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3
1 Abstract

We proposea bottom-upapproach to object recognition centered on discriminationbetween

partsof objectsandgroupsof thoseparts. Discriminant�lter s are presentedasa techniquefor extracting

visualinformationthatdistinguishestheappearancesof partsfromeach other;margin-varianceclassi�ca-

tion is proposedasa wayto classifyindividual �lter responsesandgroupsof them.Wedescribea technique

called discriminantgrouping for decidinghow the objectparts shouldbe groupedtogether, and present

preliminaryexperimentsthat validatethesetechniqueson indoor imagesof “desktop” objectsin cluttered

environments.

2 Intr oduction

Objectrecognitionis oneof thefundamentalproblemsin computervision. Despiteover thirty

yearsof intenseresearchon the topic, a computerprogramableto reliably discover anddescribegeneral-

purposeobjectsin cameraimagesof unstructuredenvironmentshasbeenelusive. Sucha programwould

have applicationsto any taskrequiringthe understandingof sceneswith objectsin them; it would enable

automationin suchareasasmanufacturing,medicine,law enforcement,surveillance,andsecurity.

Thereareanumberof reasonswhy theproblemsof identifyingwhatobjectsarein view (here-

after“identi�cation”) andquantifyinghow they aresituated(hereafter“poseestimation”)aredif�cult. Vari-

ationsin lighting, internalcameraparameters,viewpoint, andvariousmaterialpropertiescausetheimages

of objectsto changein ways that aredif�cult to predict reliably from exampleviews; furthermore,it is

dif�cult to reliablydiscover3D objectstructureslikecornersor edgesin images,evenwhenCAD modelsof

theobjectsareprovided.Overcomingthe�rst problemhasposedconsiderablechallengesto thoseworking

on appearance-basedapproachesto recognition,while thosein thegeometry-basedschoolhave struggled

with thesecond.

Within thesetwo categoriesis a further distinction betweenexamining imagestop-downor

bottom-up. In the top-down paradigm,the �rst stepis to searchthe imagefor areaswhich might contain

theentireobjectin question.Likely candidatesarethenexaminedmorecloselyto seeif objectparts1 arein

correctsub-areas.Bottom-upalgorithmsdo theopposite–�rst searchtheimagefor components,thentry to

groupthefoundonesinto completeentities.The�rst approachsolvestheproblemby moving from global

objectpropertiesto local ones,while thesecondproceedsin a local-to-globalway.

This thesisdescribesa bottom-up,appearance-basedmethodfor objectrecognition.An object

is representedby theappearancesof its partsin asetof labelledtrainingimages;�nding theobjectin anovel

view beginswith searchfor sub-images(“patches”)containingtheparts.After thesesectionsof objecthave

beenfound,how they arearrangedin theimagegivesevidenceto theposeof theobject[39] or thelikelihood
1Throughoutthis paper, we usethe terms“part,” “component,” and “section” to refer to any small pieceof roughly square

surfaceon the object,not its functionalcomponents(i.e. limbs, joints, etc.) The term “patch” alwaysappliesto images,not 3D
surfaces.
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thatthepart identi�cationswerespurious[7]. In recentyears,approachesto recognitionin this framework

(for example,[39][9][18][19]) have shown potentialto solve identi�cation andposeestimationproblems

becausethey combinethemodellingsimplicity of globalappearancemethods[27] with therobustnessthey

lack.

On onehand,thesetechniquesharnessthe accessibilityof PCA/Eigenfacemethods[27] [25]

sinceobjectsare representedby appearances,ratherthanhard-to-measuregeometricproperties(corners,

occludingcontours,etc.).On theotherhand,throughbreakingup appearancemodelsinto sections,misde-

tectionof componentsandfalseidenti�cation of spuriousonesareaccommodatedto a degree.In this way

local appearancemodelsarecapableof solving the brittlenessto occlusion,clutter, andsingularviewing

conditionswhich weakensglobal appearance-basedtechniques.It is still true that predictingthe appear-

ancesof objectpartsover a wide varietyof viewing conditionsis dif�cult, but evenin this respectlocal-to-

global techniquesposeadvantagesto globalones,sincesmallsectionsof objectsareoftenlesssusceptible

to self-occlusion,perspective distortion,andlighting effects.

Mostalgorithmsfor objectidenti�cation fromcomponentappearancemaybedescribedin terms

of threedistinctphases.First, image �lter s transformimagepatchesinto a low-dimensionalspaceby ex-

tractingpertinentinformationfromtheimagesignal;next thepart classi�cationphase�nds correspondences

betweenpatchesin theimageandobjectcomponentsbasedon the�lter outputs;�nally , setsof foundparts

areclusteredin someway to producehypothesesaboutthe locationsof entireobjectsin group classi�ca-

tion(Figure1). Someapproachesforego oneof thesteps;for example,it is possibleto predicttheexistence

of entireobjectswithoutpart-to-partcorrespondences[20]. Nonetheless,thedifferencesbetweenmostpart-

basedrecognitionmethodscanbedescribedin termsof oneor moreof thesephases.

2.1 ProblemStatement

To describetheproblemof parts-basedrecognitionformally, we begin with a setof � images

of � objects.Eachobject
�

hasasetof components�����	��
 whichappearin asubsetof theimages.With each

image� is givenasetof labels
����������
���������


 whereeach� givesthelocationof smallsquaresub-images

containingthe corresponding���	� . We refer to the imagesand their label setsas training data, training

images, or thetraining set; patchesof theimageswill becalledtraining patches. We assumethatlabelsets

arecomplete,in the sensethat all objectcomponentspresentin an imagearerepresentedin the label set,

andthatthey arenoise-free,in thesensethattherearenospuriouspartsor labels.

Thetaskis this: Givenanovel image,alsoreferredto asatestimage, returnalabelset ���������
�����




containingpartsappearingin the imageandtheir correctlocationswhich is completeandnoise-freein the

samesense.
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3 ThesisStatement

Our thesisis thateachof the threephasesof parts-basedrecognitionarediscriminationtasks,

andthat thereforethemethodsusedto addressimage�ltering, part classi�cation,andgroupclassi�cation

shouldbe designedto encourageand model discriminability betweenpartsand groupsof parts. Filters

shouldextract imageinformationthatdisambiguatesviews of onecomponentfrom views of othercompo-

nentsandbackground;part classi�ersshouldfocuson how the �lter outputsfor distinct partsdiffer from

eachotherandfrom thoseof clutter;andgroupclassi�ersshouldmodelthecharacteristicsof groupingsof

componentsthat set themapartfrom eachother. We feel that applyingdiscriminative techniquesto each

phaseis a directway to avoid ambiguitiesthatcanarisebetweenimagesof distinctentities. Recognition,

in our view, is a problemnot just of modellingpropertiesof objects,but of modellinghow thoseproperties

differ within theobjectandbetweentheobjectandbackground.

Section4 givesabrief overview of ourproposedrecognitionframework andits relationto prior

work. A detailedexplanationof eachstepfollows in Section5. Section6 reportspreliminaryexperiments

whichhelpvalidatethediscrimination-centeredapproach,andproposedresearchis listedin Section7.

4 Overview Of Approach

Our techniquefor parts-basedrecognitionis summarizedby thefollowing steps:

� Training (Figures2 and3)

1. Tuneadiscriminant�lter to discriminatebetweenviews of distinctparts.

2. Trainadiscriminantpartclassi�er to distinguishbetween�lter outputsfor distinctparts.

3. Trainagroupclassi�er to disambiguategeometricarrangementsof distinctgroupingsof parts.

4. Usediscriminantgroupingto discardor modify thepartgroupsthatareambiguous.

� Testing(Figure1)

1. Scanthediscriminant�lter over theimage.

2. Usethepartclassi�er to determinewhich �lter outputscorrespondto whichobjectcomponents.

3. Clustertheidenti�ed partsinto thegroupsdeterminedby discriminantgrouping.

4. Usethegroupclassi�er to determinewhich identi�ed groupsaregenuine,basedon their geo-

metricproperties.

Section4.1 givesa morethoroughoverview of this processandSection4.2 discussesrelatedapproaches.

Section5 describeseachstepof themethodologyin depth.
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4.1 Brief Synopsis

This thesispresentsanapproachto parts-basedrecognitionwhich usesexampleviews to opti-

mize image�lters, partclassi�ers,andgroupclassi�ersto discriminatebetweenpartsandgroupsof parts.

At trainingtime,webegin with imageslabelledwith thelocationsof partsof objectsto berecognized.They

areusedto derive an image�lter calleda discriminative�lter which is optimizedso that �lter responses

for patchesof the samepart areclusteredtogether, while responsesfor differentpartsaredisparate.The

responsesof trainingpatchesto this �lter drive theoptimizationof a partclassi�er which distinguishes�l-

ter outputsfor the variouscomponentsfrom eachotherandfrom �lter outputsfor clutter. We thenusea

techniquecalleddiscriminantgroupingto decidehow to clustertheobjectpartsinto groupsthatareeasily

disambiguatedfrom eachotherbasedon their geometricarrangementsin images.Thedistancesandangles

betweenpartsin thegroupsareusedto train agroupclassi�er whichdiscriminatesspatialcon�gurationsof

onegroupfrom another.

At run time, a novel imageis scannedwith thediscriminative �lter andthe two classi�ersare

appliedin turn(Figure1). Thepart classi�erspredictwhich �lter responses,if any, correspondto patches

containingsectionsof objects.Thesepart identi�cationsareclusteredinto setsaccordingto thegroupings

determinedat training time. Then the distancesand anglesbetweenthe partsin eachgroup are passed

to thegroupclassi�er to determinetheplausibility of eacharrangementof components.Thediscriminant

�lter is analogousto sliding-window interestoperatorswhich uselocal cueslike texture,edges,or color to

extract imagepropertiesof limited spatialextent; thepart classi�er usesdiscriminanttechniquesto detect

which of thesepropertiescorrespondto which componentsof the object,andthe groupclassi�er applies

discriminantsto thegeometricarrangementsof componentsto combineindividualhypothesesaboutpatches

into hypothesesaboutextendedimageregions. Afterwards,whena suf�cient numberof part groupsare

identi�ed in anareaof theimage,we hypothesizetheexistenceof theobjectthere.

Section5 explainseachstepof this approachin detail. Discriminant�lters areformulatedin

Section5.1. Applying discriminanttechniquesto partandgroupclassi�cationaredescribedin Section5.2,

andSection5.3presentsanew methodcalledmargin-varianceclassi�cationfor thispurpose.Discriminant

groupingis presentedin 5.4.

4.2 Relation To Prior Work

To delineatethe differencesbetweenour methodologyand relatedwork2, we addressprior

methodsfor image�ltering, partclassi�cation,andgroupclassi�cationin turn. Theunifying themeof this

critiqueis thatpreviouslyproposedtechniquesfor component-basedrecognitionmayfall prey to ambiguities

in partappearancesor groupcon�gurationsby meritof theimage�lters, partclassi�ers,andgroupclassi�ers

used.
2This sectionwill be very limited in scopecomparedto the hugecorpusof literatureon objectrecognition. For morecom-

prehensive reviews of geometry-basedapproaches,look to theGrimsontext [15] and[45]; for appearance-basedapproaches,try
ForsythandPonce[12].
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4.2.1 ImageFiltering

Several authors,including [10], [28], [37], and[18] proposethe useof principal components

analysisto modelthelocalappearancesof components,muchthewayearlierresearchers[25] [27] modelled

globalappearances.An eigenspacedecompositionis computedfor thesetof all trainingpatches(or Fourier

transformsof themasin [18]), andrun-time image�ltering consistsof projectingnovel imagewindows

ontothe�rst severalsigni�cant eigenvectors.Sinceprojectingpatchesinto theeigenspaceis a dot-product

operation,the signi�cant eigenvectorscanequivalently be thoughtof aseigen-”�lters” that arecorrelated

with thetestimage.Local eigenspacesareanexcellentway to modeltheappearancesof componentsin a

low-dimensionalsubspacesincethe �rst � principal componentsrepresentthe best � -dimensional�t of

all patchesin anSSDsense;however for our applicationwe aremoreinterestedin discriminatingbetween

setsof imagepatchesthanreconstructingthem. In particular, while eigenspacetechniquesmaximizethe

covarianceof �lter outputsover all classesof imagepatches,they do not necessarilyencouragepartitions

betweenthem. As a result, it is necessaryto tune parametersof the PCA decomposition–namely, the

imagepatchsizeandnumberof signi�cant eigenvectors–to ensurethateigen�lter responsesfor different

componentsandfor clutterarenotconfused.Reasonablesettingsdependon thescaleof objectfeaturesand

viewing conditionssuchaslevelsof occlusion,noise,clutter, andlighting.

A moreprevalentapproachto �lter designis to constructbanksof convolutionalkernelsbased

on criteria that do not dependon individual instancesof training data. Gaborwaveletsarean especially

popularkernelchoice[2] [26][35] sincethey arelocalizedin frequency andspace;it is easyto synthesize

a set of Gaborkernelsthat regularly blankets both domains. Gaussianderivatives are also widely used

[35][2][33] duein part to thefact that responsesto themareequivariantto scale[35]; they have theadded

advantagethat �lter outputsfor certaintransformationsof the imagepatchescanbedeterminedautomati-

cally by steering[13]. While thesekernelsform a mathematicallysoundway to representthe imagesignal

presentin thepatches,responsesfrom themarenot necessarilysuf�cient for discrimination;in practicewe

will needto adjusttheGaussianwidthsof these�lters, andthefrequenciesof Gaborkernels,to ensurethat

the informationextractedfrom views of differentobjectpartsandcluttercanbedisambiguatedfrom each

other.

Filtersconsistingof invariantsbasedon kernelresponsesarehelpful sincetheoutputsfor the

sameobject part will not vary at all when the imageof the part undergoescertaintransformations;for

examplethedifferentialinvariantsin “jet” spacecomputedby Schmidetal[36] will notchangeif theimage

of the part undergoesa rigid displacement.Still, thereis no guaranteethat for a particularsetof kernel

parameterstheseinvariantswill bedistinguishablefor differentparts.Again, to ensurediscriminability, the

settingsof thekernelbankmustbetuned.

Otherimage�lters, for examplethosebasedonlocalcontourinvariants[39], colorinvariants[40],

andLaplacianzero-crossingimages[19] couldsuffer thesamelimitation–theparametersfor thesetransfor-

mationsmayneed�ne-tuning to reduceconfusionbetweenoutputsfor distinctcomponents.
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Meanwhile,in anumberof texturesegmentationpapers[32][43], local-level �lters aretunedfor

discrimination.RandenandHusøy[32], in particular, optimizethecoef�cients of linear �lters for a partic-

ular segmentationscenarioso that maximizingthe separationof their outputsto two texturesbecomesan

eigenvalueproblemsimilar to thatfoundin theformulationfor discriminant�lters in Section5.1. However,

someaspectsof thesegmentationscenarioandassumptionsmadeby theauthorsrestricttheapplicabilityof

this approachto componentdetection.For example,RandenandHusøyassumethatthetexturepatchesare

separableautoregressive �elds, while WeldonandHiggins[43] considerpatchesthatarewell-modelledasa

dominantsinusoidplusbandpassnoise.

Similarly, thecoef�cients of local linear�lters areoptimizedin convolutionalneuralnetworks

[22][21] so that their responsescanbe repeatedlycombinedanddownsampledto producedistinct target

outputsfor distinct typesof images. In fact, sinceconvolutional neuralnetworks train the parametersof

these�lters, samplingoperations,andcombinationsin asinglegradientdescentprocedure,wecanthink of

themastrainingfor image�ltering, partclassi�cation,andgroupclassi�cationat thesametime. This can

involve tuninga hugenumberof parametersfor recognitiontasksover a small area(for example,in [22],

60000parametersareestimatedfor characterrecognitionon a 32x32image),with theadvantagethat this

single-steptrainingapproachleaveslittle roomfor humansto introducedesign�a ws into theprocedure.

Discrimination-centeredtechniqueshavealsoappearedin globalapproaches.In theFisherfaces

method[1], imagesof anentireobject(facesin this case)areprojectedinto a low-dimensionalspaceusing

PCA,anda secondlineartransformationis determinedby optimizinga Fisherratio to encouragedisparate

outputsfor differentobjectsandsimilaroutputsfor thesameobject.As shown in Section5.1,ourapproach

differsin thatwetakemany imagetransformationsandcombinetheresults,while Fisherfacesincorporatea

singleeigenspacedecomposition.

4.2.2 Part Classi�cation

Most prior approachesto part classi�cationapplya distancemetricbetween�lter outputsfor

training examplesand�lter outputsfor testcasesanddecidethat they matcheachotherif the distanceis

low enough.For example,many systemsemploy voting schemesin which anobjectis givena vote if one

of its training�lter responsesis within somedistanceto a testresponse[2][9][36][33][33][39][18][28]. This

techniqueis simpleandwidespread,andit canoftengivegoodclassi�cationresultsin spiteof its simplicity.

However, thebehavior of thesetechniquesis determinedby thedistancemetric;onethatis poorlydesigned

mayincorrectlymatcha testexamplewith many differentobjectpartsor with no objectpartsif it doesnot

penalizedistancesproperly. Previous researchersin object recognitionseemto set the parametersof the

distancefunctionarbitrarily, leaving themopento ambiguitiesbetweenparts.

Insteadof testingdistancesbetween�lter outputsfor individual testandtrainingpatches,some

researchershaveproposedto approximatethedistributionof trainingresponsessothattestresponsescanbe

comparedto thedistribution ratherthanindividual trainingexamples.For example,Muraseetal[27] suggest
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interpolatinga surfaceover trainingdataanddeterminingcorrespondencesbasedon thedistancesbetween

this surfaceandrun-time�lter responses,while Rikert et al [34] �t a mixture-of-Gaussiandistribution to

thetrainingoutputs.Generallyspeakingit is dif�cult to arrive at theseapproximatingfunctions,andthere

is still theproblemof how to determinea distancemetricbetweentestcasesandtheapproximation.A test

patchcouldbespuriouslymatchedto many objectpartsif it is not tunedcorrectly.

An alternative is to usediscriminantsto classifythe�lter responses.In [26][29], supportvector

machinesaretrainedto discriminatebetweenGabor�lter outputsfor a particularpart andoutputsfor all

otherpartstogether. Thisapproachdirectlyaddressesambiguitiesby trainingthepartclassi�erto distinguish

between�lter responsesfor distinctparts.As statedabove, though,thewaveletoutputsthemselvesmaybe

indistinguishableif the�lter parametersarenotsetproperly.

4.2.3 Group Classi�cation

As mentionedabove,mostmethodsfor parts-basedrecognitionusesimplevoting techniquesto

combineindividualhypothesesaboutpartsinto largerhypothesesaboutobjects[2][9][36][33][33][39][18][28].

Eachcorrespondencebetweenan objectcomponentanda testpatchproducesa vote for the object;when

anobjectreceivesenoughvoteswe concludethat it is in the image.Themain limitation to this technique

is that it doesnot checkthatall the identi�ed partsarein a properarrangementwith respectto eachother

in theimage.This meansthat,for example,individual identi�cationsof two eyes,a nose,anda mouthwill

leadto a matchfor a face,evenif themouthis betweentheeyesandnose,theright eye is to theleft of the

left eye, andsoon. Falsepart identi�cationsscatteredrandomlyin thebackgroundwill generatevotesfor

objectsthatarenotpresent,evenif thosepartsarenotplausiblein concert.

Schmidet al [36] proposetwo heuristicsto incorporatethe geometriccon�gurationsof parts

into groupclassi�cation.First,partmatchesarediscardedwhenthey arenearbymany matchesfor partsof

otherobjects.Also, pairsof partmatchesareremovedwhenthedifferencein gradientdirectionsbetween

thoseimagelocationsis inconsistentwith gradientdifferencesbetweenthe partsin training images.The

�rst heuristicdoesnot help whenfalsematchesfor many partsof the sameobjectare found in onearea

of the image. Also, the secondheuristicis only usefulwhen falsecomponentmatchesoccurat random

orientationsin theimageplane,andwhenthegradientis computedreliably.

In contrast,Peronaet al [7] constructa probabilisticmodelof wherepartsshouldbe seenin

relation to eachother. The imagepositionsof all componentsin a groupare assumedto be distributed

accordingto a multivariateGaussiandistribution whosemeanandcovarianceareestimatedfrom training

data. At run time, the “shapelikelihoods”of groupsaredeterminedby computingtheir joint probability

with respectto thedistribution. This probability, in turn, �ts nicely into anoverall schemefor probabilistic

recognition: the probability of an objectexisting at a particularlocationin an imageis factoredinto two

terms,onedependenton theprobabilityof thepart identi�cations beingaccurateandtheotherdependent

ontheprobabilityof identi�ed partsbeingin thepropercon�gurations.Unfortunately, thisapproachis only
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appliedto thecaseof asinglegroupof parts;it is unclearwhethermodellingthearrangementof eachgroup

by a separateshapelikelihoodwill suf�ciently disambiguateinstancesof distinctgroups.In our approach,

ratherthanmodellingeachgroupcon�guration separately, we usediscriminantsto modelthe differences

betweencon�gurationsfor differentgroups.

Otherauthorshave taken advantageof the unifying natureof a probabilisticformulation,but

make Markovian ratherthan Gaussianassumptionsaboutthe distribution of components[24][23][4]. In

otherwords,thespatialdistributionof apartis determinedentirelyby thepositionsof partsin its immediate

neighborhood,so that the probability of an identi�ed groupbeing in a correctcon�guration is a product

of probabilitiesover neighborhoods(a.k.a. “cliques”). In [24], partsareidenti�ed probabilisticallyalong

a contour, andtheprobabilitythat thecontoursurroundsthedesiredobjectdependson theprobability that

eachof theneighborsof partsarein acceptablearrangements.Boykov andHuttenlocher[4] take a similar

approach,but alonga regular2D grid superimposedontothe image;theprobabilityof correctspatialcon-

�guration dependson eachidenti�ed parthaving correctneighborson thegrid. Meanwhilein [23] thepart

neighborhoodsmaybedistributedarbitrarilyover theimage,andtheneighborhoodprobabilitiesdependon

geometricpropertiesderivedfrom thecon�gurationsof parts.Eachof thesemethodsrestrictpartpositions

in variousways,eitherforcing themto lie on a parameterizedfamily of curves[24] or constrainingthem

to Euclidean[4] or similarity [23] transformationsof a rigid model. Furthermore,[4] and[23] arelimited

by computationalconcernssincethey try to �nd themaximumaposterioripartpositionsandcon�gurations

over theentireimageat once;theoptimizationproblemin [23] in particularwill grow in complexity with

thenumberof falsepart identi�cations. Finally, thesetechniquesbecomelessfeasibleastheneighborhood

sizegrows.

Most top-down methodsalsorestricthow componentsaredistributed[37][26]. Here,a sliding

window is passedover the image,andrestrictedsub-windows at eachlocationaresearchedfor the parts.

Constrainingpartlocationsto sub-windows speedscomponentidenti�cation andgrouping,andthereduced

complexity helpsoffset thecostof evaluatingevery imagelocationasa possibleobjectlocation;however,

it alsomeansthatobjectscanonly berecognizedover a limited rangeof aspects.Typically, this limitation

is overcomeby designingdifferentrecognizersfor differentposes;for example,wecouldslideonewindow

over theimageto searchfor frontal faces,onefor pro�le-view faces,etc. In our work, however, wewish to

formulateauni�ed recognitionalgorithmwhich identi�es objectsoverall possibleaspectsin onepass.

5 ProposedFramework

Thissectiondetailsourproposedmethodsfor image�ltering, partclassi�cation,andgroupclas-

si�cation. Section5.1describesdiscriminant�lters, a techniquefor image�ltering. Theuseof discriminant

classi�ers for part classi�cation and group classi�cation is coveredin Section5.2, and margin-variance

classi�ersareproposedasa speci�c discriminantmechanismin Section5.3. Discriminantgrouping,our

techniquefor decidinghow to clusterthepartstogetherfor groupclassi�cation,is describedin Section5.4.
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5.1 ImageFiltering By Discriminant Filters

To describeour problemsettingmore formally, we start with
�

classesof example image

patches� � ����� � ��� ������� � �
	 
 correspondingto views of
�

differentobjectsections. We denotea set

of � image�lters asa function � which mapsa � -dimensionalspaceof imagepatchesof �x edsizeto the
� -dimensionalspaceof �lter outputs.Our recognitionparadigmis to compute���
� � for all ����� anduse

theseoutputsto train a classi�er to correctlydetectwhennovel responses���
��� � correspondingto image

patches� � containpart � � .

Discriminant�lters areatechniquefor �nding the � maximizingtheseparationof responsesfor

differentclasses,while minimizing theseparationof responsesfor thesameclass.For notationalsimplicity

we illustratetheapproachfor thecaseof discriminatingbetweentwo partswith imagepatches��� and �
� .

Ourgoalis to derive a function � whichmaximizesthefollowing criterion:

�

�
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(1)

Thenumeratorsummarizesthedistancesbetweenprojectedpatchesin �
� andprojectedpatchesin �

� and

is analogousto thebetween-classscatterof Fisherdiscriminants[11]. Thedenominatorsummarizesthedis-

tancesbetweenprojectedpatchesin thesamesetandis analogousto within-classscatter. Two setswhose

patchesarewell-separatedfrom eachotherwill be theeasiestto discriminate,sowe seeka � which max-

imizesthenumerator;at thesametime,well-clusteredsetsof �lter outputsrequiresimplerrepresentations

for discriminationsowe want � to minimizethedenominator.

Weexpress� asa linearcombinationof m-dimensionalbasisfunctions 3
4 :

���
�
�

�65

�87
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This representationis not a restriction;we canrepresentarbitrarily complex functions � provided thatwe

have a suf�cient numberof uniquebasisfunctions.Givensomesetof � basisfunctions 3
4 for � different

parametersettings,we seekto �nd the setof coef�cients I �KJ

7

�
�

7

�
�

9�9�9
�

7ML+NPO

which maximizes
�

.

Substituting�
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where

T

�

� � �

D

5

�����
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Theratiomaybeexpressedequivalentlyas

�

�
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�

I

I

O

�
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(4)

where
�

and
�

aren-by-nmatricessuchthat

�

�
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The I which maximizes(4) is theeigenvectorcorrespondingto the maximumgeneralizedeigenvalueof
�

and
�

. Note that the coef�cients T

�

�
� and X

���

�
� which comprise

�

and
�

are readily computed

by evaluatingthe basisfunctions 3
4

<$>�? over all elementsof both sets �
� and �

� andtaking variousdot

productsandsums.Thegeneralizedeigenvaluesof
�

and
�

maythenberecoveredusingwell-established

numericaltechniques.

This formulation is not restrictedto two-componentdiscrimination. In the generalcase,the

within-classdistancesin thedenominatorwill besummedover all setsandtheacross-classdistancesin the

numeratorwill besummedoverall pairsof sets,thus
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Tosummarize,ourproblemof combiningbasisfunctionsto maximizedistancesacrosssetsof imagepatches

while minimizing distanceswithin thesetsreducesto evaluatingthebasis�lters on patchesin thesetsand

�nding generalizedeigenvalues.

5.1.1 Moti vation

Why designimage�lters sothatoutputsfor thesameclassareclosetogetherwhile thosefrom

differentclassesarefar apart? The chief motivation is groundedin an assumptionthat if training image

responsesaresituatedthatway, thentestimageresponseswill betoo. If this is thecase,thenat run time it

will bedif�cult to confusetheparts. In otherwords,classesthataretightly clusteredin thespaceof �lter

outputspermit simpler classi�cation mechanisms;for example,a line partitionstwo unimodalresponse

distributions,while amorecomplicatedcurve maybeneededfor two multimodaldistributions.
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A morerigorousanalysisof this intuition for binarylinearclassi�erssuggeststhatit is easierto

designclassi�ersthatgeneralizewell whendatadistributionsarewell-separatedandtightly-clustered.Given

setsof trainingdatafor two classes,thegap-tolerant classi�er �nds thediscriminantwhich maximizesthe

margin betweenthetrainingsets,just like supportvectormachines.At run-time,however, it is notaskedto

make decisionson testdatafalling within themargin or outsideof theminimum-sizedball which encloses

the training data. Call the diameterof this ball
�

and the width of the margin
�

. Vapnik proved [42]

that the averagetest set error, over all possibletraining sets,is boundedfrom above by the averageof
�

���

�

� over all trainingsets.Furthermore,theVC dimensionof gap-tolerantclassi�ersis boundedfrom

above by �

�

� ���

�

���

�

���

��� � Z

R

in a � -dimensionalspace.Gap-tolerantclassi�ersarenotgenerallyuseful

becausethey simply ignoreportionsof thespace,andboundson their generalizationarenot directly linked

to meansandvariances,asin ourratio
�

. However, if thedatafrom theclassesareuniformly distributedand

thenumberof trainingexamplesis high, thegap-tolerantclassi�er will work muchtheway a usuallinear

discriminantwould,and 	 J

�

�
�

�

�

N

is in somesenseameasureof how spreadouttheclassesareversushow

well separatedthey are.Thebottomline is thatdiscriminant�lters aredesignedto producedistributionsof

�lter outputsthataredisparatefor differentpartswhile clusteredfor thesamepart,andcertaindiscriminant

classi�ersprovably performwell underthesecircumstances;thismotivatescombiningthetwo at run time.

5.1.2 BasisSelection

To usediscriminant�lters, we �rst must selectbasisfunctions 3�4 . Here we considertwo

approachesfor doing so– the �rst is basedon the useof pre-de�ned linear �lters, and the seconduses

arbitrarynonlinearfunctions.

First, we think of discriminant�lters asa mechanismfor combiningmany setsof pre-de�ned

image�lters whoseparametersvary. Previously, many differenttypesof �lters have beenappropriatedfor

partsdetectionsuchasGaborwavelets[2] [26][35], Gaussianderivatives[35][2][33], differentialinvariants

[36], local eigenspaces/PCA[10][18][28], andcolor statistics[40]. Eachof thesecontaindistinctcharacter-

isticsthatmake themadvantageous;for example,Gaborkernelsarewell-localizedin spaceandfrequency,

invariantscantoleratetransformationsof theimage,andlocaleigenspacesminimizereconstructionerrorof

thetrainingviews.

But asexplainedin section4.2.1,noneof these�lters aredesignedfrom the beginning with

componentdetectionin mind. As a result,implementationsrely on two typesof optimizations:tuningthe

designparametersof the�lters sothatoutputsfor distinctpartsaredistinct,andadjustingthesettingsof the

partclassi�cationmechanism.For example,supposewewantto recognizeobjectsusingimageresponsesto

a setof Gaussianderivativesto tally votesfor objectpartsin a hashtable,asin [33]. For somerecognition

scenariosit may be unclearhow to determinewhat Gaussianstandarddeviation (later referredto as the

“width” or “scale”of thekernel)will resultin responsesthatarewell-clusteredfor thesamecomponentand

well-separatedfor differentcomponents;it mayalsobedif�cult to determinewhatsizethehashtablebins
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shouldbeto minimizeincorrectvotes.

We usediscriminant�lters to optimizelinearcombinationsof these�lter setsover a rangeof

�lter parameters,thusincorporatinginformationfrom many �lter setsautomatically, without the needfor

trial-and-errorexperiments.Referringto Gaussianderivativesagain,we could let each3 4 correspondto a

particularGaussianwidth, sothateach
C

��� is a Gaussianderivative of order
�

andwidth 	 . By instantiating

many such 3 4 overa rangeof plausiblewidths,wearrive atabasisto usefor solvingthediscriminant�lter

optimization.

Therearemany nonlinearalternativesto thedesignof
�

. Onepossibilityis to takeanapproach

similar to thatof radialbasisfunctions([3] ch. 5) by instantiatingone 3
4 pertrainingpatch.Each
C

��� could

thenbea localizedfunctionlikeaGaussianor aGaborwaveletcenteredat thetrainingpatchcorresponding

to 	 andwith designparameterscorrespondingto
�

. Anotherpossibility is to make
�

a sinusoidbasis,

so that each
C

��� is a sinewave with frequency correspondingto
�

andphasecorrespondingto 	 . We can

complementthesenonlinearbaseswith transformationsof the imagepatchesthat make theminvariant to

certaintransformations.For example,we canFourier-transforma polar representationof thepatchesasin

[18] to make theminvariantto in-planerotations.

5.2 Discriminant Part Classi�cation and Group Classi�cation

Denoteby � ��� the setof all training imagepatchesof part ���	� andby � ��� the setof all �lter

outputsfor � ��� , i.e. � ��� � �����
�
�

S

� � � ��� 
 . Also, let �

�

denotethesetof all �lter responsesto clutter

patchesin thetrainingimagesand � �����

�

���

�

#

�

� ��� 
 . For partclassi�cation,weusesets� ��� and �

�

to

optimizeasetof functions ���

�

���


 suchthat

�

�

�
	

�	�
�
� ���

�	���
�
�

�

� �	� �

�

���

�
��� (

�

�

���

�
��� �

is maximized.

Next, we clusterthepartsinto groupsof �x edsize � . A partgroup � ��� � ��� ���

�

�
� ���

�

�
9�9�9

�
� �	�

�




is formedfor eachsubsetof componentsseentogetherin at leasta few trainingimages3. Let �
���

� denotea

vectorof anglesanddistancesbetweenthepartsin group � ��� in image � , andlet � ��� denotethesetof all

�
���

� for aparticulargroup � ��� . At thispointwecouldusethesets� ��� to optimizeasetof functions�����

���


 to

discriminatebetweengroups,but unlike thepartclassi�ersthey would not take into accountcharacteristics

of the clutter. Speci�cally, supposesomesectionsof the scenebackgroundlook similar to partsof the

objectswe arelooking for, but arearrangeddifferently thanthosepartswould usuallybe;we shouldtrain

our groupclassi�ers to discriminateagainstsuchcon�gurationsof confusingbackground.To do so, we

run thepartclassi�erson thesametrainingimagesthey wereoptimizedfor, andanalyzetheclutterpatches

they incorrectlyidentify asobjectparts.Supposethepartclassi�ersmistakenly tell usthateachof theparts

in group �
��� arepresentamongthe background.Thenwe measurethe distancesandanglesbetweenthe

3To avoid confusion,groupsarealwaysindexedby Greekletterandpartsarealwaysindexedby Romanletter.
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locationsof theclutterpatchescausingthesespuriousidenti�cationsandinsertthevectorof themin theset

of clutter groups �

�

���

for group � ��� (Figure3).

Let � ���

�

�

#

�

�

�

���

� �

�

#

�

� ��� 
 . We trainasetof functions ��� �

���


 suchthat

�

�

�

�

� � � � �

�

� �

�

� �

�

� �

�

� �

���

� � ��( � �

���

� �

� �

is maximized.

Wechoose�

�

���

and � �

���

from thefollowing family of classi�ers:

�

�

���

� ��� � 5

���

!���� �

7

�

��� �

9
	 � � � �	� � Z�� ��� (5)

� �

���

� � � � 5




�

!������

7

�

��� �

9�	 � �;� � � � Z�� ��� (6)

At run time, we selectsomeset ��� of subwindows of the testimageat randomandcompute

their �lter responses�
�
. For each� in �

�
, andfor eachpart � �	� , we compute�

�

���

�
��� . Those� for which

�

�

���

�
��� falls within anappropriateinterval areacceptedasmatcheswith thecorresponding���	� . This is the

partclassi�cationstep–imagepatches� arematchedwith objectparts� ��� . Notethateachtestpatchcould

matchmore thanonecomponent;for exampleif �

�

���

�
��� and �

�

�
�

�
��� areboth within the properintervals,

patch� will match� ��� and�
�

� . Ourstrategy is to let thegroupclassi�cationstepusegeometricinformation

to determinewhichcorrespondenceis thecorrectone.

Identi�ed componentsarethengroupedasin training. Anglesanddistances� ��� betweenthe

partsin eachdetectedgroup � ��� aremeasured.If �
�

���

� � ���
� is too low or toohigh,or if �����

�

# �
�

� �

#

�

%

�
�

���

� � ���
�=(

�

�

�

�

� �
�����

% is too low, thegroupis rejectedasspurious.Thesecondcriterionmayberelaxed;for example,if

confusingonegroupfor anotheris unimportant,we could just requirethat �
�

���

� � ���
� lie in someinterval for

all identi�cationsof groups	 from object
�

. Therun timeprocessis summarizedin Figure1.

Sincepartandgroupclassi�ershave thesamefunctionalform, andsincethesametechniques

areusedto optimizeboth, we addressthe optimizationof a setof genericclassi�ers ���
� �

�
� �

9�9�9
�

��� 
 to

discriminatebetween� differentclasses,with theunderstandingthatthetechniquesmaybeappliedto both

�

�

and �

�

. Eachclassi�er � � is trainedon a setof examples!"� � �
#$���
�

#$� �
�

9�9�9 
 from class % . The

associatednotationfor �
� is

�&� �'#
�

� 5

�

7

�
�]9�	 �'#

�
�

�
#

�
Z��(� (7)

This functional form is generalenoughto encompassmany typesof classi�cation, including

radial basisfunctions[3], generalizedlinear discriminants[3], andlocal “nonparametric”techniquessuch

asdistance-weightedk-nearest-neighbors. The kernel function 	 , the combiningcoef�cients
7

�
� , andthe

bias �(� determinethedecisionsurfaceswhich partitiontheclassesfrom eachother. As anexample,linear

discriminanttechniquesconstrainthecombiningcoef�cients sothatthedecisionboundariesbetweenclasses
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lie on straightlines, and try to adjustthe coef�cients andbiasso that the resultinglines representgood

partitionsof theclassesin somesense.As anotherexample,thecharacteristicsof thekernelfunctionmay

beadjustedto increasediscriminationbetweensetsin radialbasisfunctionapproaches.

5.3 Mar gin-VarianceClassi�cation For Part and Group Classi�cation

This sectionproposesa methodfor optimizing classi�ers ���Q� � �W� � 9�9�9 � � � 
 that is similar in

spirit to theoptimizationfor discriminant�lters. Theparametersof theclassi�ersaretunedsothatacriterion

representingtheratio of between-classseparationsto within-classvariancesis maximized,but in this case

we formulateseparationin termsof margins.

5.3.1 Intr oduction

Considera restrictionof our classi�ersto linearmodels.That is, thecoef�cients
7

�
� arecon-

strainedsuchthatthediscriminantfunctionscanalternatively beexpressedas

�&� �'#
�

�

�

�:9
# Z��(� (8)

The“score” for somepoint # belongingto class% , �
�

�'#
� , increaseslinearlywith distancefrom

a line perpendicularto �

� . Theoutputof � � �'#
� is supposedto relateto ourcon�dencethat # is aninstance

of class% , andintuitively thiscon�denceshouldincreaseas # is fartherfrom thedecisionboundary.

Large-margin classi�erstry to derive �

� and �(� suchthatthedistancefrom thedecisionsurface

to all points is high, so that in turn our con�dencein the classi�cationsof training points is high. But

for our problem,we want more than just high con�dencesin our classi�cations;we want equally high

con�dences.We make no assumptionsabouthow our trainingpointsareselected;thereforethey shouldall

receive roughlythesameclassi�cationscoreaswehavenoreasonto bemoreor lesscon�dent in any single

point. However, if only themargin is optimizedduringtraining,thenpointsthathappento lie fartheraway

from thedecisionsurfacewill receive higherscoresfor nogoodreason.

Anotherway to think aboutthis problemis to considerour run-timestrategy for rejectingdata

pointsoutright. For supportvectormachines,a typical approachis to make no classi�cationon testpoints

#�� for which ��� �'#��
� is below theminimumvalueof � � �'#��

� over all trainingexamples#�� of class% . These

points aresaid to fall into the “margin set;” in a sense,they are “too close” to too many classesfor us

to distinguishwhich classthey arein. The problemis that this policy is not conservative enough,andin

particularit will tendto misclassifyoutliersthatare“too far” from all theclasses.For two-classproblems,

large-margin classi�erspartitionthedataspaceinto threesections:testcasesfalling into themargin setare

rejected,while the entirehalf-spaceson eithersideof the margin areclassi�ed asoneclassor the other.

Thus, the classi�er will acceptmatchesover a wide rangeof the dataspacethat may have never been

representedin thetrainingdata.In ourapplicationthis is especiallyimportant;backgroundsof scenesoften
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have highly variableappearance,sowhenwe classify�lter responsesweneedto beableto rejectthosethat

arefar removedfrom any seenat trainingtime.

To give usa criterionto rejectoutlying partsof theinput space,we couldimposeanadditional

upperboundon theclassscoresso thatwe only acceptpoint �'� asmatchfor class% if � � �'#�� � is between

themaximumandminimumvaluesfor trainingexamples� � . This will cutout someof the“dead”portions

of theinput spacefrom classi�cation,but we cando evenbetterby applyingthesehigh andlow thresholds

after training our classi�ers to minimize the varianceof training examplescores. As an illustration of

this, considera binary classi�cation problemshown in Figure4. Two classes,marked “x” and “o”, are

uniformly distributed over well-separatedareas. The linear discriminant � which maximizesthe margin

betweenthe two sets,as found by supportvectormachinesoftware [8], is the red line in the imageon

the left; thediscriminantwhich minimizesthevarianceof classi�cations � �
� � is the red line in the image

on the right. Now assumewe set our thresholdssuchthat at run time we only accepta feature # � as

an “o” if � � � �

�

!����

�����'#
�����

��� �'# �
�	�

� ��
��

�

!����

��� �'#
��� . In this case,only the points that fall in the

darker andlighter blue regionswill be acceptedasan x or an o, respectively. The subspaceof pointsfar

away from thetrainingexamplesthatcouldbeacceptedasmatchesis larger for the �rst discriminantthan

the second,even thoughthedistribution of datais the same;this meansthat the �rst discriminantwill be

morelikely to acceptunfamiliar datascatteredrandomlythroughoutthespace.On theotherhand,the�rst

classi�er hasa largermargin thanthesecond,andcanthereforebeexpectedto rejectmoretestpointsat the

uncertainboundarybetweenthe classes.A tradeoff emerges–the large-margin classi�er doesa goodjob

of rejectingambiguouspoints “between”the classes,while the low-varianceclassi�er rejectsambiguous

points“outside” theclasses.

5.3.2 Formulation

Thus, we have two designcriteria to keepin mind when deriving linear discriminants. We

wantthemto separatethevariousclasseswell, but we alsowanttheclassi�er scoresfor all membersof the

sameclassto vary aslittle aspossible.This sectiondescribesa techniquefor discriminantselectionwhich

optimizesbothcriteriasimultaneously. Tosummarize,ourgoalis to deriveadiscriminantwith thefollowing

characteristics:

� Thediscriminantshouldbelinearin thespaceof # .

� Thereshouldbea largemargin betweentheprojectionsof pointsfrom differentclasses,which is to

saythat � � �

�

*�


!��
*

#

�

���

�
!��

*

%

�

�

�'#

�

�
�2(

�

�

�'#

���

�

% is aslargeaspossible.

� Thevariancesof trainingdatascoresshouldbeassmallaspossible.In otherwords,for eachclass!
�

wewantto minimize � %�� � J

�

9 #
�

�

N

�

�����

����

���

�

�

! 

�

�
�"�

� where# � �

�

�
�"�

�
�

�
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�

�:9
#
�

� .

In thecaseof two classes,! � and !

� , wewantto discriminatewith asingleaf�ne model � �'#
�

�

�

9 # Z � .

Following Burges[6], denotethetrainingdatafrom bothclassesputtogetherastheset �
# � 
 , andlet �
���

R

if
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# �)�"!

� and� ��� (

R

otherwise.Thesupportvectormachineis aclassi�erwith the�rst two characteristics–

a lineardecisionsurfaceanda largemargin. Theoptimizationproblemis asfollows:

MAXIMIZE �

SUBJECT TO �

�

�����

�

���	�

 




�


 �

�

�

�

(9)

The ��� �

�

9 # � Z � � on theleft of theinequalityrepresentsthedistanceof points # � to thehyper-

planeseparatingtheclasses.Becauseanarbitraryscalingof � will causeanarbitraryscalingof themargin
� withoutchangingthesolution,thisdistanceis scaledby %

�

% . An equivalentprogramis

M INIMIZE %

�

%

�

SUBJECT TO � ���

�

9 # �=Z � �

�

R

�

�

(10)

which in turn is aquadraticprogrammingproblemto besolvedby introducingLagrangemulti-

pliersfor eachof theconstraintsasdescribedin, for example,[6].

In contrast,wemodify theproblemto thefollowing:

MAXIMIZE �

�


	�

	




SUBJECT TO �
� �

�

9 # �QZ��
�

�

�

�

�

(11)

where
�

�

�

�

Z

�

� ,
�

� �

�

�

� !����

�'# �
(

# �
�

�'# �
(

# �
�

O

, and

# � �

R

S

! �

S

5

�

� !�� �

# � (12)

Thenumerator, �

� is thesquareof themargin betweenthetwo classes,while thedenominator

is thesameasthe“scatter”termin thedenominatorof Fisherdiscriminantsandsummarizesthevarianceof

projectionsof pointsonto thediscriminantline. Note thatwe no longerneedto scalethetermson the left

sideof theconstraintsin (11)sinceany scalingof � which increasesdistancesto theseparatinghyperplane

will alsoincreasethevarianceterm �

O

�

� . Wecall classi�erswhichsolve (11)margin-varianceclassi�ers

or MVC for short. We could formulatea new Lagrangianfor (11) anddevise a way to optimizeit aswas

donefor the original problem(9), but thereis no need–by a simple transformationof variableswe can

arrange(11)sothatit is identicalin form to (10). To seethis,we �rst notethat(11) is identicalto

MAXIMIZE
�


	�

	




SUBJECT TO �
���

�

9 # �=Z �
�

�

R

�

�

(13)

which in turn canberephrasedas

M INIMIZE �

O

�

�

SUBJECT TO �
���

�

9 # �=Z �
�

�

R

�

�

(14)
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Since

�

is asymmetricmatrix, it is diagonalizableby anorthogonalmatrixP:

�

�

�

�

�

���

�

�

O

���

(15)

where
�

is somediagonalmatrix

�

�

��

�

�

�

�

� � � 9�9�9

�

�

��� 9�9�9

...
...

...
. . .

�
	

	

	

�

(16)

This is alsocalledtheSchurdecompositionof
�

. Now de�ne

�

�
� �

�

��

�

�

�

�

�

� � � 9�9�9

�

�

�

��� 9�9�9

...
...

...
. ..

�
	

	

	

�

(17)

Then
�

�

�

�
� �

�

�
� � , and
�

�

�

O

�

�
� �

�

�
� �

�

(18)

Substituting(18) into (14) we arrive at theproblemof minimizing �

O

�

O

�

�
� �

�

�
� �

�

� . But since
�

�
� � is

diagonal,
�

O

�

O

�

�
� �

�

�
� �

�

�

�

�

O

�

�

�
� �

�

�

O

�

�
� �

�

�

�

%

�

�
� �

�

�

%

�

� (19)

So now our problemof solving (14) is a problemof minimizing the norm of a vector as in (10). Let
���

�

�

�
� �

�

� . Ournew programcanthenbewritten:

M INIMIZE %

�
�

%

�

SUBJECT TO �
���

�
�

9���� Z��
�

�

R

�

�

(20)

where ����� �

�

�

�
� �

�

�
# � . This givesus the following procedurefor solvingmargin-variance

classi�erswith existingsupportvectormachinetechniquesandsoftware:

1. Orthogonallydiagonalize
�

into
�

O

���

.

2. Transformall input features#
� to ��� � �

�

�

�
� �

�

�
#

� .

3. Find the �
� and � whichsolvesthesupportvectormachineproblemfor inputdata��� .

4. Return�

� �

�

�
� �

�

�

�

�

�
� and � asthesolutionto (11).

Maximizingthecriterion �

�


 �

	




is awayof balancingtherequirementsof largemargin andlow

variance.In somecasesit maybedesirableto allow theuserto specifytherelative importanceof themargin

andvarianceterms.To doso,we introducea parameter� andsolve thisprogram:

M INIMIZE %

�

%

�

Z

� �

O

�

�

SUBJECT TO thesameconstraintsas���
� �

(21)
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Higher valuesof � will placemore importanceon reducingthe variance,while setting � to

0 resultsin the supportvectormachineoptimizationfor large margins. As above, this problemmay be

solved usingstandardsoftwarefor supportvectormachinesby a linear transformationof input variables;

thedifferenceis thatthis transformationis determinedby aSchurdecompositionof
�

Z

�

�

ratherthan
�

.

5.3.3 Multiple Classes

Thequestionof how bestto generalizethenotionof “margin” to multiple-classproblemshas

not yet beenresolved. Most applicationsof large-margin classi�ers to multiple-classproblemssidestep

this issueby creatingensemblesof binaryclassi�ers,eachof which discriminatesbetweenpairsor groups

of classes[31][42][14]. Threemethodswhich do addressthe issueof deriving a large-margin classi�er for

multipleclassesin asingleoptimizationhavebeenpresented,however. Vapnik[42] andWestonandWatkins

[44] independentlyderiveda � -classsupportvectormachinewhichsolvesthefollowing program:

M INIMIZE �

�

D

���

%

�

D

%

�

SUBJECT TO �

D

9�# ��Z��

D

�

�

L

9 # �QZ �

L

�

# �2� !

D

�
��� �

�

(22)

In contrast,Guermeuretal [16] de�ne theirmulti-classSVM to solve thisslightly differentprogram:

M INIMIZE �

�

D

���

�

�

L

�

D

�

�

%

���

(

���

%

�

SUBJECT TO thesameconstraintsas(22)
(23)

Theirformulationis justi�ed byatheoreticalresult[30] whichlinks �

�

D

���

�

�

L

���

%

�
�

(

�
�

%

�

to anupperboundonthegeneralizationerrorof multi-classlinearclassi�ers.BredensteinerandBennett[5],

meanwhile,solve thesumof thesetwo programs.

If we formulatemultiple-classmarginsasin (22), thetrick usedabove to castMVC derivation

asasupportvectormachineoptimizationiseasilyextendedto themulti-classcase.In particular, theproblem

wewish to solve is

M INIMIZE �

�

D

���

�

O

D

�
D

�

D

SUBJECT TO thesameconstraintsas�
U U�� �

(24)

For thesamereasonsasthebinarycase,

�
D

�

�

O

D

�

�
� �

D

�

�
� �

D

�
D

(25)

andwecanrephrase(24)as

M INIMIZE
�

�

�

�

D

���

%

�

D

�

%

�

SUBJECT TO �

D

�
9 � �QZ��

D

�

�

L

9 � �QZ��

L

�

# ��� !

D

�
��� �

�

(26)

where�

D

� �

� �
� �

D

�
D

��� , and ��� � �

�

�

�
� �

D

�
D

�
# � for # �2� !

D

.
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5.3.4 SlackVariables

It shouldbenotedthatformulationsfor supportvectormachinesusuallyincludeslackvariables

to accountfor datasetsthatarenot linearlyseparablein thefeaturespace.Thesemaybeaddedto theMVC

formulationaswell withoutchangingthetransformationto asupportvectormachineform.

5.4 Discriminant Grouping

In Section5.2wetraingroupclassi�ersfor all �x ed-sizesubsetsof parts.Assumethatwewant

eachgroupto contain � parts.Thenfor anobjectwith � parts,therearea total of

�

�

�

�

�

� possiblegroups

to detectin the image. Even if we constraingroupsto containvery few parts,this may still be so many

groupsthattrainingthemandsearchingfor themin testimagesmaytake a prohibitive amountof time. For

example,a relatively simpleobjectmightcontain20parts–if weonly consider3-partgroups,thereareover

6000classi�ersto train. Thus,we needa strategy for selectingwhich groupswe will modelandwhich we

will notbotherlooking for in testimages.

Wereducethenumberof groupsby discriminantgrouping– selectinggroupingsof partsthatare

highly discriminablefrom groupsof otherpartsandclutter. Whengroupclassi�cationbegins,we consider

all possible3-componentgroupings. First we discardall groupswhosepartsare spreadacrossa wide

areaon theobject; thesearetypically seenin few imagesdueto self-occlusion.Thenwe train classi�ers

to discriminatebetweenthe remaininggroupsandassesshow well they areable to classify the training

examples.Groupingsof partswhosegeometricarrangementsaredif�cult to disambiguatefrom eachother

aremodi�ed, eitherby addingpointsto thegroup,or discardingthementirely. Groupclassi�ersaretrained

againon thenew setof groups,andtheprocessrepeats.

The geometricpropertiesof groupsselectedthroughthis processwill be distinct; sincegeo-

metriccon�gurationscharacterizethesegroupswell, it will beeasierfor thegroupclassi�er to detectfalse

componentmatchesin unlikely arrangements.Discriminantgroupingis anattemptto investthegroupclas-

si�er with asmuchinformationaboutthegeometricstructureof objectsaspossiblesothatfoundgroupsin

unlikely con�gurationsmaybediscarded.

Selectinggroupsby spatialproximity is straightforward–for eachpart,wesimply form groups

including it andits nearestneighborsasthey appearin the training images.To selectgroupsby discrim-

inability, however, we needto develop a criterion which summarizesdistinctivenessof appearancesand

con�gurationsaccordingto thetrainedclassi�ers �

�

and �

�

. To doso,weratethepartandgroupclassi�ers

accordingto how well they meettheir optimizationcriteria during training, andcombinethesemeasures

into anoverall ratingfor thegroup.For example,thediscriminative powerof aclassi�er for part � ��� maybe

ratedby

�

�

��� ���
�

� � ���

�

!���� �

�

�

���

�
���)(

��
��

���

!��

�

��� �

�

�

���

�
�

�
� (27)
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where � ��� is the set of all �lter responsesfor training patchescontainingpart � ��� , �

�

are

�lter outputsfor clutter, and � � ���

�

�

�

�

#

�

� �	� 
 . We canformulateananalogousmeasurefor groupsin

thesameway, exceptthatwe cannaturallypartitionthegroupsaccordingto how many partsthey contain–

groupswith differentnumbersof partsareneverconfusedfor eachotherbecausethey havedifferentnumbers

of parts.Thus,let �

�

�

 denotethesetof all groupscontaining� parts,and �

�

�

 

�

�

�

���W!

���


��

�

�

�����

�

�

���


 .

Thenif group � ��� has � parts,thediscriminabilityfor � ��� canbede�ned as

�

�

�

� ����� � � � ���




!&� �

�

�

�

���

� � ��( ��
��




!��

�


��

�

� �

�

�

�

���

� � � (28)

Weratethediscriminabilityof groupsaccordingto thefollowing compositemeasure
�

� ����� � �

�

�

�

� ����� �	�

�

� ��!

�

� �

�

�

��� ��� � (29)

wherethereare � partsin ����� . Thus,if �
�

���

is unableto distinguishthecon�gurationof ����� from

thecon�gurationsof othergroups,or if theappearancesof partsin � ��� arenotdistinctfrom theappearances

of otherparts,thecompositemeasurewill below, andthegroupwill bedeemedindiscriminablefrom others.

It makessenseto cull suchgroupsfrom therecognitionsystembecausebothpartandgroupambiguitieswill

hinderperformance.If thegeometricarrangementof a groupis not distinctive from groupsof otherparts

or clutter, thereis no utility in usingit asa meansfor �ltering falseidenti�cationsof thegroup.And if the

appearancesof partsin thegroupareambiguous,it will notbeeasyto �nd themasagroupin the�rst place.

Usingtherestrictionsongrouplocality anddistinctiveness,wearrive atanalgorithmfor group

selectionwhich startswith all possibletriplesof partsin a neighborhood,anditeratively addspartsto them

or discardsthemif they areambiguous.Technically, weproceedasfollows:

1. For eachpart � ��� , computeits � nearestneighborsin thetrainingimagesandcall them � ��� .

2. For each�
��� , createasetof groups�

�	�
�

�

,

�

��
 �
�

#

�

��
 �
�

.�!

L

� �

���
�	� �

�
�

#

L

� �
�

�

#

L

�

 . Let �

��


 

�

�

�
��� .

3. For all � :

(a) Train thesetof classi�ers �������

S

� ��� � �

�

�

 


 .

(b) Find the � ��� � �

�

�

 suchthat
�

� �����
� is minimum. If

�

� � ���
� is below a threshold,either

discard� ��� or pick somepart �

�	�

�

� �
�

�

� ��!

�

� �

� ��� 


�

����� to addto it– in thiscaseremove � ��� from

�

�

�

 andadd �
�����

�
���

� to �

�

�

�

�

 .

4. If
�

� �����
� washigherthanthethresholdfor all groups,terminate.Otherwisereturnto (3).

In theendweareleft with atmost � � �

�

�
� groups,eachof whichis assuredto bedistinguishable

from othergroups.Selectinggroupsin thisway couldbetime-intensive, especiallyif many of the3-groups

are ambiguousand training them is costly. However, heuristicsthat could be employed to speedgroup

selection–for example,ratherthanmoving asinglegroupfrom �

�

�

 to �

�

�

�

�

 periterationwecouldmove

many. Thisandotherimplementationissueswill beworkedoutover thecourseof thethesis.
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6 Preliminary Experiments

Threedifferentsetsof experimentsaredescribedin this section. They help to motivatetech-

niquesin thefollowing areas:

� Image �ltering andpart classi�cation: Discriminant�lters arecombinedwith nearest-neighborand

Gaussianclassi�ersto do partdetectionsof adesktopobjectin clutteredscenes.

� Group classi�cation A nearest-neighborclassi�er is trainedto discriminatebetweengeometricar-

rangementsof partsin syntheticimages.

� Margin-varianceclassi�cationA simpleclassi�cationexampleillustratesa casein which a margin-

varianceclassi�er is moreconservative thanasupportvectormachineatclassifyingunknown portions

of thedataspace.

6.1 ImageFiltering and Part Classi�cation

Wecollectedimagesof acommonobjectin varyingposesandlabelledthelocationsof selected

objectpartsasin Figure7. For eachrecognitionexperiment,we selectedstandardimage�lters from the

literatureandinstantiatedbasisfunctions 3 4 correspondingto a rangeof parametersettingsfor it. Given

a subsetof the labelledimagesastraining data,we usedthe basisfunctionsto derive discriminant�lter

coef�cients asin Section5.1,andusedtheremainingimagesfor evaluation.To placetheexperimentsin the

context of previously reportedend-to-endalgorithms,wetrainedanearest-neighborclassi�erbasedon�lter

outputsasin [2][36][18][9][27][28][1]. For comparison,wealsotrainedGaussianclustersfor classi�cation

aswell. Thissectiondescribesthedataandexperimentsin detail.Wenotethatthisis justoneexampleof the

typeof imageswehave applieddiscriminant�lters andpartclassi�ersto; for example,thesametechniques

wereappliedto theobjectin Figure9 andto texture-mappedsyntheticimages.

6.2 Data

We took 60 imagesof a coffeemugwith a hand-heldcamera.Of thesephotos,12 featuredthe

mugagainsta �at grey backgroundandin therestit wassurroundedby aselectionof clutterobjects(Figure

7). For eachof theseshots,thecamerawasat roughlythesamedistanceandelevationfrom theobject,but

therewerestill slight variationsin objectscaleandin all componentsof rotationsincethecamerapositions

werenot carefullycontrolled.Theclutterobjectsmaintainedthesamespatialarrangementwith respectto

eachotherin 12 of thepictures;for theother36 we movedthepiecesaroundbetweenframes.We labelled

22 componentson themugin every view (Figure7); 4 of themappearedin very few views sowe rantrials

usingtheremaining18. Eachof thesepartsappearedin at least20views.
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6.3 Experimental Procedure

Eachtrial consistedof thefollowing steps:

� DataCollection

1. For eachpart,randomlyselect20viewsof it andpartitionthemsothat75%(15views)areused

for training,andtestingis doneon theremaining25%(5 views).

2. Select100imagepatchesof clutterat randomandpartitionthese75-25into train andtestsets.

� Training

1. Solve theeigenvalueproblemfor discriminant�lter coef�cients over thepartsandcluttertrain-

ing sets,treatingtheclutterasthoughit wereanotherobject“part.”

2. Storethediscriminant�lter responsesfor thetrainingviewsandtrainaclassi�erbasedonthem.

3. Storethe �lter outputsfor each 3&4 on training patchesand train a separateclassi�er for the

responsesto each3 4 .

4. Gatherupall responsesto eachseparate3 4 andtrainoneclassi�er usingall of themtogetheras

exampledata.

� Testing

1. Runtestsetpatchesthrougheachof the 3&4 �lters, computethediscriminant�lter responsefrom

them,andprocesstheresultsthrougheachof theclassi�ers.In thecaseof the“all- 3 4 s-at-once”

classi�er, we follow a strategy found in earlierapproaches[36][35]: pick one 3 4 andcompute

responsesfor it at run time.

Weran25trialsof thissortfor eachclassi�erandbasis.Speci�c characteristicsof ourclassi�ers

aredescribednext.

6.4 Classi�ers

Weusetwo differenttypesof classi�cationtechniquesfor ourset �����
�

�W�
�

9�9�9 �

���


 of partclas-

si�ers. To train,we optimizethesefunctionssothat �

� is high for imagesof component� . At run time we

gatherup all scores��� � �
�
� �

�W���
�
� �

9�9�9 �

���

�
�
�


 for all testcases� andcounthow many correctclassscores

areaboveacertainthresholdversushow many incorrectscoresareabovethesamethreshold.In otherwords,

thisassessmentis somewhat“pessimistic”asonetestexamplecanaccountfor many falsealarms.

For k-nearest-neighbors, we computethe�lter response���
�
� for eachtestpatch� and�nd the

� trainingexamples
�

�

� � �

�

�

�
�

�

�

�
9�9�9 �

�

�


 from eachclass� whoseresponsesareclosestto � . Theclass

score�

�

�
�
� for � belongingto class� is then
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�

�

�
� � � 5
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!��

�

�

����� ( ���

%

�

�

( �

%

�

�

We estimatetheparameter� for eachclassby bruteforceat trainingtime; for each� in class

� , wecompute�

�

�
� � (

�

%+�

�

� �

�

�

� �

�

�

�
� ��� for 25differentsettingsof C rangingfrom
R

�

���

to
R

�

�

. In theend

we pick theC for which themedianof thesevaluesis highest.We emphasizethatwhile this optimization

is time-consuming,it is exactly thesortof optimizationthatin somecasesanearest-neighborclassi�er may

requireto ensuregoodperformance;thereareno theoreticalreasonsfor theexponentialin �

� to take onone

valueor another. In all experimentswe set � to 5.

To compareperformancewith a less-�exible, easily-trainedclassi�er, werantrials in whichwe

�t aGaussiandistribution to �lter outputsfor trainingdata.In otherwords,theclassi�er for eachpart � is a

Gaussianfunction:

�
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�
�
�

� �
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andat training time we use�lter responsesto estimatethe mean # andcovariance
 . Since

thecovariancematrices
 areestimatedusinga smallnumberof examplesrelative to thedimensionof the

�lters, werestrict 
 to bediagonalasin covarianceselectionmethods[17].

6.4.1 Local Eigen�lters

The �rst setof experimentsemploys local eigenspacesfor the �lters. As in [10] [28][18], we

want to collect all training patchesfor the variousobjectcomponentsandperformprincipal components

analysisonthem,but wewouldalsolike to automaticallydeterminehow to incorporatemultiplepatchsizes

into our �lters. To apply discriminant�lters to this problem,we simulatesmallereffective window sizes

by multiplying thepatchesby a Gaussianenvelope.Dependingon thestandarddeviation of this Gaussian,

moreor lessof theperipheryof thepatchis setto zero(Figure10). WeperformPCAonthesetof Gaussian-

modulatedimagepatchesat trainingtime; at run time, a testpatchis multiplied by thesameGaussianand

projectedontothe�rst few signi�cant eigenvectors.

We assigneach 3 4=<$>�? to a differentwidth of Gaussianenvelope,so that each 3�4�<$>�? corre-

spondstoPCAonadifferenteffectivewindow size.Moreformally, let �
� denoteaGaussianwith zeromean

andstandarddeviation � , andlet thesetof all imagepatchesbe � � �
�

� �
�

9�9�9 
 . If we write ���

�

�

�
�

�

�

9�9�9��

�

L




for the �rst � principalcomponentsof � ��� �M�
�

���+���
�

9�9�9 
 , thenwe set
C

�	���
�
�

���

�

�

�

9 ���

�

� . Thereare10

different 3 4 �lters, rangingfrom � �
�GU�� to � �

U ��� . Eachhas10 principal components,resultingin a

10x10basis.Thepatchesthemselvesare30x30pixels.

ResultsusingtheGaussianclassi�er for discriminant�lters areplottedsolid on Figure11; re-

sultswherefeaturesareextractedusingindividual 3�4 �lters areshown dotted. Figure12 shows thesame
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plot for thenearest-neighborclassi�er. Comparingplotson Figure12 to eachother, we seethatdiscrimi-

nant�lters with ak-nearestneighborclassi�ercanbecompetitivewith previouslocaleigenspacetechniques

which usek-nearest-neighbors, with theadvantagethatmultiple window sizeswereincorporatedautomat-

ically. ComparingFigure12 to Figure11 suggeststhat the useof a Gaussianclassi�er doesnot degrade

performance,eventhoughits parametersaremucheasierto estimatethanthoseof k-nearest-neighbors. Fur-

thermore,discriminant�lter performanceis almostidenticalto thatof classi�ers trainedon all patchesof

multiplesizes.

6.4.2 Gabor Filters

Next we considerbanksof Gabor�lters, usedin a numberof recognitionmethods[26][2][35].

Gabor�lters aresinusoidsmodulatedby a Gaussianenvelope;asabove, we would like to usediscriminant

�lters to determinewhatfrequenciesandGaussianwidthslendthemselvesto effective partsdetection.

For theseexperiments,each 3 4 consistedof a setof 4 Gabor�lters orientedat even intervals

between0 and 	 radians.The25 different 3
4 s correspondto eachpossiblecombinationof 5 frequencies

rangingevenly from .2 to .5 and5 Gaussianwidthsvarying from .1 to .75 over the30x30patches(Figure

13). All �lters havea1:1aspectratio. As above,weuseddiscriminant�lters to derive4-dimensionalimage

featuresover the4x25basis,andtrainedGaussianandk-nearest-neighbor classi�ersto discriminatethem

for the18 objectpartsandclutter. Resultsareshown in Figure14 andFigure15 (left). While discriminant

�lters do not performaswell asthebestsingle�lter set,theperformanceis comparable;asin theprevious

section,thekey point is thatwe wereableto computethediscriminant�lters directly, ratherthanrunning

recognitionexperimentsfor eachparametersettingin turn.

6.4.3 Differential Invariants

Thenext setof experimentsis appliedto differentialinvariantsin “jet” space[36]. To compute

an � th-orderdifferential invariant for an imagepatch,we convolve it with all Gaussianderivatives up to

order � andconstructinvariantsby multiplying andaddingtheresultstogether. As in [36], ourexperiments

focuson the useof 3rd-orderdifferential invariantsunderthe rigid displacementgroup; thereare9 such

uniqueinvariants,soeach3 4 will be9-dimensional.

Theseinvariantsarecomputedusingderivativesof asingleGaussian,sowe immediatelyarrive

at the problemof determiningwhat its standarddeviation shouldbe. In the original paper, Schmidet al

computetheinvariantsovera rangeof discretescalesat trainingtimeandatasinglescaleat run time;here,

we apply discriminant�lters to the problemof selecting� so that eachpatchis representedby a single

vectorof outputsduringtraining.To doso,weselectasetof valuesof � andassigneach3 4 to computethe

differentialinvariantsfor a particular � . We picked10 valuesof � rangingfrom .15 to .5, giving usa 10x9

�lter basis(Figure16). As above, we performed25 trials usingdiscriminant�lters and25 trials eachfor

theindividual settingsof � , usingaGaussianclassi�er. Figure17shows thatin thiscasediscriminant�lters
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performaswell asthebestsettingof � . Traininganearest-neighborclassi�er usingall invariantscomputed

for all scales,andat run time usingtheinvariantsfor themedianscale,givesresultsthatarecomparableto

thosefor discriminant�lters (Figure15,right).They arealsocomparableto thosefor theGaussianclassi�er,

suggestingagainthat it is possibleto achieve acceptablerecognitionperformanceby combininginvariants

atdifferentwidthsautomatically, without trainingaclassi�eronresponsesfor all possiblewidthsseparately.

6.5 Group Classi�cation

Tosuggestthatgroupclassi�cationis feasible,wegeneratedsyntheticviewsof 7VRML models

andtrainedclassi�ersto discriminatebetweengroupsof pointson onemodelandgroupsof pointson the

others.Tocreateasyntheticview, weplacedthemodelsatrandomposesin asceneandprojectedtheirpoints

into theimageusingperspective projection;theimagesarethenlabelledwith thelocationsof theprojected

points.To evaluatehow well groupsarediscriminatedfrom eachother, wepartitionedthesyntheticimages

into trainingandtestsets,usedthetrainingimagesto tunegroupclassi�ersto recognizenovel instancesof

thegroupsfor oneof theVRML models,andobservedhow well they performedon thetestimages.Each

VRML modelcontainedroughly200-500points.

Unfortunately, in our recognitionframework it is dif�cult to evaluatethe groupclassi�ers in

isolationbecausetheirtrainingandtestingdependcritically ontheoutputsof thepartclassi�ers.Weobserve

“positive examples”of groupsby seeinghow partsarearrangedin labelledtraining images;but we learn

what the “negative examples”are for thosegroupsby observingthe errorsthe part classi�ers make. To

getaroundthis dif�culty , we assumepartclassi�er faultsandimposethemontothegroupclassi�er; in our

experiments,we assumethat thepartclassi�er will confusecertainpointson our VRML modelof interest

with pointson theothermodels,andtry to seeif thegroupclassi�er will beableto discriminatebetween

groupsof pointsthat wereconfused.This way, we will at leastget an indicationof how realistic it is to

attemptto usegeometricattributesto discriminatebetweengroupsundervariousviewing conditions.

Speci�cally, theprocedurefor eachexperimentaltrial wasasfollows:

1. Generatea set of 100 syntheticimagesby repeatedlyarrangingthe objectsin randomposes,and

projectingthepointson thoseobjectsinto images.

2. Randomlypartitiontheimages75-25into trainingandtestsets.

3. Discardall groupsseenin fewer than20 trainingviews.

4. Randomlyassigneachof theremaininggroupson theobjectof interestan“anti-group,” i.e. a group

of partson oneof theotherobjectsthatweassumeis mistakenfor thisgroupby thepartsclassi�er.

5. Usethe training imagesto train a groupsclassi�er to discriminatebetweeninstancesof the groups

andinstancesof theanti-groups.

6. Evaluatetheperformanceof groupsclassi�er on thetestimages.
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In eachtrial we useda versionof discriminative groupingto selectgroups.Sincethesynthetic

datacontainedno appearanceinformation,we ratedthe discriminative power of the groupclassi�ersand

discardedgroupsfor which discriminability wastoo low. The discriminability measurewe usedin these

experimentswasthe differencesbetweentheaveragein-classscoreandtheaverageout-of-classscore;in

otherwords,
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Typically, about150 groupson our selectedVRML modelareseenin morethan20 training

views. After discriminantgrouping,on theorderof 100groupsremainfor classi�cationat testtime.

The cameraandobjectmodelsusedin theseexperimentssimulatea realisticrecognitionsce-

nario: the focal lengthof the camerais set to 50 mm, objectsareabout20 cm in diameter, andobjects

areplacedon theorderof 1 m away from thecamera.To testgroupdiscriminationin thefaceof perspec-

tive distortion,we placedall objectsat a constantdepthat eachtrial, andvariedthis depth. 40 trials were

performedat eachdepthsetting.As seenin Figure18, performancedegradesgracefullyastheobjectsare

moved closerto the cameraandperspective effectsincrease;also,whenthe objectsarea reasonable1 m

away, discriminationis quitegood(e.g.90%detectionat10%falsealarms).

To testtheeffect of scalevariationson classi�cationperformance,we rana secondsetof trials

in which we setthemediandepthof objectsin thesceneto 2.5 m andvariedhow far theobjectscouldbe

placedtowardandawayfrom thecamera.30trialswererunperdepthvariationsetting.Figure19showsthat

whenobjectdepthis allowedto vary widely, for examplefrom .3 m to 4.7 m, discriminationperformance

is poordueto thecombinedeffectsof scalechangeandperspective distortion. But with reasonabledepth

variation,for example.75m forwardandbackward,discriminationis still acceptable.

In bothof theseexperimentswe usedonly thepairwisedistancesbetweenpartsin thegroups

asthebasisfor classi�cation.Othergeometricfeatures,suchasnormalizedlengthsor angles,maybemore

stablewith respectto scalechanges;however they may alsobe lessdiscriminating. Futureexperiments

shoulddeterminehow to balanceinvariancewith discriminability.

6.6 Mar gin-VarianceClassi�ers

An exampleof margin-varianceclassi�cationis shown in �gure 5. The“o” classis distributed

accordingto anormaldistribution,while “x” is distributedby amixtureof Gaussianswhosemeansaresitu-

atedoneithersideof theo region. A radialbasisfunctionkernel � �'#
�
�

#'�
�

�

�

��� �

%

#)�
(

#'�

%

� wasusedto

train a supportvectormachineanda margin-varianceclassi�er with �

�

R

��� . As in theabove example,we

assumea conservative decisionrule that rejectsall classi�cationsoutsidetherangeof classi�cationscores

of the training examples;input datafrom the cyan region will be classi�ed asan o while thosefrom the

darker blueregionaredeclaredx. Locally, bothclassi�erslook similar, but overawiderportionof theinput

spaceweseethatthesupportvectormachinewill acceptpointsvery far away from any of themodesof the



29
distributions. We believe thatthemargin-varianceclassi�er doesa betterjob of summarizingwhatportion

of the input spaceis likely to containan x or ano, andwill thusbe lesssusceptibleto spuriousexamples

from distinctportionsof theinput space.

7 ProposedResearch

Theresearchproposedherewill cover threeareas:

� A theoreticalanalysisof discriminant�lters, margin-varianceclassi�cation,anddiscriminantgroup-

ing

� A setof moduleexperimentswhichcomparesindividualphasesof ourapproachto earliercounterparts

in theliterature

� Systemexperimentswhichcompareof theperformanceof ouroverallsystemto state-of-the-artrecog-

nition results.

Thetheoreticalsectionwill addressbasicissuesaboutthecharacteristicsof themethodsin a generalsense,

while theexperimentalsectionsapply themto speci�c imagesandtestperformanceempirically. Proposed

researchis detailedin thefollowing sections.

7.1 Theoretical Considerations

7.1.1 Discriminant Filters

Themostseriousconcernfor discriminant�lters is that thebasisfunctionsusedto derive the

�lters arepickedarbitrarily. They arethe lynchpinto theentireprocedure–a basiswith too few functions,

or with the wrong functions,will not capturethe variationsinherentin the data,while an overcomplete

basishasthe potentialto over�t the training set. Regularizationis a relatedproblem;we would hopefor

the sake of generalizationthat a discriminant�lter would producea somewhat smoothmappingfrom the

input datato thefeaturespace.In preliminaryexperimentswe have seenreasonablediscriminationresults

on simpleimagesusingpre-existing image�lters for thebasis;asvariationsin viewing conditionsbecome

morecomplex, we mayneedto incorporatebasesthataremoreexpressive in orderto ensurediscriminabil-

ity. For thesereasons,I will investigatetechniquesfor automaticbasisselectionandregularizationof the

optimizationproblem.

Furthermore,I will addressthe useof Mercerkernels[38] in discriminant�lters. To derive

the �lters, we take inner productsof basisfunctionsappliedto the data. We could replaceeachof these

inner products
C

�	���'#)�
�

C

�
� �'#'�

� with Mercer kernels �
���

� �'#)�
�

#'�
� of a simple functional form as is done

for nonlinearsupportvectormachines.Doing so is a meansfor sidesteppingthe above problemof basis

selection;we implicitly selectthe basisso that dot productsin the spacespannedby them are equalto
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the Mercerkernels. Sincethe featurespacesimplied by certainMercerkernelsareknown to be in�nite-

dimensional,this trick couldpotentiallygiveeasyaccessto highly complex spacesoverwhichdiscriminant

�lters couldbeoptimized.Thenegativesideis thatit becomeslessandlessclearwhatthesecomplex spaces

are–it is unclearwhat thefeaturespaceimplied by a linearcombinationof Mercerkernelslooks like, and

thereforeit will bedif�cult to analyzewhatthederived�lters aredoingatall. Onamorepracticallevel, the

useof Mercerkernelsrestrictsthekernelfunctions 	���� of our classi�ersto thosein which featuresappear

solelyin dotproductswith otherfeatures.And �nally , throughde�ecting theproblemof basisselectionwe

have createdtheproblemof Mercerkernelselection.

7.1.2 Mar gin-VarianceClassi�cation

Large-margin classi�ers aresupportedby a growing body of theoreticalresultswhich point

to large margins asa key to goodgeneralization.This is not true of margin-varianceclassi�ers–in fact

onefear is that therearecasesin which theadditionof a variancetermwould wrecktheperformanceof a

supportvectormachinethatwouldhaveclassi�edquitewell otherwise.Theperformanceof MVC in general

casesis unknown, andboundson generalizationerror that involve both margin andvariancearefew. As

mentionedbefore,Fisherdiscriminantsareknown to beoptimalclassi�erswhenall classesaredistributed

normally. Furthermore,a recentpaper[41] shows that in somecasesthemaximum-margin hyperplaneis

alsotheBayes-optimalhyperplane.In this thesisI will attemptto derive a strongerstatisticaljusti�cation

for margin-varianceclassi�cationandcharacterizeits performanceanalytically.

7.1.3 Discriminant Grouping

Preliminaryexperimentssuggestthatdiscriminantgroupingcanbeaneffective mechanismfor

classifyingthe projectionsof groupsof parts. Over the courseof this thesisI will examinewhy exactly

this is– in particular, I will analyzecertaincameramodels,classi�ers,andpoint distributions to offer an

explanationfor why the projectionsof thosepoints might be classi�ed well. From the experimentswe

seethatunderperspective projection,andwith a nearest-neighborclassi�er, groupsarediscriminableuntil

perspective effectsbecomesigni�cant; I will try to describethisdegradationin analyticalterms.

7.2 Data For Experiments

Unfortunately, no imagedatabaseis widely usedasa benchmarkfor parts-basedobjectrecog-

nition. I will try to obtainsetsof imagesfoundin paperswith state-of-the-artresults(e.g.[39]), but lacking

theseI will performrecognitionexperimentson imagesI take myself.Theobjectsto berecognizedwill be

rigid “desktop”objectsin clutteredindoorscenesfrom greyscaleimages–for example,mugs,cell phones,

andbooks.Examplesof thesortsof imagesto beusedarein Figures8and9. As a �rst step,thetechniques

will be evaluatedon imagesin which theposesof objectsarehighly restricted;later, I will stress-testthe

methodsby allowing a wider rangeof viewing conditions.For example,asa �rst setof experiments,the
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objectswill only vary in onerotationaldegreeof freedombetweenviews; in asecondsetof experiments,all

threecomponentsof rotationwill change;in a third set,they will vary in scale;andsoon. As experiments

go on,thenumberof objectsto berecognizedandthelevel of clutterwill increasein thesameway.

7.3 Module Experiments

Thepreliminaryexperimentspresentedin Section6 arewhatwereferto asmoduleexperiments,

in otherwordsisolatingaparticularimage�ltering, partclassi�cation,or groupclassi�cationtechniqueand

comparingits performanceagainstits counterpartsin theliterature.For thethesisI will continueto perform

similar experimentson a rangeof algorithmsfor the threemodulesso that the impact of the individual

stepson overall recognitionperformancemay be assessed.Figure20 lists popularapproachesto eachof

the recognitionsteps;I will performexperimentswhich pair particularimage�lters with particularpart

classi�ers,or try differentgroupclassi�erson imageswherepartsarepre-labelled.Runningtrials on all

possiblecombinationsof image�lter andpart classi�er maybe infeasible,but I will concentrateon those

thatarepopularin theliterature,for examplePCA with k-nearest-neighbors. Resultsfor theseexperiments

will bepresentedlike thosein Section6; ROCcurveswill plot partidenti�cation, or groupidenti�cation, in

termsof falsealarmanddetectionrate.

7.4 SystemExperiments

Themoduleexperimentsdo not assessanend-to-endsystemfor recognition,however. A sepa-

ratesetof experiments,whichwecall systemexperimentswill integratethetechniquesproposedhereinto a

implementationwhich at run-timetakesan imageasinput andoutputswhich objectsarein thescene,and

where.To geta �nal recognitionresult,wecando thegroupclassi�cationhierarchicallyanddecidethatan

objectis present,for example,if any groupof groupof groupsis present.Thismaybeoverkill, however, and

a simplerheuristicmaysuf�ce, e.g. takingthecentroidof foundgroups.For resultsof theseexperiments,

ROC curveswill plot the percentageof objectscorrectlyfound in the sceneversusthe numberof objects

falselydetected.

End-to-endexperimentssuchasthesearetheendgoalof thethesis;with themit is possibleto

placethework in thecontext of thestateof theart in objectrecognition.Also, they allow us to compare

theoverall approachagainstmethodswhich arenot easilydecomposedinto thethreestepsof image�lter -

ing, part classi�cation,andgroupclassi�cation. For example,geometrichashingtechniques[20] doesnot

involve a stepfor �nding part-to-partcorrespondences,andsomemorerecentapproachesexplicitly avoid

partmatches[35].

7.5 Practicalities

It maynotbenecessaryto applythepartclassi�ersover all possiblewindows of testimagesto

�nd enoughpartsfor reliablerecognition;it mightbethecasethata randomsampleof patchesrepresenting
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somesmall percentageof the imagewill result in enoughpart identi�cations to yield matches. This is

anothervariableto studyin therecognitionexperimentsI will conduct.

It maybeunnecessaryto applysomeof thepartdetectorsatall. Likegroups,theremaybeparts

which aresodif�cult to discriminatefrom otherpartsor backgroundthat it is not worth theeffort to look

for themat all. I will experimentwith heuristicswhich ignoresuchparts.

8 Contributions

This thesiscontributesthefollowing:

� A formulationof bottom-up,local-appearance-based objectrecognitionbasedsolely in termsof dis-

criminationbetweenappearancesandgeometriccon�gurations

� Thediscriminant�lter approachto image�ltering, which tunestheprocessof extractingvisualinfor-

mationto thetaskof objectrecognition

� Thetechniqueof margin-varianceclassi�cation, designedto ensurediscriminabilitybetweenclasses

while giving uniformclassi�cationscores

� Discriminantgroupingasameansfor groupingobjectpartsinto discriminablesets

� The implementationof thesetechniquesandapplicationto therecognitionof partly-occluded,man-

made“desktop”objectsin clutteredindoorbackgrounds

� A uni�ed treatmentof theproblemsof part recognitionandgroupingthroughthemachineryof dis-

criminants

9 DissertationSchedule

Hereis a tentative schedulefor timespenton thethesis:

� Summer2001:Theoreticalissueswith discriminant�lters andmargin-varianceclassi�ers

� Fall 2001:Moduleexperiments

� Winter 2002:Moduleandsystemexperiments

� Spring2002:Systemexperiments

� Summer2002:Write anddefend
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Figure5: Decisionsurfacesderivedby 2 differentclassi�ersfor anotherdistributionof x ando, shown in detail (left) andover a
widerarea(right). Top: MVC solution.Bottom: SVM solution.
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Figure6: GroupSelection.

Figure7: A sampleof clutteredscenescontainingthemug,andsomelabelledpartson theobject.
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Figure8: Detectionof a subsetof the partsfrom Figure7 andclutter (marked “C”) in a novel image. For displaypurposes,
we only searchedfor six of the11 labelledsectionson this sideof themug. Thenumberof rectanglesaroundeachcomponentis
proportionalto the con�dencein its classi�cation. Note that thewindow on theupperleft portion of themug is not mislabelled
asclutter; sincenoneof thecomponentsof interestareon thatportionof theobject,it is technically“clutter” for partsdetection
purposes.Resultsfor detectionof thecompletesetof mugpartsusingtheapproachdescribedin thispaperarepresentedin Section
6.
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Figure9: Left: Labelledsectionsonthespraycanandseveralviewsof it in clutter. Right: Detectionexamplefor spraycan.Only
points2,8,9,10,and11 weresearchedfor. Pointsmarked“C” areclassi�edasclutter. Sincethereareno componentsof intereston
thetop areaof thecan,this partof theobjectis clutterasfar asthediscriminationtaskis concerned;thus,thepatchesin this area
markedwith a “C” have beenclassi�edcorrectly.

Figure10: Imagepatchmodulatedby a rangeof Gaussianenvelopes.For eachGaussian,a PCA decompositionis computedon
thesetof all trainingpatchesmodulatedby thatGaussian.
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Figure 11: ROC curves using local eigenspacefeaturesand a Gaussianclassi�er. Solid curves on the left and right show
performanceof discriminant�lters usingeigen�lters asa basis.On the left, onedottedcurve is plottedfor eachparticularpatch
size.On theright, featuresfor all patchsizesarecombinedat trainingtime,andfeaturesfor themedianpatchsizeareusedat run
time. Detailsin thetext.



43

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

P
f
a

P
d

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

P
f
a

P
d

Figure12: ROCcurvesusinglocaleigenspacefeaturesanda k-nearest-neighborclassi�er, asin Figure11. Detailsin thetext.

Figure13: Examplesof �lters from theGaborbasis,varyingby width of Gaussianenvelope,frequency, andorientation.
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Figure14: ROC curvesusingGabor�lters anda Gaussianclassi�er, displayedasin Figure11. Detailsin thetext.
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Figure15: Left: ROC curvesusingGabor�lters anda nearest-neighborclassi�er. The solid curve plots performanceusing
discriminant�lters; the dottedcurve trainson all �lter responsesfor all

�

�

. Right: ROC curvesusingdifferentialinvariantsand
nearest-neighborclassi�er, displayedasthegraphon theleft.
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Figure16: A �lter basisis constructedusingdifferential invariantscomputedfrom derivatives of Gaussiansover a rangeof
Gaussianvariances.Shown is

������������	

over thatrangeof variances.
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Figure17: ROC curvesusinglocal differentialinvariantfeaturesanda Gaussianclassi�er. Solid curvesshow performanceof
discriminant�lters usingdifferentialinvariantsof varyingwidth asabasis.Left: OneDottedcurve is plottedfor eachwidth setting.
Right: Featuresfor all widthsarecombinedat trainingtime,andfeaturesfor themedianwidth areusedat run time. Detailsin the
text.
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Figure18: ROCcurve for �rst groupclassi�cationexperiment.
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Figure19: ROC curve for secondgroupclassi�cationexperiment.
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Figure20: Commonapproachesto thethreerecognitionsteps.Techniquesproposedin this thesisarein bold.


