
dataset.Theexperimentis performedon11differentdatasets.Thenumberof categories
in a datasetvariesfrom 10 to 20. A datasetwith i categoriescontains100� i images
from Category 0 to Category i � 1 (trainingandtestsetsareof equalsize). Theaverage
classi�cationaccuraciesandthe corresponding95% con�denceintervals arecomputed
over5 randomlygeneratedtestsets.

datasetswith differentnumbersof categories.A total of 11 datasetsareusedin theexperiments.
Thenumberof categoriesin a datasetvariesfrom 10 to 20. A datasetwith i categoriescontains
100� i imagesfrom Category0 to Category i � 1. Theaverageclassi�cationaccuraciesover5 ran-
domlygeneratedtestsetsandthecorresponding95%con�denceintervalsarepresentedin Figure7.
Wealsoincludetheresultsof MI-SVM for comparison.

Weobserveadecreasein averageclassi�cationaccuracy asthenumberof categoriesincreases.
Whenthenumberof categoriesbecomesdoubled(increasingfrom 10to 20categories),theaverage
classi�cationaccuracy of DD-SVM dropsfrom 81:5% to 67:5%. However, DD-SVM seemsto be
lesssensitive to thenumberof categoriesin adatasetthanMI-SVM. This is indicated,in Figure8,
by thedifferencein averageclassi�cationaccuraciesbetweenthetwo methodsasthenumberof cat-
egoriesin adatasetincreases.It shouldbeclearthatourmethodoutperformsMI-SVM consistently.
And theperformancediscrepancy increaseswith thenumberof categories.For the1000-imagedata
setwith 10 categories,the differenceis 6:8%. This numberis nearlydoubled(12:9%) whenthe
numberof categoriesbecomes20. In otherwords, the performancedegradationof DD-SVM is
slower thanthatof MI-SVM asthenumberof categoriesincreases.

4.5 Sensitivity to the Sizeand Diversity of Training Images

We testthesensitivity of DD-SVM to thesizeof trainingsetusing1;000imagesfrom Category 0
to Category 9 with thesizeof the trainingsetsbeing100,200,300,400,and500 (thenumberof
imagesfromeachcategoryis sizeof thetrainingset

10 ). Thecorrespondingnumbersof testimagesare900,
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Figure8: Differencein averageclassi�cation accuraciesbetweenDD-SVM andMI-SVM asthe
numberof categoriesvaries.A positive numberindicatesthatDD-SVM hashigheraver-
ageclassi�cationaccuracy.
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Figure9: ComparingDD-SVM with MI-SVM asthe numberof training imagesvariesfrom 100
to 500. The experimentis performedon 1;000 imagesin Category 0 to Category 9.
Theaverageclassi�cationaccuraciesandthecorresponding95%con�denceintervalsare
computedover5 randomlygeneratedtestsets.

800,700,600,and500. As indicatedin Figure9, whenthenumberof training imagesdecreases,
theaverageclassi�cationaccuracy of DD-SVM degradesasexpected.Figure9 alsoshows thatthe
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Figure10: ComparingDD-SVM with MI-SVM asthediversityof trainingimagesvaries.Theex-
perimentis performedon200imagesin Category2 (Historicalbuildings)andCategory
7 (Horses).Theaverageclassi�cationaccuraciesandthecorresponding95%con�dence
intervalsarecomputedover 5 randomlygeneratedtestsets.Trainingandtestsetshave
equalsize.

performanceof DD-SVM degradesin roughly thesamespeedasthatof MI-SVM: thedifferences
in averageclassi�cationaccuraciesbetweenDD-SVM andMI-SVM are8:7%,7:9%,8:0%,7:1%,
and6:8%whenthetrainingsamplesizevariesfrom 100to 500.

To testtheperformanceof DD-SVM asthediversityof trainingimagesvaries,weneedto de�ne
a measureof thediversity. In termsof binaryclassi�cation,we de�ne thediversityof imagesasa
measureof thenumberof positive imagesthatare“similar” to negative imagesandthenumberof
negative imagesthatare“similar” to positive images.In thisexperiment,trainingsetswith different
diversitiesare generatedas follows. We �rst randomlypick d% of positive imagesand d% of
negative imagesfrom a trainingset.Then,we modify thelabelsof theselectedimagesby negating
their labels,i.e.,positive(negative) imagesbecomenegative(positive) images.Finally, weputthese
imageswith new labelsbackto thetrainingset.Thenew trainingsethasd% of imageswith negated
labels. It shouldbe clearthat d = 0 andd = 50 correspondto the lowestandhighestdiversities,
respectively.

We compareDD-SVM with MI-SVM for d = 0, 2, 4, 6, 8, and10 basedon 200 imagesfrom
Category2 (Historicalbuildings)andCategory7 (Horses).Thetrainingandtestsetshaveequalsize.
Theaverageclassi�cationaccuracies(over 5 randomlygeneratedtestsets)andthecorresponding
95% con�denceintervals arepresentedin Figure10. We observe that the averageclassi�cation
accuracy of DD-SVM is about4% higherthanthatof MI-SVM whend = 0. And this difference
is statisticallysigni�cant. However, if we randomlynegate the labelsof onepositive imageand
onenegative imagein the training set(i.e., d = 2 in this experimentalsetup),the performanceof
DD-SVM is roughlythesameasthatof MI-SVM: althoughDD-SVM still leadsMI-SVM by 2%of
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Figure11: Averageaccuracy of 10-fold cross-validationon MUSK datasetsusingDD-SVM. The
parametersareC = 1;000ands taking19valuesevenlydistributedin [0:001;0:01].

averageclassi�cationaccuracy, thedifferenceis statistically-indistinguishable.As d increases,DD-
SVM andMI-SVM generateroughly thesameperformance.This suggeststhatDD-SVM is more
sensitiveto thediversityof trainingimagesthanMI-SVM. Weattemptto explainthisobservationas
follows. TheDD function(3) usedin Algorithm 3.1 is very sensitive to instancesin negative bags.
It is not dif�cult to derive from (3) that theDD valueat a point is substantiallyreducedis thereis
a singleinstancefrom negative bagscloseto thepoint. Therefore,negating labelsof onepositive
andonenegative imagecouldsigni�cantly modify theDD function,andconsequently, theinstance
prototypeslearnedby Algorithm 3.1.

4.6 MUSK Data Sets

TheMUSK datasets,MUSK1 andMUSK2 (Blake andMerz, 1998),arebenchmarkdatasetsfor
MIL. Both datasetsconsistof descriptionsof molecules.Speci�cally, a bagrepresentsa molecule.
Instancesin a bag representlow-energy conformationsof the molecule. Eachinstance(or con-
formation) is de�ned by a 166-dimensionalfeaturevectordescribingthe surfaceof a low-energy
conformation.Thedatawerepreprocessedby dividing eachfeaturevalueby 100. This wasdone
sothatlearningof instanceprototypeswouldnotbegin ata �at areaof theinstancespace.MUSK1
has92 molecules(bags),of which 47 arelabeledpositive, with anaverageof 5:17 conformations
(instances)permolecule.MUSK2 has102molecules,of which 39 arepositive,with anaverageof
64:69conformationspermolecule.

Figure 11 shows the averageaccuracy of 10-fold cross-validationusing DD-SVM with C =
1;000andthesparameterof theGaussiankerneltakingthefollowing values:0:001,0:0015,0:002,
0:0025,0:003,0:0035,0:004,0:0045,0:0050:0055,0:006,0:0065,0:007,0:0075,0:008,0:0085,
0:009,0:0095,0:01. As a functionof s, theaverage10-fold cross-validationaccuracy of DD-SVM
varieswithin [84:9%;86:9%] (MUSK1) or [90:2%;92:2%] (MUSK2). For bothdatasets,theme-
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AverageAccuracy
MUSK1 MUSK2

DD-SVM 85:8% 91:3%
IAPR 92:4% 89:2%
DD 88:9% 82:5%
EM-DD 84:8% 84:9%
MI-SVM 77:9% 84:3%
mi-SVM 87:4% 83:6%
MI-NN 88:0% 82:0%
Multinst 76:7% 84:0%

Table3: Comparisonof averaged10-foldcross-validationaccuraciesonMUSK datasets.

dianof theaverageaccuracy, whichis robustoverarangeof parametervalues,is reportedin Table3.
Table3 alsosummarizesthe performanceof seven MIL algorithmsin the literature: IAPR (Diet-
terichet al., 1997),DD (MaronandLozano-Ṕerez,1998),EM-DD (ZhangandGoldman,2002),4

MI-SVM andmi-SVM (Andrews et al., 2003),MI-NN (RamonandDe Raedt,2000),andMulti-
nst (Auer, 1997). Although DD-SVM is outperformedby IAPR, DD, MI-NN, andmi-SVM on
MUSK1, it generatesthebestperformanceon MUSK2. Overall,DD-SVM achievesvery competi-
tiveaccuracy values.

4.7 Speed

On average,the learningof eachbinaryclassi�er usinga trainingsetof 500 images(4:31 regions
per image)takesaround40 minutesof CPUtime on a PentiumIII 700MHzPCrunningtheLinux
operatingsystem.Algorithm 3.1is implementedin Matlabwith thequasi-Newtonsearchprocedure
written in the C programminglanguage. Among this amountof time, the majority is spenton
learninginstanceprototypes,in particular, theFORloop of LearnIPs(D) in Algorithm 3.1. This is
becausethequasi-Newton searchneedsto beappliedwith every instancein every positive bagas
startingpoints(eachoptimizationonly takesa few seconds).However, sincetheseoptimizations
areindependentof eachother, they canbefully parallelized.Thusthetrainingtimemaybereduced
signi�cantly.

5. Conclusionsand Futur eWork

In this paper, we proposeda region-basedimage categorization methodusing an extensionof
Multiple-InstanceLearning,DD-SVM. Eachimageis representedas a collectionof regionsob-
tainedfrom imagesegmentationusingthek-meansalgorithm.In DD-SVM, eachimageis mapped
to a point in a bagfeaturespace,which is de�ned by a setof instanceprototypeslearnedwith the
DiverseDensityfunction. SVM-basedimageclassi�ersarethentrainedin the bagfeaturespace.
We demonstratethatDD-SVM outperformstwo othermethodsin classifyingimagesfrom 20 dis-
tinct semanticclasses.In addition,DD-SVM generateshighly competitive resultson the MUSK
datasets,whicharebenchmarkdatasetsfor MIL.

4. The EM-DD resultsreportedin ZhangandGoldman(2002)wereobtainedby selectingthe optimal solutionusing
thetestdata.TheEM-DD resultcitedin thispaperis provideby Andrewsetal. (2003)usingthecorrectalgorithm.
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Theproposedimagecategorizationmethodhasseverallimitations:

� The semanticmeaningof an instanceprototypeis usually unknown becausethe learning
algorithmin Section3 doesnot associatea linguistic labelwith eachinstanceprototype.As
a result,“regionnaming”(Barnardetal., 2003)is not supportedby DD-SVM.

� It may not be possibleto learncertainconceptsthroughthe method. For example,texture
imagescanbe designedusinga simpleobject (or region), suchasa T-shapedobject. By
varyingorientation,frequency of appearance,andalignmentof theobject,onecangettexture
imagesthat are visually different. In other words, the conceptof texture dependson not
only the individual objectbut alsothespatialrelationshipof objects(or instances).But this
spatialinformationis not exploitedby thecurrentwork. As pointedout by onereviewer of
the initial draft, a possibleway to tacklethis problemis to useMarkov random�eld typeof
models(ModestinoandZhang,1992).

Theperformanceof imagecategorizationmaybeimprovedin thefollowing ways:

� Theimagesegmentationalgorithmmaybeimproved. Thecurrentk-meansalgorithmis rel-
atively simpleandef�cient. But over-segmentationandunder-segmentationmayhappenfre-
quentlyfor a �x edstoppingcriterion.Althoughtheempiricalresultsin Section4.3show that
theproposedmethodhaslow sensitivity to imagesegmentation,asemanticallymoreaccurate
segmentationalgorithmmayimprove theoverall classi�cationaccuracy.

� The de�nition of the DD function may be improved. The currentDD function, which is a
multiplicativemodel,is verysensitive to instancesin negativebags.It canbeeasilyobserved
from (3) thattheDD valueatapoint is signi�cantly reducedif thereis asingleinstancefrom
a negative bagcloseto thepoint. This propertymaybedesirablefor someapplications,such
asdrugdiscovery (MaronandLozano-Ṕerez,1998),wherethegoal is to learna singlepoint
in the instancefeaturespacewith themaximumDD valuefrom analmost“noise free” data
set.But this is notatypicalproblemsettingfor region-basedimagecategorizationwheredata
usuallycontainnoise.Thusa morerobustde�nition of DD, suchasanadditive model,may
enhancetheperformance.

As pointedout by a reviewer of theinitial draft,scenecategory canbea vector. For example,a
scenecanbef mountain, beachg in onedimension,but alsof winter, summerg in theotherdimen-
sion. Underthis scenario,our currentwork canbe appliedin two ways: (a) designa multi-class
classi�er for eachdimension,i.e.,mountain/beach classi�er for onedimensionandwinter/summer
classi�er for theotherdimension;or (b) designonemulti-classclassi�er takingall scenecategories
into consideration,i.e.,mountain-winter, mountain-summer, beach-winter, andbeach-summercat-
egories.

In our experimentalevaluations,imagesemanticcategoriesareassumedto bewell-de�ned. As
pointedout by oneof the reviewers, imagesemanticsis inherentlylinguistic, therefore,canonly
be de�ned loosely. Thus a methodologicallywell-de�ned evaluationtechniqueshouldtake into
accountscenarioswith differing amountsof knowledgeaboutthe imagesemantics.Unlessthis
issuecanbefully investigated,our imagecategorizationresultsshouldbeinterpretedcautiously.

As continuationsof this work, several directionsmay be pursued.The proposedmethodcan
potentiallybe appliedto automaticallyindex imagesusing linguistic descriptions.It canalsobe
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integratedto content-basedimageretrieval systemsto groupimagesinto semanticallymeaningful
categoriesso thatsemantically-adaptive searchingmethodsapplicableto eachcategory canbeap-
plied. The currentinstanceprototypelearningschememay be improved by boostingtechniques.
Art andbiomedicalimageswouldbeinterestingapplications.
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O.MaronandT. Lozano-Ṕerez.A framework for multiple-instancelearning.In Advancesin Neural
InformationProcessingSystems10, pages570–576.Cambridge,MA: MIT Press,1998.

O. MaronandA. L. Ratan.Multiple-instancelearningfor naturalsceneclassi�cation.In Proc.15th
Int'l Conf. onMachineLearning, pages341–349,1998.

D. Marr. Vision: A ComputationalInvestigationinto theHumanRepresentationandProcessingof
VisualInformation. W H Freeman& Co.,1983.

J.W. ModestinoandJ.Zhang.A Markov random�eld model-basedapproachto imageinterpreta-
tion. IEEETransactionsonPatternAnalysisandMachineIntelligence, 14(6):606–615,1992.

K. Murphy, A. Torralba,andW. Freeman. Using the forest to seethe trees: a graphicalmodel
relatingfeatures,objects,andscenes.In Advancesin Neural InformationProcessingSystems16.
Cambridge,MA:MIT Press,2004.

938



IMAGE CATEGORIZATION BY REGIONS

S.A. Press,S.A. Teukolsky, W. T. Vetterling,andB. P. Flannery. NumericalRecipesin C: Theart
of scienti�c computing. secondedition,CambridgeUniversityPress,New York, 1992.

J. RamonandL. De Raedt. Multi instanceneuralnetworks. In Proc. ICML-2000Workshopon
Attribute-ValueandRelationalLearning, 2000.

J. Shi and J. Malik. Normalizedcuts and imagesegmentation. IEEE Transactionson Pattern
AnalysisandMachineIntelligence, 22(8):888–905,2000.

J.R. SmithandC.-S.Li. Imageclassi�cationandqueryingusingcompositeregion templates.Int'l
J. ComputerVisionandImageUnderstanding, 75(1/2):165–174,1999.

T. M. Strat.Natural ObjectRecognition. Berlin: Springer-Verlag,1992.

M. SzummerandR. W. Picard.Indoor-outdoorimageclassi�cation. In Proc. IEEE Int'l Workshop
onContent-BasedAccessof ImageandVideoDatabases, pages42–51,1998.

M. Unser. Texture classi�cationandsegmentationusingwavelet frames. IEEE Transactionson
ImageProcessing, 4(11):1549–1560,1995.

A. Vailaya,M. A. T. Figueiredo,A. K. Jain,andH.-J.Zhang.Imageclassi�cationfor content-based
indexing. IEEETransactionson ImageProcessing, 10(1):117–130,2001.

N. VasconcelosandA. Lippman. A Bayesianframework for semanticcontentcharacterization.In
Proc. IEEEConf. onComputerVisionandPatternRecognition, pages566–571,1998.

J.Z. Wang,J.Li, R. M. Gray, andG. Wiederhold.Unsupervisedmultiresolutionsegmentationfor
imageswith low depthof �eld. IEEETransactionsonPatternAnalysisandMachineIntelligence,
23(1):85–91,2001a.

J. Z. Wang,J. Li, andG. Wiederhold. SIMPLIcity: Semantics-sensitive integratedmatchingfor
picturelibraries. IEEE Transactionson PatternAnalysisandMachine Intelligence, 23(9):947–
963,2001b.
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