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Abstract

Designingcomputeiprogramgo automaticallycateyorizeimagesusinglow-level featuress achal-
lengingresearclhiopicin computewision. In this paperwe presenanew learningtechniquewhich
extendsMultiple-Instance_earning(MIL), andits applicationto the problemof region-basedm-
age catgyorization. Imagesare viewed as bags,eachof which containsa numberof instances
correspondingdo regionsobtainedfrom imagesegmentation.The standardMIL problemassumes
thatabagis labeledpositive if atleastoneof its instancess positive; otherwisethebagis negative.
In theproposedMIL framework, DD-SVM, abaglabelis determinedy somenumberof instances
satisfyingvariousproperties.DD-SVM rst learnsa collectionof instanceprototypesaccording
to a DiverseDensity(DD) function. Eachinstanceprototyperepresentsa classof instanceghatis
morelikely to appeatin bagswith the speci c labelthanin the otherbags.A nonlinearmapping
is thende ned usingtheinstanceprototypesandmapsevery bagto a pointin anew featurespace,
namedthe bag feature space Finally, standardsupportvectormachinesaretrainedin the bagfea-
turespace We provide experimentafresultson animagecateyorizationproblemandadrugactivity
predictionproblem.

Keywords: image cateyorization, multiple-instancdearning, supportvector machines,mage
classi cation,imagesegmentation

1. Intr oduction

Thetermimagecateorizationrefersto the labelingof imagesinto oneof a numberof prede ned
cateyories. Although this is usually not a very dif cult taskfor humans,it hasprovedto be an
extremely dif cult problemfor machines(or computerprograms). Major sourcesof dif culties
include variable and sometimeauncontrolledimaging conditions,comple and hard-to-describe
objectsin animage,objectsoccludingotherobjects,andthe gap betweerarraysof numbersepre-
sentingphysicalimagesandconceptualnformationperceved by humans.In this paperanobject
in the physical world, which we live in, refersto anything that is visible or tangibleandis rel-
atively stablein form. An objectin animageis de ned asa region, not necessarilyconnected,
whichis a projectionof anobjectin the physicalworld. Designingautomatidmagecategorization
algorithmshasbeenanimportantresearcheld for decadesPotentialapplicationsancludedigital
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Figurel: Sampleimagesbelongingto oneof the cateyories: Mountainsandglaciers,Skiing, and
Beach.

libraries,SpacescienceWebsearchinggeographigénformationsystemsbiomedicine suneillance
andsensosystemscommerceandeducation.

1.1 Overview of Our Approach

Although color andtexture are fundamentabspectdor visual perception humandiscernmenbf
certainvisualcontentsouldbepotentiallyassociatedvith interestingclasse®f objectsor semantic
meaningof objectsin the image. For one example: if we are asked to decidewhich imagesin
Figurel areimagesaboutMountainsand glaciers, Skiing andBead, at a singleglance,we may
comeup with thefollowing answergogethemwith supportingarguments:

Images(a) and(b) areimagesaboutmountainsandglacierssincewe seemountainin them;

Images(c), (d) and(e) are skiing imagessincethereare snow people andperhapsa steep
slopeor mountainin them;

Imageg(f) and(g) arebeachimagessincewe seeeitherpeopleplayingin wateror peopleon
sand

This seemgo beeffortlessfor humansecauserior knowledgeof similarimagesandobjectsmay
provide powerful assistancéor usin recognition. Given a setof labeledimages,cana computer
programlearnsuchknowledgeor semanticconceptgrom implicit informationof objectscontained
in images?Thisis the questionwe attemptto addressn this work.

In termsof imagerepresentatiomqurapproachs aregion-baseanethod.Imagesaresggmented
into regions suchthat eachregion is roughly homogeneouf color andtexture. Eachregion is
characterizedby onefeaturevectordescribingcolor, texture, andshapeattributes. Consequently
animageis representedby a collection of featurevectors. If sggmentationis ideal, regionswill
correspondo objects. But, in general,semanticallyaccuratamagesegmentationby a computer
programis still an ambitiouslong-termgoal for computervision researchergseeShi and Malik,
2000;Wangetal., 2001a;Zhu andVYuille, 1996). Here,semanticallyaccuratdmagesegmentation
refersto building a one-to-onanappingbetweerregionsgeneratedy animageseymentational-
gorithm andobjectsin theimage. Neverthelesswe arguethatregion-basedmagerepresentation
canprovide someusefulinformationaboutobjectseven thoughsegmentatiormay not be perfect.
Moreover, empiricalresultsin Sectiond.3demonstratéhatthe proposednethodhaslow sensitvity
to inaccuratémagesegmentation.

From the perspectie of learning,our approachs a generalizatiorof supervisedearning,in
which labelsareassociateavith imagesnsteadof individual regions. Thisis in essencélenticalto
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theMultiple-Instancd_earning(MIL) setting(Dietterichetal.,1997;Blum andKalai, 1998;Maron
and Lozano-Rrez,1998; Zhangand Goldman,2002) whereimagesand regions are respectiely
calledbagsandinstances|In this papera“bag” refersto an“image”, andan“instance”refersto a
“region’ MIL assumeshateveryinstancepossesseanunknavn labelthatis indirectly accessible
throughlabelsattachedo bags.

1.2 RelatedWork in Multiple-Instance Learning

Severalresearcherbave appliedMIL for imageclassi cationandretrieval (Andrews et al., 2003;
Maron andRatan,1998; Zhanget al., 2002; Yangand Lozano-Ferez,2000). Key assumptionsf
their formulationof MIL arethatbagsandinstancesharethe samesetof labels(or cateyoriesor
classesor topics),and a bagrecevesa particularlabel if at leastone of the instancesn the bag
possessethe label. For binary classi cation, this impliesthata bagis “positive” if atleastoneof
its instancesds a positive example;otherwise thebagis “negative’ Therefore)earningfocuseson
nding “actual” positive instancesn positive bags.Theformulationsof MIL in imageclassi cation
andretrieval fall into two cateyories:the DiverseDensityapproact{MaronandRatan,1998;Zhang
etal., 2002)andthe SupportVectorMachine(SVM) approachAndrews etal., 2003).

In the DiverseDensityapproachanobjective function,calledthe DiverseDensity(DD) func-
tion (Maron and Lozano-Rrez,1998),is de ned over the instancefeaturespace,in which
instancescan be viewed as points. The DD function measures co-occurrencef similar
instancedrom differentbagswith the sameabel. A featurepointwith large DiverseDensity
indicatesthatit is closeto at leastoneinstancefrom every positive bagandfar awvay from
every negative instance The DD approactsearchetheinstancedeaturespacefor pointswith
high DiverseDensity Oncea point with the maximumDD is found, a new bagis classi ed
accordingto the distancedetweeninstancesn the bagandthe maximumDD point: if the
smallestdistances lessthancertain x edthresholdthe bagis classi ed aspositve; other
wise, the bagis classi ed asnegative. The major differencebetweenMaron’'s methodand
Zhangs methodliesin thewayto searcha maximumbDD point. Zhangs methodis relatively
insensitve to the dimensionof instancefeaturespaceandscalesup well to the averagebag
size,i.e., the averagenumberof instancesn a bag(Zhangand Goldman,2002). Empirical
studiesdemonstrat¢hat DD-basedMIL canlearncertainsimpleconceptf naturalscenes,
suchaswaterfall, sunsetsandmountainsusingfeaturesof subimagesr regions(Maronand
Ratan,1998;Zhangetal., 2002).

Andrewsetal. (2003)useSVMs (Burges,1998)to solvetheMIL problem.In particular MIL
is formulatedasa mixedintegerquadratiqgorogram.in theirformulation,integervariablesare
selectorvariablesthat selectwhich instancein a positive bagis the positive instance.Their
algorithm,whichis calledMI-SVM, hasanouterloop andaninnerloop. Theouterloop sets
the valuesof theseselectorvariables. The inner loop thentrainsa standardSVM in which
the selectedositive instanceseplacethe positive bags. The outerloop stopsif noneof the
selectovariableschangewsaluein two consecutieiterations. Andrensetal. (2003)shaow that
MI-SVM outperformghe DD approachdescribedn ZhangandGoldman(2002)on a setof
imageselongingo threedifferentcatagories(“elephant”,“fox”, and“tiger”). Thedifference
betweerMI-SVM andDD approacltanalsobeviewedfrom the shapeof the corresponding
classi er's decisionboundaryin the instancefeaturespace.The decisionboundaryof a DD
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classi eris anellipsoidalspherebecauselassi cationis basedexclusively onthedistanceo
themaximumDD point! For MI-SVM, dependingnthekernelusedthedecisionboundary
canbeahyperplandn theinstancdeaturespaceor ahyperplanédn thekernelinducedfeature
spacewhich maycorrespondo very complex boundariesn theinstancdeaturespace.

1.3 A New Formulation of Multiple-Instance Learning

In the above MIL formulations,a bagis essentiallysummarizedby one of its instancesj.e., an
instancewith the maximallabel (consideringoinary classi cationwith 1 and 1 representinghe
positive andnegative classesrespectiely). However, theseformulationshave a dravbackfor im-
agecategyorizationtasks:in generalaconceptaboutimagesmaynot becapturedy a singleregion
(instance)evenif imagesegmentationand objectrecognitionare assumedo be ideal (inaccurate
sggmentationandrecognitionwill only worsenthe situation). For onesimple example,let's con-
sidercategyorizing Mountainsand glaciers versusSkiingimagesin Figurel. To classifya sceneas
involving skiing, it is helpfulto identify snow people andperhapsnountain If animageis viewed
asabagof regions,thenthe standardIL formulationcannotrealizethis, becausea bagis labeled
positive if ary oneregionin the bagis positive. In addition,a classmight alsobe disjunctive. As
shavn by Figurel (g) and(h), aBeadt scenanightinvolve eitherpeopleplayingin wateror people
onsand Thuswe arguethatthe correctcatayorizationof animagedepend®n identifying multiple
aspectof theimage. This motivatesour extensionof MIL wherea bagmustcontaina numberof
instancesatisfyingvariouspropertiege.g.,people snow etc.).

In our approachMIL is formulatedas a maximummaugin problemin a new featurespace
de nedbytheDD function. Thenew approachpameddD-SVM, proceedén two steps First,in the
instancdeaturespacea collectionof featurevectors eachof whichis calledaninstanceprototype
is determinedccordingo DD. Eachinstanceprototypeis choserto bealocal maximizerof theDD
function. SinceDD measureshe co-occurrencef similar instancedrom differentbagswith the
sameabel,looselyspeakinganinstanceprototyperepresentsa classof instancegor regions)that
is morelikely to appeain bags(orimages)with thespeci c labelthanin theotherbags(orimages).
Seconda nonlinearmappingis de ned usingthe learnedinstanceprototypesand mapsevery bag
to apointin a new featurespacewhich is namedthe bag featue space In the bagfeaturespace,
the original MIL problembecomesan ordinarysupervisedearningproblem. StandardSVMs are
thentrainedin the bagfeaturespace.

DD-SVM is similarto MI-SVM in the sensehatbothapproacheapply SVM to solve the MIL
problem.However, in DD-SVM, severalfeaturesarede ned for eachbag. Eachbagfeaturecould
bede ned by aseparaténstancewithin thebag(i.e., theinstancehatis mostsimilarto aninstance
prototype).Hence thebagfeaturesummarizehebagalongseveraldimensiongle ned by instance
prototypes.This is in starkcontrasto MI-SVM, in which oneinstances selectedo representhe
wholepositive bag.

1.4 RelatedWork in Image Categorization

In thearea®f imageprocessingcomputewision,andpatternrecognitiontherehasbeemabundance
of prior work on detectingrecognizing andclassifyingarelatively smallsetof objectsor concepts

1. ThemaximumDD algorithmsdescribedn (MaronandLozano-Rerez,1998;ZhangandGoldman,2002) producea
pointin the instancefeaturespacetogetherwith scalingfactorsfor eachfeaturedimension.Therefore the decision
boundanyis anellipsoidalspheransteadof asphere.
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in speci ¢ domainsof application(Forsythand Ponce,2002; Marr, 1983; Strat, 1992). We only
review work mostrelevantto whatwe proposewhich by no meansrepresentshe comprehensie
list in thecitedarea.

As one of the simplestrepresentationsf digital images,histogramshave beenwidely used
for variousimage cateyorization problems. Szummerand Picard (1998) use k-nearestneighbor
classi er on color histogramsto discriminatebetweenindoor and outdoor images. In the work
of Vailayaetal. (2001),Bayesiarclassi ersusingcolor histogramsandedgedirectionshistograms
areimplementedo organizesunset/foest/mountaimmagesandcity/landscapémagesrespectiely.
Chapelleetal. (1999)apply SVMs, which arebuilt on color histogramfeaturesto classifyimages
containinga genericsetof objects. Although histogramscanusuallybe computedwith little cost
andareeffective for certainclassi cationtasks,animportantdravbackof a global histogramrep-
resentations thatinformationaboutspatialcon gurationis ignored. Many approachefave been
proposedto tackle the dravback. In the methodof Huanget al. (1998), a classi cation treeis
constructedusing color correlograms. Color correlogramcaptureshe spatialcorrelationof col-
orsin animage. GdalyahuandWeinshall(1999) apply local curve matchingfor shapesilhouette
classi cations,in which objectsin imagesarerepresentedy their outlines.

A numberof subimage-basadethod$ave beenproposedo exploit localandspatialproperties
by dividing an imageinto rectangulaiblocks. In the methodintroducedby Gorkaniand Picard
(1994),animageis rst dividedinto 16 non-overlappingequal-sizedlocks.Dominantorientations
arecomputedor eachblock. Theimageis thenclassi edascity or suturb scenessdeterminedy
the majority orientationof blocks. Wanget al. (2001b)develop a graph/photgraphclassi cation
algorithm? The classi er partitionsan imageinto blocks and classi es every block into one of
two catgyorieshasedon wavelet coefcients in high frequeng bands.If the percentag®f blocks
classi edasphotographs higherthanathresholdtheimageis markedasa photographptherwise,
the imageis marked asa graph. Yu and Wolf (1995) presenta one-dimensionaHidden Markov
Model (HMM) for indoor/outdoorsceneclassi cation. The modelis trainedon vectorquantized
color histogramsof imageblocks. In the recentALIP system(Li and Wang, 2003), a concept
correspondingo a particularcateyory of imagesis capturedby a two-dimensionamultiresolution
HMM trainedon color andtexture featuresof imageblocks. Murphy et al. (2004) proposefour
graphicalmodelsthatrelatefeaturesof imageblocksto objectsandperformjoint sceneandobject
recognition.

Although arigid partition of animageinto rectangulamblocks preseres certainspatialinfor-
mation, it often breaksan objectinto several blocksor putsdifferentobjectsinto a single block.
Thusvisualinformationaboutobjects,which could be bene cial to imagecateyorization,may be
destryed by a rigid partition. The ALIP system(Li and Wang, 2003) usesa small block size
(4 4) for featureextractionto avoid this problem. Imagesegmentations oneway to extractob-
jectinformation. It decomposeanimageinto a collectionof regions,which correspondo objects
if decompositionis ideal. Segmentation-basedlgorithmscan take into consideratiorthe shape
information,whichis in generahot availablewithout segmentation.

Imageseggmentatiorhasbeensuccessfullyusedin content-basetinageandvideoanalysige.g.,
Carsoretal., 2002;ChenandWang,2002;Ma andManjunath,1997;ModestinoandZhang,1992;
SmithandLi, 1999;VasconcelosindLippman,1998; Wanget al., 2001b). ModestinoandZhang
(1992)apply a Markov random eld modelto capturespatialrelationshipsbetweerregions. Im-

2. As de ned by Wangetal. (2001b),a graphimageis animagecontainingmainly text, graph,andoverlays;a photo-
graphis a continuous-tonémage.
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ageinterpretations thengiven by a maximuma posteriorirule. SIMPLIcity system(Wangetal.,
2001b)classi esimagesinto textured or nontextured classedaseduponhow evenly aregion scat-
tersin animage. Mathematically this is describedy the goodnes®f match,which is measured
by the c? statistics,betweenthe distribution of the region anda uniform distribution. Smith and
Li (1999)proposea methodfor classifyingimagesby spatialorderingsof regions. Their system
decomposesn imageinto regionswith the attribute of interestof eachregion representedy a
symbolthat correspond4$o an entryin a nite patternlibrary. The region string is corvertedto
compositeregion templatedescriptormatrix that enablesclassi cation using spatialinformation.
Vasconcelosand Lippman (1998) modelimageretrieval asa classi cation problembasedon the
principle of Bayesiannference.Theinformationof theregionsidenti ed ashumanskinis usedin
theinference.Very interestingresultshave beenachievedin associatingvordsto imageshasedon
regions(Barnardand Forsyth,2001)or relatingwordsto imageregions (Barnardet al., 2003). In
their method,animageis modeledasa sequencef regionsanda sequencef wordsgeneratedby
a hierarchicalkstatisticmodel. The methoddemonstratethe potentialfor searchingmages.But as
notedby BarnardandForsyth(2001),the methodrelieson semanticallyneaningfulsegmentation,
which,asmentionecdearlier is still anopenproblemin computervision.

1.5 Outline of the Paper

The remainderof the paperis organizedasfollows. Section2 describesmageseggmentationand
featurerepresentation.Section3 presentsDD-SVM, an extensionof MIL. Section4 describes
the extensive experimentswe have performedand providesthe results. Finally, we concludein
Sectionb, togethemwith a discussiorof futurework.

2. Image Segmentationand Representation

In this sectionwe describea simpleimagesegmentatiorprocedureébasedon color andspatialvari-
ationfeatureausinga k-meansalgorithm(HartiganandWong, 1979). For general-purposignages
suchasthe imagesin a photolibrary or imageson the World Wide Web, preciseobjectsegmen-
tation is nearlyas dif cult as naturallanguagesemanticaunderstanding.However, semantically
precisesggmentationis not crucial to our system. As we will demonstraten Section4, our im-
agecatayorizationmethodhaslow sensitvity to inaccuratesegmentation.Imagesegmentations a
well-studiedtopic (e.g.,ShiandMalik, 2000;Wangetal.,2001a;ZhuandVYuille, 1996). Thefocus
of this paperis not to achiere superiorsegmentatiorresultsbut good cateyorizationperformance.
The majoradvantageof the proposedmageseggmentationis its low computationatost.

To sggmentanimage,the systemrst partitionsthe imageinto non-overlappingblocksof size
4 4 pixels. A featurevectoris thenextractedfor eachblock. The block sizeis choserto compro-
mise betweentexture effectivenessand computationtime. Smallerblock size may presere more
texture detailsbut increasethe computationtime aswell. Corversely increasingthe block size
canreducethecomputatiortime but losetextureinformationandincreaseahe segmentatiorcoarse-
ness.Eachfeaturevectorconsistof six features.Threeof themarethe averagecolor components
in a block. We usethe well-known LUV color space whereL encodeduminanceandU andV
encodecolor information (chrominance).The otherthreerepresensquareroot of enegy in the
high-frequeng bandsof the wavelettransformgDaubechies1992),thatis, the squareroot of the
secondrdermomentof waveletcoefcients in high-frequeng bands.
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Figure2: Segmentationresultsby the k-meansclusteringalgorithm. First row: original images.
Secondow: regionsin theirrepresentatie colors.

To obtainthesemomentsa Daubechies-4vavelettransformis appliedto the L componenof
theimage. After a one-level wavelettransform,a4 4 block is decomposedhto four frequeng
bands:theLL, LH, HL, andHH bands. Eachbandcontains2 2 coefcients. Without loss of
generalitywe supposehecoefcients in theHL bandaref c|; Cici+ 1; Cks 115 Ck+ 1:1+ 19. Onefeature
is

The othertwo featuresarecomputedsimilarly to the LH andHH bands.Unser(1995)shaws that
momentsof wavelet coefcients in variousfrequeng bandsare effective for representingexture.
For example theHL bandshaws actiities in thehorizontaldirection. An imagewith verticalstrips
thushashigh enegy in theHL bandandlow enegy in the LH band.

Thek-meansalgorithmis usedto clusterthefeaturevectorsinto severalclassesvith every class
correspondingo one “region” in the segmentedimage. No information aboutthe spatiallayout
of theimageis usedin de ning the regions, sothey are not necessarilyspatiallycontiguous.The
algorithmdoesnot specifythe numberof clusters N, to choose.We adaptvely selectN by grad-
ually increasingN until a stoppingcriterionis met. The numberof clustersin animagechanges
in accordancevith the adjustmenof the stoppingcriteria. A detaileddescriptionof the stopping
criteriacanbe foundin Wanget al. (2001b). Examplesof segmentatiorresultsareshowvn in Fig-
ure2. Segmentedegionsareshowvn in their representate colors. It takeslessthanonesecondn
averageto sggmenta 384 256imageon a Pentiumlll 700MHz PCrunningthe Linux operating
system.Sinceit is almostimpossibleto nd a stoppingcriterionthatis bestsuitedfor alarge col-
lection of images,imagessometimesnay be underseggmentedor over-segmented.However, our
categyorizationmethodhaslow sensitvity to inaccuratesegmentation.

After sggmentationthe meanof the setof featurevectorscorrespondindo eachregion R; (a
subsebf Z?) is computecanddenotedasf j- Threeextrafeaturesarealsocalculatedor eachregion
to describeshapeproperties.They arenormalizednertia(Gersho,1979)of orderl, 2, and3. For a
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region R; in theimageplane,thenormalizednertiaof ordergis givenas

I(Rj;9) = M :
AV
i
wheref is the centroidof Rj, V; is the numberof pixels in region R;. The normalizedinertia
is invariantto scalingandrotation. The minimum normalizedinertiaon a 2-dimensionaplaneis
achiered by circles. Denotethe g-th order normalizedinertia of circlesaslg. We de ne shape
featuresof region R as
I(R;31) 1(R;2) I(Rj;3) T
T P '

Finally, animageB;, which is sgmentedinto N; regionsfR; : j = 1; ;Ng, is representedy
a collection of featurevectorsfx;j : j = 1; ;Nig. Eachx;; is a 9-dimensionalfeaturevectog
correspondingo region R, de ned as

TT.

— fT.
Xij - f] ’Sj

3. An Extensionof Multiple-Instance Learning

In this sectionwe rst introduceDD-SVM, a maximummaigin formulationof MIL in bagfeature
space.We thendescribeoneway to constructa bagfeaturespaceusingDiverseDensity Finally,

we compareDD-SVM with anothelSVM-basedMIL formulation,MI-SVM, proposedy Andrens
etal. (2003).

3.1 Maximum Mar gin Formulation of MIL in a Bag Feature Space

We startwith somenotationsin MIL. Let D be the labeleddataset,which consistsof | bag/label
pairs,i.e.,D = f(B1;y1); ;(Bi;yi)g. EachbagB; R™isacollectionof instancesvith x;; 2 R™
denotingthe j-th instancen thebag. Differentbagsmayhave differentnumberof instancesLabels
y; take binaryvaluesl or 1. A bagis calleda positive bagif its labelis 1; otherwiseijt is calleda
negative bag. Note thata labelis attachedo eachbagandnotto every instance.In the contet of
imagesabagis acollectionof regionfeaturevectors;aninstancds aregionfeaturevector;positive
(negative) labelrepresentthatanimagebelongg(doesnot belong)to a particularcategory.

Thebasicideaof thenew MIL frameavork is to mapevery bagto apointin anew featurespace,
namedthe bagfeaturespaceandto train SVMs in the bagfeaturespace.For anintroductionto
SVMs, wereferinterestedeaderdo tutorialsandbooksonthistopic (Burges,1998;Cristianiniand
Shave-Taylor, 2000). The maximummaigin formulationof MIL in abagfeaturespaces givenas
thefollowing quadraticoptimizationproblem:

|
DD S/M a = argrr;axé a;
=1

NI =

|
a viyjaiajK(f (Bi);:f(B)) 1)
i;j=1

|
subjetto g yiai=0

i=1

C a 0i=1
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Thebagfeaturespacasde nedbyf : B! R"whereB isasubseof P(R™) (thepowersetof R™).

In practice we canassumehatthe elementof B are nite setssincethe numberof instancesn a

bagis nite. K:R" R"! R isakernelfunction. The paramete€ controlsthetrade-of between
accurag andregularization.Thebagclassi eris thende nedbya as

!
labe(B) = sign Ec:l’l yia; K(f(Bi);f(B)) + b )
i=1

whereb is chosersothat
!

|
yi aviaiK(f®)f(B)+b =1
i=1
for ary j with C> a; > 0. Theoptimizationproblem(1) assumeshatthe bagfeaturespace(i.e.,
f) is given. Next, we introducea way of constructing from a setof labeledbags.

3.2 Constructing a Bag Feature Space

Givenasetof labeledbags, nding whatis in commonamongthepositive bagsanddoesnotappear
in the negative bagsmay provide inductive cluesfor classi er design.In our approachsuchclues
are capturedby instanceprototypescomputedrom the DD function. A bagfeaturespaceis then
constructedisingthe instanceprototypesgachof which de nes onedimensionof the bagfeature
space.

3.2.1 DIVERSE DENSITY

In the ideal scenario,the intersectionof the positive bagsminus the union of the negative bags
givesthe instanceghat appearin all the positive bagsbut noneof the negative bags. However,
in practicestrict setoperationsof intersection,union, and differencemay not be useful because
mostreal world problemsinvolve noisy information. Featuref instancesnight be corruptedby
noise. Somebagsmight be mistalenly labeled. Strict intersectiorof positive bagsmight generate
the emptyset. DiverseDensityimplementssoft versionsof theintersectionunion, anddifference
operationdy thinking of the instancesandbagsasgeneratedy someprobability distribution. It
is afunctionde ned over theinstanceeaturespace.The DD valueat a pointin the featurespace
is indicative of the probabilitythatthe point agreeswith the underlyingdistribution of positive and
negative bags.

Next, weintroduceonede nition of DD from MaronandLozano-Rerez(1998). Interestedead-
ersarereferredto MaronandLozano-Rerez(1998)for detailedderivationsbasedbn a probabilistic

framanork. GivenalabeleddatasetD, the DD functionis de ned as
" #

| N

Lo1+y N )

DDpxw = = ¥ 1 ek X (3)
i=1 j=1

Here, x is a point in the instancefeaturespace;w is a weight vectorde ning which featuresare
consideredmportantandwhich are consideredunimportant;N; is the numberof instancesn the
i-th bag;andk k,, denotesaweightednormde ned by
1
kxky = X' Diag(w)?x 2 4)

921



CHEN AND WANG

whereDiag(w) is adiagonalmatrix whose(i; i)-th entryis thei-th componenbf w.
It is notdif cult to obsenethatvaluesof DD arealwaysbetweerD andl. For x edweightsw,
if apointx is closeto aninstancefrom a positive bagB;, then

1+ N y
20 1 ek (5)
=1
will becloseto 1; if x is closeto aninstancerom a negative bagB;, then(5) will becloseto 0. The
above de nition indicatesthat DD(x;w) will becloseto 1 if x is closeto instancedrom different
positive bagsand,at the sametime, far away from instancesn all negative bags.Thusit measures
aco-occurrencef instancegrom different(diverse)positive bags.

3.2.2 LEARNING INSTANCE PROTOTYPES

The DD functionde ned in (3) is a continuousandhighly nonlinearfunctionwith multiple peaks
andvalleys (or local maximumsandminimums).A largervalueof DD ata pointindicatesa higher
probabilitythatthe point ts betterwith theinstancegrom positive bagsthanwith thosefrom neg-
ative bags. This motivatesus to chooseocal maximizersof DD asinstanceprototypes.Loosely
speakinganinstanceprototyperepresents classof instanceshatis morelikely to appeain posi-
tive bagsthanin negative bags.Notethat,the MIL formulationin MaronandLozano-Ferez(1998)
computegheglobalmaximizerof DD, which correspond$o oneinstanceprototypein ournotation.

Learninginstanceprototypeshenbecomesnoptimizationproblem: nding local maximizers
of the DD functionin ahigh-dimensionaspace For our applicationthe dimensionof the optimiza-
tion problemis 18 becaus¢hedimensiorof theregion featureds 9 andthedimensiornof weightsis
also9. Sincethe DD functionsaresmoothwe applygradientbasednethod€o nd local maximiz-
ers.Now the questionis: how dowe nd all thelocal maximizers?n generalwe do notknow the
numberof local maximizersa DD functionhas.However, accordingo thede nition of DD, alocal
maximizeris closeto instancesrom positive bags(Maron and Lozano-Ferez,1998). Thusstart-
ing a gradientbasedoptimizationfrom oneof thoseinstancesill likely leadto alocal maximum.
Thereforeasimpleheuristicis appliedto searchfor multiple maximizers:we startanoptimization
at every instancein every positive bagwith uniform weights,andrecordall the resultingdistinct
maximizergfeaturevectorandcorrespondingveights).

Instanceprototypesare selectedirom thosemaximizerswith two additional constraints:(a)
they needto be distinct from eachother; and (b) they needto have large DD values. The rst
constraintaddresseshe precisionissueof numericaloptimization. Due to humericalprecision,
differentstartingpointsmay leadto differentversionsof the samemaximizer Hencewe needto
remove someof themaximizersghatareessentiallyrepetitionsof eachother The secondtonstraint
limits instanceprototypedo thosethataremostinformative in termsof co-occurrencén different
positive bags.In our algorithm,this is achieredby picking maximizerswith DD valuesgreatetthan
certainthreshold.

Following the abore descriptionspnecan nd instanceprototypesrepresentinglassesof in-
stanceghataremorelikely to appeatin positive bagsthanin negative bags.Onecould aguethat
instanceprototypeswith the exactly reversedproperty(morelikely to appeaiin negative bagsthan
in positive bags)maybe of equalimportance Suchinstanceprototypesanbe computedn exactly
the samefashionafter negatingthe labelsof positive andnegative bags.Our empiricalstudyshavs
thatincluding suchinstanceprototypeqfor negative bags)improvesclassi cationaccurag by an
averageamountof 2:2% for the 10-classmagecatayorizationexperimentdescribedn Sectiord.2.
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3.2.3 AN ALGORITHMIC VIEW

Next, we summarizethe above discussionin pseudocode. The input is a setof labeledbagsD.
Thefollowing pseudocodelearnsa collectionof instanceprototypeseachof which is represented
asapair of vectors(x; ;w; ). Theoptimizationprobleminvolvedis solved by Quasi-Nevton search
dfpmin in Pressetal. (1992).

Algorithm 3.1 Learning InstancePrototypes

MainLear nIPs(D)

1 lp = LearnIPs(D) [LearnInstancePrototypedor positivebagg
2 negate labels of all bags in D
3 I, = LearnIPs(D) [LearninstancePrototypedor negativebagg

4 OUTPUT(the set union of I, and Ip)

LearnlPs(D)
1 set P be the set of instances from all positve bags in D
2 initialize M to be the empty set

3 FOR (every instance in P as starting point for Xx)

4 set the starting point for w to be al 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=1T= ma&p;q)ZMlog(DDD(p,q)); Mingp:q)2m 109(DDp (p;9))

9 REPEAT

10 set (X;;w;) = agmaxpq2m 109(DDp(p; d))
11 remove from M all elements (p;q) satisfying
kp abgq) x; abgw;)k< bkx; abgw;)k ORlog(DDp(p;q)) < T
12 set i=i+1
13 WHILE (M is not empty)
14 OUTPUT(f(xg;wq); (X 1:W; 1)9)

In the above pseudacodefor LearnlIPs, lines1-7 nd acollectionof local maximizersfor the
DD functionby startingoptimizationat every instancen every positive bagwith uniformweights.
For betternumericalstability, the optimizationis performedonthelog(DD) function,insteadof the
DD functionitself. In line 5, we implementthe EM-DD algorithm (Zhangand Goldman,2002),
which scalesup well to large bagsizesin runningtime. Lines8—13describeaniterative procesgo
pick acollectionof “distinct” local maximizersasinstanceprototypesIn eachiteration,anelement
of M, whichis alocal maximizer with the maximallog(DD) value(or, equivalently, theDD value)
is selectedas aninstanceprototype(line 10). Thenelementsof M that are closeto the selected
instanceprototypeor thathave DD valueslower thanathresholdareremoredfrom M (line 11). A
new iterationstartsif M is not empty The abgw) in line 11 computescomponent-wis@bsolute
valuesof w. Thisis becausehe signsin w have no effect on the de nition (4) of weightednorm.
The inline 11 denotesomponent-wis@roduct.

Thenumberof instanceprototypesselectedrom M is determinedy two parameter® andT.
In ourimplementationb is setto be0:05,andT is theaverageof themaximalandminimallog(DD)
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valuesfor all local maximizersfound (line 8). Thesetwo parametersnay needto be adjustedor
otherapplications. However, empirical study shavs that the performanceof the classi er is not
sensitve to b andT. Experimentaknalysisof the conditionsunderwhich the algorithmwill nd

goodinstanceprototypess givenin Section4.5.

3.2.4 COMPUTING BAG FEATURES

Letf(x,w,) : k=1, ;ng bethe collectionof instanceprototypesgiven by Algorithm 3.1. We
de ne bagfeaturesf (B;), forabagBj = fxjj: j= 1, ;Nig,as

2
minj=1; N KXij xlkWl
mini=1- N KX XK
f(Bi)=§ T T ©)

In thede nition (6), eachbagfeatureis de ned by oneinstanceprototypeandoneinstancdrom
thebag,i.e.,theinstancehatis “closest’to theinstanceprototype.A bagfeaturegivesthe smallest
distancegor highestsimilarity score)etweerary instancen thebagandthecorrespondingnstance
prototype.Hence,t canalsobeviewedasa measuref thedegreethataninstanceprototypeshovs
upin thebag.

3.3 Comparing DD-SVM with MI-SVM

Thefollowing pseudacodesummarizeshelearningprocesof DD-SVM. Theinputis D, acollec-
tion of bagswith binarylabels.The outputis anSVM classi er de ned by (2).

Algorithm 3.2 Learning DD-SVM

DD-SVM(D)

let S be the empty set

| P = MainLearnIPs( D)

FOR (every bag B in D)
define bag features f(B) according to (6)
add (f(B);y) to S where yis the label of B

END

train a standard SVMusing S

OUTPUT(the SVM)

0 ~NOo Ok, WwN -

MI-SVM, proposedy Andrewnsetal. (2003),is alsoanSVM-basedMIL method.In Sectiord,
we experimentallycompareDD-SVM againstMI-SVM. An algorithmicdescriptionof MI-SVM is
givenbelow. Theinputis acollectionof labeledbagsD. Theoutputis aclassi er of theform

labelB;) = sign(max=1; ;n f(xij)) (7)

wherexj, j = 1, ;N;, areinstance®f B;, f is afunctiongivenby SVM learning.

924



IMAGE CATEGORIZATION BY REGIONS

Algorithm 3.3 Learning MI-SVM

MI-SVM (D)

1 let P be the empty set

2 FOR (every positve 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 P=P

14  set S=PIN

15 train  a standard SVM, labelx) = sign(f(x)), using S
16 let P be the empty set

17 FOR (every positve bag B in D)

18 set x = amgmax.p f(X)
19 add (x;1) to P
20 END

21 WHILE (P& P9
22 OUTPUT (the classifier defined by (7))

In theabove pseudacodefor MI-SVM, thekey stepsaretheloop givenby lines12—-21.During
eachiteration, a standardSVM classi er, labelx) = sign(f(x)), is trainedin the instancespace.
The training setis the union of negative instancesand positive instances.Negative instancesare
thosefrom every negative bag. Eachpositive instancerepresents positive bag. It is choseno be
theinstancejn a positive bag,with the maximum f valuefrom the previousiteration. In the rst
iteration,eachpositive instancds initialized to bethe averageof thefeaturevectorsin thebag.The
loop terminatesf the setof positive instanceselectedor the next iterationis identicalto that of
thecurrentiteration.

ThecrucialdifferencebetweerDD-SVM andMI-SVM liesin theunderlyingassumptionMI-
SVM method aswell asotherstandardMIL methodgsuchastheDD approactproposedy Maron
andLozano-Rrez,1998),assumeshatif abagis labelednegative thenall instancesn thatbagis
negative, andif abagis labeledpositive, thenasleastoneof the instancesn thatbagis a positive
instance.In MI-SVM, oneinstanceis selectedo representhe whole positve bag. An SVM is
trainedin theinstanceeaturespaceusingall negative instancesandthe selectedositive instances.
OurDD-SVM methodassumethatapositve bagmustcontainsomenumberof instancesatisfying
variouspropertieswhich arecapturecoy bagfeatures Eachbagfeatureis de ned by aninstancen
thebagandaninstanceprototypederivedfrom theDD function. Hence thebagfeaturesummarize
thebagalongseveraldimensionsAn SVM is thentrainedin the bagfeaturespace.
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4. Experiments

We presentsystematievaluationsof DD-SVM basedon a collectionof imagesfrom the COREL
andthe MUSK datasets.Thedatasetsandthe sourcecodeof DD-SVM canbedownloadedat
http://www.cs.uno.edu/ yixin/ddsvm.html| . Section4.1 describeghe experimentalsetup
for imagecateayorization,includingtheimagedataset,theimplementatiordetails,andthe selection
of parameters.Section4.2 comparesDD-SVM with MI-SVM and color histogram-base&VM
using COREL data. The effect of inaccuratemage segmentationon classi cation accuraciess
demonstrateth Sectior4.3. Sectiord.4 illustratesthe performancevariationswhenthe numberof
imagecategyoriesincreasesAnalysisof the effectsof training samplesizeanddiversity of images
is givenin Section4.5. Resultsonthe MUSK datasetsarepresentedn Sectiord.6. Computational
issuesarediscussedn Sectior4.7.

4.1 Experimental Setupfor Image Categorization

Theimagedatasetemplo/edin our empiricalstudyconsistsof 2;000imagestaken from 20 CD-
ROMs publishedby COREL Corporation.EachCOREL CD-ROM of 100imagesrepresent®ne
distincttopic of interest.Therefore the datasethas20 thematicallydiverseimagecateyories,each
containingl00images.All theimagesarein JPEGformatwith size384 256o0r 256 384. We
assigned keyword (or keywords)to describeesachimagecateyory. The catgyory namesandsome
randomlyselectedsampleimagesfrom eachcateyory areshavn in Figure3.

Imageswithin eachcategyory arerandomlydividedinto atrainingsetanda testseteachwith 50
images. We repeateachexperimentfor 5 randomsplits, andreportthe averageof the resultsob-
tainedover 5 differenttestsetstogethemith the 95%con denceinterval. The SVMY9" (Joachims,
1999)softwareis usedto train the SVMs. The classi cationproblemhereis clearly a multi-class
problem. We usethe one-aginst-the-resapproach:(a) for eachcategory, an SVM is trainedto
separatehatcateyory from all the othercatayories;(b) the nal predictedclasslabelis decidedoy
thewinnerof all SVMs, i.e., onewith the maximumvalueinsidethesign( ) functionin (2).

Two otherimageclassi cationmethodsareimplementedor comparison.Oneis a histogram-
basedSVM classi cationapproactproposedy Chapelleetal. (1999). We denoteit by Hist-SVM.
Eachimageis representedby a color histogramin the LUV color space. The dimensionof each
histogramis 125. The otheris MI-SVM (Andrews et al., 2003). MI-SVM usesthe sameset of
region featuresasour approack(it is implementedaccordingto the pseudacodein Algorithm 3.3).
The learningproblemsin Hist-SVM andMI-SVM aresolved by SVMY9" . The Gaussiarkernel,
K(x;2) = e % 2 jsysedin all threemethods.

Several parameterseedto be speci ed for SVMY9 3 The mostsigni cant onesares andC
(the constantn (1) controlling the trade-of betweentraining error andregularization). We apply
the following stratgy to selectthesetwo parameters\We allow eachone of the two parameters
be respectiely chosenfrom two setseachcontainingl10 predetermineschumbers. For every pair
of valuesof the two parametergthereare 100 pairsin total), a twofold cross-alidationerror on
the training setis recorded. The pair that gives the minimum twofold cross-alidation error is
selectedo bethe“optimal” parametersiNotethattheabove procedurds appliedonly oncefor each
method.Oncethe parameteraredeterminedthey areusedin all subsequerimagecateyorization
experiments.

3. SVMH9 softwareanddetaileddescriptionf all its parameterareavailableat http://svmlight.joachims.org
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Figure3: Sampleémagestakenfrom 20 imagecategories.

4.2 Categorization Results

The classi cationresultsprovided in Table 1 are basedon imagesin Categyory 0 to Cateyory 9,
i.e., 1;000images.Resultsfor thewhole datasetwill begivenin Section4.4. DD-SVM performs
muchbetterthanHist-SVM with a 14:8% differencein averageclassi cationaccurag. Compared
with MI-SVM, the averageaccurag of DD-SVM is 6:8% higher As we will seein Section4.4,
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AverageAccurag :
[95% con denceinterval]
DD-SVM || 81:5%: [78:5%; 84:5%
Hist-SVM || 66:7%: [64:5%; 68:9%)
MI-SVM T4:7%: [74:1%; 75:3%)

Tablel: Imagecategyorizationperformanceof DD-SVM, Hist-SVM, andMI-SVM. The numbers
listedarethe averageclassi cationaccuraciesver 5 randomtestsetsandthe correspond-
ing 95% con denceintenvals. Theimagesbelongto Category 0 to Category 9. Training
andtestsetsareof equalsize.

I | Cat.0| Cat.1 | Cat.2 | Cat.3 | Cat.4 | Cat5| Cat.6 | Cat.7 [ Cat.8 | Cat.9 ||
Cat.0 || 67:7% 3 7% 57% 0:0% 0:3% 8:7% 5.:0% 1:3% 0:3% 7:3%
Cat.1 1:0% | 68:4% 43% | 43% | 00% | 3:0% 1:3% 1:.0% | 15:0% 1.7%
Cat.2 5:7% 5:0% | 74:3% 20% | 0:0% | 33% | 0:7% | 0:0% 6:7% 2:3%
Cat.3 0.3% | 37% 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% 33% | 63% | 0:3% | 0.0% | 76.0% 0:7% | 47% | 23% | 0:7%
Cat.6 33% | 0:0% | 0:0% | 0.0% | 0:0% 1.7% | 883% 23% | 07% | 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% | 157% | 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% | 27% | 0:.0% | 87:0%

Table2: The confusionmatrix of image catayorizationexperiments(over 5 randomlygenerated
testsets). Eachrow lists the averagepercentagef images(testimages)in onecategory
classi ed to eachof the 10 cateyoriesby DD-SVM. Numberson the diagonalshawv the
classi cationaccurayg for eachcategory.

the differencebecomesven greaterasthe numberof catgyoriesincreases.This suggestshatthe
proposednethodis more effective thanMI-SVM in learningconceptsof imagecategoriesunder
thesamemagerepresentationTheMIL formulationof ourmethodmaybebettersuitedfor region-
basedmageclassi cationthanthatof MI-SVM.

Next, we make a closeranalysisof the performancéy looking at classi cationresultson every
category in termsof the confusionmatrix. The resultsarelistedin Table2. Eachrow lists the
averagepercentag®f imagesin onecateyory classi ed to eachof the 10 cateyoriesby DD-SVM.
The numberson the diagonalshav the classi cationaccurag for eachcateyory, andoff-diagonal
entriesindicateclassi cationerrors. ldeally, onewould expectthe diagonaltermsbe all 1's, and
the off-diagonaltermsbeall 0's. A detailedexaminationof the confusionmatrix shavs thattwo of
the largesterrors(the underlinednumbersin Table 2) are errorsbetweenCateyory 1 (Beach)and
Cateyory 8 (Mountainsandglaciers):15.0% of “Beach”imagesaremisclassi edas“Mountainsand
glaciers;”15.:7% of “Mountainsandglaciersimagesaremisclassi edas‘Beach’ Figure4 presents
12 misclassi edimages(in at leastone experiment)from both categories. All “Beach” imagesin
Figure4 containmountainor mountain-like regions,while all the“Mountainsandglaciers”images
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Beachl Beach2 Beach3 Beach4 Beachb5 Beach6

Mountainsl Mountains2 Mountains3 Mountains4 Mountainsb Mountainsé

Figure4: Somesampleimagestakenfrom two cateyories:“Beach” and“Mountainsandglaciers.
All the listed “Beach” imagesare misclassi edas“Mountainsand glaciers, while the
listed“Mountainsandglaciers”imagesaremisclassi edas“Beach’”

have regionscorrespondingo river, lake, or evenocean.In otherwords,althoughthesetwo image
cateyoriesdo not shareannotationwords, they aresemanticallyrelatedandvisually similar. This
may bethereasorfor theclassi cationerrors.

4.3 Sensitvity to Image Segmentation

Becausdmage segmentationcannotbe perfect, being robust to segmentation-relatedincertain-
tiesbecomes critical performancendex for aregion-basedmageclassi cationmethod.Figure5
shavstwo images; African people”and“Horses, andthesegmentatiorresultswith differentnum-
bersof regions(theresultsareobtainedby varyingthe stoppingcriteriaof thek-meansegmentation
algorithm presentedn Section2). Regionsare shavn in their representatie colors. We cansee
from Figure5 that,undersomestoppingcriteria, objectstotally differentin semanticsnaybe clus-
teredinto the sameregion (undersegmented) While undersomeotherstoppingcriteria,oneobject
maybedividedinto severalregions(oversggmented).

In this section,we comparethe performanceof DD-SVM with MI-SVM whenthe coarseness
of imagesegmentatiorvaries. To give a fair comparisonye controlthe coarsenesesf imagesey-
mentationby adjustingthe stoppingcriteria of the k-meanssegmentationalgorithm. We pick 5
different stoppingcriteria. The correspondingaveragenumbersof regions perimage (computed
over 1;000 imagesfrom Cateyory O to Category 9) are4:31, 6:32, 8:64, 11:62, and12:25. The
averageclassi cationaccuraciegover 5 randomlygeneratedestsets)undereachcoarsenestevel
andthe correspondin@5%con denceintervalsarepresentedn Figure6.

Theresultsin Figure6 indicatethat DD-SVM outperformavil-SVM onall 5 coarseneskevels.
In addition, for DD-SVM, thereare no signi cant changesn the averageclassi cation accurag
for differentcoarsenesievels. While the performancef MI-SVM degradesasthe averagenumber
of regions perimageincreases.The differencein averageclassi cation accuraciedbetweenthe
two methodsare 6:8%, 9:5%, 11:7%, 13:8%, and 27:4% as the averagenumberof regions per
imageincreases. This appeardo supportthe claim that DD-SVM haslow sensitvity to image
sgmentation.
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Original Image 3 regions 5regions 7 regions 9regions 11regions

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

Figure5: Segmentatiorresultsgivenby thek-meanslusteringalgorithmwith 5 differentstopping
criteria. Originalimageswhich aretakenfrom “African people”and“Horses”catajories,
arein the rst column.Segymentedegionsareshawvn in their representate colors.
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Figure6: ComparingDD-SVM with MI-SVM on the robustnesdo imagesegmentation.The ex-
periments performedon 1;000imagesn Cateyory 0 to Cateyory 9 (trainingandtestsets
areof equalsize). Theaverageclassi cationaccuraciesndthe correspondin@5%con-
denceintenalsarecomputedover5 randomlygeneratedestsets. Theaveragenumbers
of regionsperimageare4:31,6:32,8:64,11:62,and12:25.

4.4 Sensitvity to the Number of Categoriesin a Data Set

Althoughtheexperimentaresultsin Sectiord.2 and4.3demonstratéhe goodperformancef DD-
SVM using 1;000 imagesin Category 0 to Catayory 9, the scalability of the methodremainsa
guestion:how doesthe performancescaleasthe numberof catgoriesin a datasetincreasese
attemptto empirically answerthis questionby performingimagecatejorizationexperimentsover
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Figure7. ComparingDD-SVM with MI-SVM on the robustnesdo the numberof cateyoriesin a
dataset. Theexperimentis performedon 11 differentdatasets. The numberof cateyories
in a datasetvariesfrom 10to 20. A datasetwith i catgoriescontains100 i images
from Cateyory O to Catagoryi 1 (trainingandtestsetsareof equalsize). The average
classi cation accuraciesandthe corresponding5% con denceintervals are computed
over 5 randomlygeneratedestsets.

datasetswith differentnumbersof cateyories. A total of 11 datasetsareusedin the experiments.
The numberof categoriesin a datasetvariesfrom 10to 20. A datasetwith i catejoriescontains
100 iimagesrom CategyoryOto Categoryi 1. Theaverageclassi cationaccuraciesver5 ran-
domly generatedestsetsandthe correspondin@5%con denceintervalsarepresented Figure?.

We alsoincludetheresultsof MI-SVM for comparison.

We obsene adecreasén averageclassi cationaccuray asthe numberof cateyoriesincreases.
Whenthenumberof cateyoriesbecomesloubled(increasingrom 10to 20 catayories) theaverage
classi cationaccurag of DD-SVM dropsfrom 81:5% to 67:5%. However, DD-SVM seemdo be
lesssensitie to the numberof categoriesin a datasetthanMI-SVM. Thisis indicated,in Figure8,
by thedifferencdn averageclassi cationaccuracie®etweerthetwo methodsaasthenumberof cat-
egoriesin adatasetincreaseslt shouldbeclearthatour methodoutperformavil-SVM consistently
And theperformanceliscrepang increasesvith the numberof categories.For the 1000-imagalata
setwith 10 catgyories,the differenceis 6:8%. This numberis nearly doubled(12:9%) whenthe
numberof catgyoriesbecomes20. In otherwords, the performancedegradationof DD-SVM is
slowerthanthatof MI-SVM asthe numberof cateyoriesincreases.

4.5 Sensitvity to the Sizeand Diversity of Training Images

We testthe sensitvity of DD-SVM to the sizeof training setusing1; 000imagesfrom Cateyory 0
to Catagory 9 with the sizeof the training setsbeing100, 200, 300, 400, and 500 (the numberof

imagedrom eachcategoryis $2&°f the’ltéai”i”QSd). Thecorrespondingumbersf testimagesare900,
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Figure8: Differencein averageclassi cation accuraciedbetweenDD-SVM and MI-SVM asthe
numberof catgyoriesvaries.A positve numberindicateshatDD-SVM hashigheraver
ageclassi cationaccurag.
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Figure9: ComparingDD-SVM with MI-SVM asthe numberof trainingimagesvariesfrom 100
to 500. The experimentis performedon 1;000 imagesin Catayory 0 to Catayory 9.
Theaverageclassi cationaccuraciesindthecorrespondin@5%con denceintenalsare
computedbver 5 randomlygeneratedestsets.

800, 700,600,and500. As indicatedin Figure9, whenthe numberof trainingimagesdecreases,
theaverageclassi cationaccuray of DD-SVM degradesasexpected.Figure9 alsoshavs thatthe
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Figure10: ComparingDD-SVM with MI-SVM asthe diversity of trainingimagesvaries. The ex-
perimentis performedon 200imagesin Cateayory 2 (Historicalbuildings) andCategory
7 (Horses).Theaverageclassi cationaccuracieandthecorrespondin@5%con dence
intervals arecomputedover 5 randomlygeneratedestsets. Training andtestsetshave
equalsize.

performanceof DD-SVM degradesn roughly the samespeedasthatof MI-SVM: the differences
in averageclassi cationaccuraciebetweerDD-SVM andMI-SVM are8:7%, 7:9%, 8:0%, 7:1%,
and6:8% whenthetrainingsamplesizevariesfrom 100to 500.

Totesttheperformancef DD-SVM asthediversityof trainingimagesvaries,we needto de ne
ameasuref thediversity In termsof binary classi cation,we de ne the diversity of imagesasa
measuref the numberof positive imagesthatare“similar” to negative imagesandthe numberof
negative imageghatare“similar” to positveimages.In this experimenttrainingsetswith different
diversitiesare generatedas follows. We rst randomly pick d% of positive imagesand d% of
negative imagesfrom atraining set. Then,we modify the labelsof the selectedmageshy negating
theirlabels,i.e., positive (negative) imagesbecomenegative (positive) images.Finally, we putthese
imageswith new labelsbackto thetrainingset. Thenew trainingsethasd% of imageswith negated
labels. It shouldbe clearthatd = 0 andd = 50 correspondo the lowestand highestdiversities,
respectiely.

We compareDD-SVM with MI-SVM for d = 0, 2, 4, 6, 8, and 10 basedon 200imagesfrom
Catgyory 2 (Historicalbuildings)andCateayory 7 (Horses).Thetrainingandtestsetshave equalsize.
The averageclassi cationaccuraciegover 5 randomlygeneratedestsets)andthe corresponding
95% con denceintervals are presentedn Figure 10. We obsenre that the averageclassi cation
accurag of DD-SVM is about4% higherthanthat of MI-SVM whend = 0. And this difference
is statisticallysigni cant. However, if we randomlynegate the labelsof one positve 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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Figurell: Averageaccurag of 10-fold cross-alidationon MUSK datasetsusingDD-SVM. The
parameterareC = 1;000andstaking 19 valuesevenly distributedin [0:001; 0:01].

averageclassi cationaccuray, thedifferencds statistically-indistinguishableAs d increases)DD-

SVM andMI-SVM generataoughly the sameperformance.This suggestshatDD-SVM is more
sensitve to thediversityof trainingimageghanMI-SVM. We attemptto explainthis obserationas
follows. The DD function(3) usedin Algorithm 3.1is very sensitve to instancesn negative bags.
It is not dif cult to derive from (3) thatthe DD valueat a pointis substantiallyeduceds thereis

a singleinstancefrom negative bagscloseto the point. Therefore negating labelsof onepositive

andonenegative imagecouldsigni cantly modify the DD function,andconsequentitheinstance
prototypedearnedby Algorithm 3.1.

4.6 MUSK Data Sets

The MUSK datasets, MUSK1 andMUSK2 (Blake andMerz, 1998),arebenchmarldatasetsfor
MIL. Both datasetsconsistof description®f molecules.Speci cally, abagrepresenta molecule.
Instancesn a bag representow-enegy conformationsof the molecule. Eachinstance(or con-
formation)is de ned by a 166-dimensionaleaturevectordescribingthe surfaceof a low-enegy
conformation. The datawere preprocesseby dividing eachfeaturevalueby 100. This wasdone
sothatlearningof instanceprototypesvould notbegin ata at areaof theinstancespace MUSK1
has92 moleculegbags),of which 47 arelabeledpositve, with an averageof 5:17 conformations
(instancespermolecule. MUSK2 has102 moleculespf which 39 arepositive, with anaverageof
64:69 conformationgpermolecule.

Figure 11 shows the averageaccurag of 10-fold cross-alidation using DD-SVM with C =
1;000andthes parameteof the Gaussiarkerneltakingthefollowing values:0:001,0:0015,0:002,
0:0025,0:003,0:0035,0:004,0:0045,0:005 0:0055,0:006, 0:0065,0:007,0:0075,0:008,0:0085,
0:009,0:0095,0:01. As afunctionof s, the averagel0-fold cross-alidationaccurag of DD-SVM
varieswithin [84:9%; 86:.9%] (MUSK1) or [90:2%; 92:2%] (MUSK2). For both datasets,the me-
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AverageAccurag
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: Comparisorof averagedLO-fold cross-alidationaccuracie®n MUSK datasets.

dianof theaverageaccurayg, whichis robustoverarangeof parametevaluesjs reportedn Table3.
Table 3 alsosummarizeshe performanceof seven MIL algorithmsin the literature: IAPR (Diet-
terichetal., 1997),DD (MaronandLozano-Ferez,1998),EM-DD (Zhangand Goldman,2002),4
MI-SVM andmi-SVM (Andrews et al., 2003),MI-NN (RamonandDe Raedt,2000),and Multi-

nst (Auer, 1997). Although DD-SVM is outperformedby IAPR, DD, MI-NN, andmi-SVM on
MUSK1, it generateshe bestperformancen MUSK2. Overall, DD-SVM achievesvery competi-
tive accurag values.

4.7 Speed

On average thelearningof eachbinary classi er usinga training setof 500images(4:31 regions
perimage)takesaround40 minutesof CPUtime on a Pentiumlll 700MHz PC runningthe Linux
operatingsystem.Algorithm 3.1is implementedn Matlabwith thequasi-N&ton searchprocedure
written in the C programminglanguage. Among this amountof time, the majority is spenton
learninginstanceprototypesijn particular the FORloop of LearnIPs(D) in Algorithm 3.1. Thisis
becausehe quasi-Nevton searchneedsto be appliedwith every instancein every positive bagas
startingpoints (eachoptimizationonly takesa few seconds).However, sincetheseoptimizations
areindependentf eachother they canbefully parallelized.Thusthetrainingtime maybereduced
signi cantly.

5. Conclusionsand Futur e Work

In this paper we proposeda region-basedmage cateyorization methodusing an extension of

Multiple-InstanceLearning, DD-SVM. Eachimageis represented@s a collection of regions ob-

tainedfrom imageseggmentatiorusingthe k-meansalgorithm.In DD-SVM, eachimageis mapped
to apointin a bagfeaturespacewhichis de ned by a setof instanceprototypedearnedwith the

DiverseDensityfunction. SVM-basedmageclassi ersarethentrainedin the bagfeaturespace.
We demonstrat¢hat DD-SVM outperformswo othermethodsn classifyingimagesfrom 20 dis-

tinct semanticclasses.In addition, DD-SVM generatesighly competitve resultson the MUSK

datasets which arebenchmarldatasetsfor MIL.

4. The EM-DD resultsreportedin Zhangand Goldman(2002)were obtainedby selectingthe optimal solutionusing
thetestdata. The EM-DD resultcitedin this paperis provide by Andrews et al. (2003)usingthe correctalgorithm.

935



CHEN AND WANG

The proposedmagecatayorizationmethodhasseverallimitations:

The semanticmeaningof an instanceprototypeis usually unknovn becausehe learning
algorithmin Section3 doesnot associate linguistic labelwith eachinstanceprototype.As
aresult,“region naming” (Barnardetal., 2003)is not supportecby DD-SVM.

It may not be possibleto learn certainconceptghroughthe method. For example,texture
imagescan be designedusing a simple object (or region), suchas a T-shapedobject. By
varyingorientation frequeng of appearancendalignmentof the object,onecangettexture
imagesthat are visually different. In otherwords, the conceptof texture dependson not
only the individual objectbut alsothe spatialrelationshipof objects(or instances) But this
spatialinformationis not exploited by the currentwork. As pointedout by onereviewer of
theinitial draft, a possibleway to tacklethis problemis to useMarkov random eld type of
models(ModestinoandZhang,1992).

Theperformancef imagecatayorizationmaybeimprovedin thefollowing ways:

Theimagesegmentatioralgorithmmay be improved. The currentk-meansalgorithmis rel-

atively simpleandef cient. But over-sggmentatiorandundersegmentatiormay happerire-

guentlyfor a x edstoppingcriterion. Althoughtheempiricalresultsin Section4.3shaw that
the proposednethodhaslow sensitvity to imagesegmentationasemanticallymoreaccurate
sgymentatioralgorithmmayimprove the overall classi cationaccurag.

The de nition of the DD function may be improved. The currentDD function, which is a
multiplicative model,is very sensitve to instancesn negative bags.It canbeeasilyobsered
from (3) thatthe DD valueata pointis signi cantly reducedf thereis a singleinstancefrom
anegative bagcloseto the point. This propertymaybe desirableor someapplicationssuch
asdrugdiscorery (MaronandLozano-Rerez,1998),wherethe goalis to learna singlepoint
in the instancefeaturespacewith the maximumDD valuefrom analmost“noise free” data
set.But thisis notatypical problemsettingfor region-basedmagecatejorizationwheredata
usuallycontainnoise. Thusa morerobustde nition of DD, suchasanadditve model,may
enhancehe performance.

As pointedout by areviewer of theinitial draft, scenecategory canbeavector For example,a
scenecanbe f mountain beadg in onedimension pbut alsof winter, summeg in the otherdimen-
sion. Underthis scenarioour currentwork canbe appliedin two ways: (a) designa multi-class
classi er for eachdimensionj.e., mountaibead classi er for onedimensionandwinter/summer
classi erfor theotherdimensionjpr (b) designonemulti-classclassi er takingall scenecatayories
into considerationi.e., mountain-wintermountain-summebead-winter, andbead-summeircat-
egories.

In our experimentalevaluationsjmagesemanticatayoriesareassumedo bewell-de ned. As
pointedout by one of the reviewers,imagesemanticss inherentlylinguistic, therefore,canonly
be de ned loosely Thusa methodologicallywell-de ned evaluationtechniqueshouldtake into
accountscenarioswith differing amountsof knowledgeaboutthe image semantics. Unlessthis
issuecanbefully investicated,ourimagecateyorizationresultsshouldbeinterpretedcautiously

As continuationsof this work, several directionsmay be pursued. The proposedmethodcan
potentially be appliedto automaticallyindex imagesusing linguistic descriptions.It canalsobe
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integratedto content-baseimageretrieval systemgo groupimagesinto semanticallymeaningful
categoriessothatsemantically-adapte searchingmethodsapplicableto eachcateyory canbe ap-

plied. The currentinstanceprototypelearningschemeamay be improved by boostingtechniques.
Art andbiomedicalimageswould beinterestingapplications.

Acknowledgments

The materialis baseduponwork supportedby the National ScienceFoundationunderGrantNo.

11S-0219272and CNS-0202007 The Pennsylania StateUniversity, University of New Orleans,
The Researchnstitutefor Children,the PNC Foundation SUN MicrosystemainderGrantEDUD-

7824-010456-USand NASA/EPSCOoRDART GrantNCC5-573. The authorswould like to thank
JiaLi for makingmary suggestionsn theinitial manuscript.We thankthe reviewersfor valuable
suggestions.We would alsolike to thank Jinbo Bi, SethPincus,Andrés Castdio, C. Lee Giles,
DonaldRichardsandJohnYenfor helpful discussions.

References

S. Andrews, I. Tsochantaridisand T. Hofmann. Supportvector machinesfor multiple-instance
learning.In Advancesn Neuml InformationProcessingSystem45, page61-568 Cambridge,
MA:MIT Press2003.

P. Auer. Onlearningfrom mult-instanceexamples.empiricalevaluationof a theoreticalapproach.
In Proc. 14thint'l Conf on MachineLearning pages21-29,1997.

K. Barnard,P. Duygulu, D. Forsyth,N. De Freitas,D. M. Blei, andM. |. Jordan.Matchingwords
andpictures.Journal of Machine LearningReseath, 3:1107-11352003.

K. BarnardandD. Forsyth. Learningthe semanticof wordsandpictures.In Proc. 8th Int'l Conf
on Computension, paged|:408-415,2001.

C. L. Blake and C. J. Merz. UCI Repositoryof machinelearning databases1998. URL
http:/fwww.ics.uci.edu/ mlearn/MLRepository.html

A. Blum andA. Kalai. A noteonlearningfrom multiple-instancexamples.MachineLearning 30
(1):23-29,1998.

C. J.C. Burges. A tutorial on supportvectormachinedor patternrecognition. Data Mining and
Knowledg Discovery, 2(2):121-1671998.

C. Carson,S. Belongie, H. Greenspanand J. Malik. Blobworld: Image sggmentationusing
expectation-maximizatiomandits applicationto imagequerying. IEEE Transactionson Pattern
Analysisand Machine Intelligence 24(8):1026—1038002.

O. Chapelle,P. Haffner, and V. N. Vapnik. Supportvectormachinedor histogram-base@nage
classi cation. IEEE Transactionson Neural Networks 10(5):1055-10641999.

Y. ChenandJ. Z. Wang. A region-baseduzzy featurematchingapproacho content-basednage
retrieval. IEEE Transactionson Pattern Analysisand Machine Intelligence 24(9):1252-1267,
2002.

937



CHEN AND WANG

N. CristianiniandJ. Shave-Taylor. AnIntroductionto SupportVectorMachinesand OtherKernel-
Based_earningMethods CambridgeUniversity Press2000.

I. DaubechiesTenLectueson Wavelets Capital City Press,1992.

T. G. Dietterich,R. H. Lathrop,andT. Lozano-Ferez. Solving the multiple instanceproblemwith
axis-parallerectanglesArti cial Intelligence 89(1-2):31-711997.

D. A. ForsythandJ. Ponce.ComputeiVision: A ModernAppoad. PrenticeHall, 2002.

Y. GdalyahuandD. Weinshall.Flexible syntacticnatchingof curvesandits applicationto automatic
hierarchicalclassi cation of silhouettes. IEEE Transactionson Pattern Analysisand Machine
Intelligence 21(12):1312-1328,999.

A. Gersho Asymptoticallyoptimumblock quantization|EEE Transaction®n InformationTheory
25(4):373-3801979.

M. M. GorkaniandR. W. Picard. Texture orientationfor sortingphotos'ataglance'. In Proc. 12th
Int'l Cont on PatternReca@nition, paged:459-464,1994.

J. A. Hartiganand M. A. Wong. Algorithm AS136: A k-meansclusteringalgorithm. Applied
Statistic$28:100-1081979.

J.Huang,S. R. Kumar andR. Zabih. An automatichierarchicalimageclassi cationscheme.In
Proc. 6th ACM Int'l Conf on Multimedig pages219-2281998.

T. Joachims.Making large-scaleSVM learningpractical. In Advancesn Kernel Methods- Sup-
port Vector Learning pagesl69-184 Editedby B. Scholkopf, C. J.C.Burges,andA.J. Smola,
CambridgeMA: MIT Press]1999.

J.Li andJ. Z. Wang. Automaticlinguistic indexing of picturesby a statisticalmodelingapproach.
IEEE Transactionson Pattern Analysisand Machine Intelligence 25(9):1075-1088003.

W.Y. MaandB. Manjunath.NeTra: A toolboxfor navigatinglargeimagedatabasedn Proc. IEEE
Int'l Conf onlmage Processingpages68-5711997.

O.MaronandT. Lozano-Rerez.A framework for multiple-instancéearning.In Advancesn Neusl
InformationProcessingSystem40, pagess70-576 CambridgeMA: MIT Press1998.

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

D. Marr. Mision: A Computationalnvestigationinto the HumanRepesentatiorand Processingf
Visuallnformation W H Freemar& Co.,1983.

J.W. ModestinoandJ. Zhang. A Markov random eld model-base@pproacho imageinterpreta-
tion. IEEE Transactiongon Pattern Analysisand Machine Intelligence 14(6):606—6151992.

K. Murphy, A. Torralba,andW. Freeman. Using the forestto seethe trees: a graphicalmodel
relatingfeaturespbjects,andscenesin Advancesn Neuml InformationProcessingsystem46.
CambridgeMA:MIT Press2004.

938



IMAGE CATEGORIZATION BY REGIONS

S.A. PressS. A. Teulolsky, W. T. Vetterling,andB. P. Flannery NumericalRecipesn C: Theart
of scienti c computing seconcdedition, CambridgeJniversity PressNew York, 1992,

J. RamonandL. De Raedt. Multi instanceneuralnetworks. In Proc. ICML-2000Workshopon
Attribute-\alueandRelationalLearning 2000.

J. Shi and J. Malik. Normalizedcuts and image segmentation. IEEE Transactionson Pattern
Analysisand Machine Intelligence 22(8):888—9052000.

J.R.SmithandC.-S.Li. Imageclassi cationandqueryingusingcompositaegiontemplatesint'l
J. Computenision andImage Undeistanding 75(1/2):165-1741999.

T. M. Strat. Natural ObjectRecanition. Berlin: SpringefVerlag,1992.

M. SzummemndR. W. Picard.Indooroutdoorimageclassi cation. In Proc. IEEE Int'| Workshop
on Content-Basedccesof Image and Video Databasespages42—-51,1998.

M. Unser Texture classi cation and sgmentationusingwavelet frames. IEEE Transactionson
Image Processing4(11):1549-15601995.

A. Vailaya,M. A. T. FigueiredoA. K. Jain,andH.-J.Zhang.Imageclassi cationfor content-based
indexing. IEEE Transactionson Image Processing10(1):117-1302001.

N. VasconcelosndA. Lippman. A Bayesianframework for semanticcontentcharacterizationln
Proc. IEEE Cont on ComputeiMision and PatternReca@nition, pages566—-571,1998.

J.Z. Wang,J. Li, R. M. Gray, andG. Wiederhold. Unsupervisednultiresolutionsegmentatiorfor
imageswith low depthof eld. IEEE Transaction®n PatternAnalysisandMachinelntelligence
23(1):85-912001a.

J.Z. Wang, J. Li, and G. Wiederhold. SIMPLIcity: Semantics-sensit integratedmatchingfor
picturelibraries. IEEE Transactionson Pattern Analysisand Machine Intelligence 23(9):947—
963,2001b.

C. YangandT. Lozano-Rrez.Imagedatabaseetrieval with multiple-instancdearningtechniques.
In Proc. IEEE Int'l Conf on Data Engineering pages233-2432000.

H. Yu andW. Wolf. Scenicclassi cation methodsfor imageandvideo databasesin Proc. SPIE
Int'l Conf on Digital Image Stolage andarchiving systemspages2606:363—-3711995.

Q. ZhangandS. A. Goldman. EM-DD: An improved multiple-instancdearningtechnique. In
Advancesn Neumrl Information ProcessingSystemsdl4, pages1073—-1080.Cambridge,MA:
MIT Press2002.

Q. Zhang,S. A. Goldman,W. Yu, and J. Fritts. Content-basedmageretrieval using multiple-
instancdearning.In Proc. 19thIntl Conf on MachineLearning page$82-6892002.

S.C.ZhuandA. Yuille. Region competition:unifying snales,region growing, andBayes/MDLfor
multibandimagesegmentationl EEE Transaction®n PatternAnalysisandMachinelntelligence
18(9):884-9001996.

939



