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1 Abstract

We proposea bottom-upappmoad to objectrecaynition centeed on discriminationbetween
parts of objectsand groupsof thoseparts. Discriminant Iter s are presentedas a techniquefor extracting
visualinformationthat distinguisheshe appeaancesof partsfromead other; mamgin-varianceclassi ca-
tion is proposedasa wayto classifyindividual Iter responseandgroupsof them.We describea tednique
called discriminantgrouping for decidinghow the object parts shouldbe groupedtogether and present
preliminary experimentghat validatethesetecdniqueson indoor imagesof “desktop” objectsin cluttered
ervironments.

2 Intr oduction

Objectrecognitionis oneof the fundamentaproblemsin computervision. Despiteover thirty
yearsof intenseresearcton the topic, a computerprogramableto reliably discorer anddescribegeneral-
purposeobjectsin cameraimagesof unstructurecervironmentshasbeenelusive. Sucha programwould
have applicationgto ary taskrequiringthe understandingf sceneswith objectsin them; it would enable
automatiorin suchareasasmanufcturing,medicine Jaw enforcementsuneillance,andsecurity

Therearea numberof reasonsvhy the problemsof identifying whatobjectsarein view (here-
after“identi cation”) andquantifyinghow they aresituated hereaftefposeestimation”)aredif cult. Vari-
ationsin lighting, internalcameragparametersyiewpoint, andvariousmaterialpropertiescausetheimages
of objectsto changein waysthat are dif cult to predictreliably from exampleviews; furthermore,it is
dif cult toreliablydiscorer 3D objectstructuresike cornersor edgesn imagesgvenwhenCAD modelsof
the objectsareprovided. Overcomingthe rst problemhasposedconsiderablehallengedo thoseworking
on appeaance-basedpproacheso recognition,while thosein the geometry-basedchoolhave struggled
with thesecond.

Within thesetwo cateyoriesis a further distinction betweenexamining imagestop-downor
bottom-up In the top-davn paradigmthe rst stepis to searchthe imagefor areaswhich might contain
theentireobjectin question Likely candidatesrethenexaminedmorecloselyto seeif objectparts arein
correctsub-areasBottom-upalgorithmsdo the opposite—rst searchtheimagefor componentsthentry to
groupthe found onesinto completeentities. The rst approactsolvesthe problemby moving from global
objectpropertiedo local oneswhile the secondoroceedsn alocal-to-globalway.

This thesisdescribes bottom-up,appearance-basedethodfor objectrecognition.An object
is representedy theappearancedf its partsin asetof labelledtrainingimages; nding theobjectin anovel
view beginswith searcHor sub-imageg¢‘patches”)containingthe parts.After thesesectionf objecthave
beenfound,how they arearrangedn theimagegivesevidenceto theposeof theobject[39] orthelikelihood

Throughoutthis paper we usethe terms“part” “component, and “section” to refer to any small pieceof roughly square
surfaceon the object,not its functionalcomponentgi.e. limbs, joints, etc.) The term “patch” always appliesto images,not 3D
surfaces.
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thatthe partidenti cationswerespurioug7]. In recentyears,approacheto recognitionin this framewvork

(for example,[39][9][18][19]) have shawvn potentialto solve identi cation and poseestimationproblems
becausehey combinethe modellingsimplicity of globalappearancenethodd27] with therobustnesshey
lack.

On onehand,thesetechniquesharnesshe accessibilityof PCA/Eigenhcemethodg27] [25]
sinceobjectsarerepresentedhy appearancesatherthanhard-to-measurgeometricproperties(corners,
occludingcontoursgtc.). On the otherhand,throughbreakingup appearancenodelsinto sectionsmisde-
tectionof componentaindfalseidenti cation of spuriousonesareaccommodatetb a degree. In thisway
local appearancenodelsare capableof solving the brittlenessto occlusion,clutter, andsingularviewing
conditionswhich wealensglobal appearance-basédchniques.lt is still true that predictingthe appear
ancef objectpartsover awide variety of viewing conditionsis dif cult, but evenin this respectocal-to-
globaltechniquegposeadwantagego globalones,sincesmallsectionsof objectsareoftenlesssusceptible
to self-occlusionperspectie distortion,andlighting effects.

Mostalgorithmgor objectidenti cation from componenappearancmaybedescribedn terms
of threedistinct phases.First, image lter s transformimagepatchesnto a low-dimensionakpaceby ex-
tractingpertineninformationfrom theimagesignal;next thepart classi cationphasends correspondences
betweerpatchesn theimageandobjectcomponentbasedonthe lter outputs; nally, setsof found parts
areclusteredn someway to producehypothesesboutthe locationsof entireobjectsin group classi ca-
tion(Figurel). Someapproacheforego oneof thestepsfor example,it is possibleto predictthe existence
of entireobjectswithout part-to-parcorrespondencd0]. Nonethelesghedifferencedbetweermostpart-
basedecognitionmethodsanbedescribedn termsof oneor moreof thesephases.

2.1 Problem Statement

To describethe problemof parts-basedecognitionformally, we begin with asetof  images
of objects.Eachobject hasasetof components which appeain a subsebf theimages.With each
image is givenasetof labels whereeach givesthelocationof smallsquaresub-images
containingthe corresponding . We referto the imagesandtheir label setsas training data, training
images or thetraining set patchesof theimageswill be calledtraining patthes We assumehatlabelsets
arecomplete,in the sensehatall objectcomponentgresentin animagearerepresentedh the label set,
andthatthey arenoise-freejn the sensdhatthereareno spuriouspartsor labels.

Thetaskis this: Givenanovel image alsoreferrecto asatestimage, returnalabelset
containingpartsappearingn the imageandtheir correctlocationswhich is completeandnoise-frean the

samesense.



3 ThesisStatement

Our thesisis that eachof the threephaseof parts-basedecognitionare discriminationtasks,
andthatthereforethe methodsusedto addressmage ltering, partclassi cation,andgroupclassi cation
shouldbe designedio encourageand model discriminability betweenpartsand groupsof parts. Filters
shouldextractimageinformationthatdisambiguatesiews of onecomponenfrom views of othercompo-
nentsandbackgroundpart classi ers shouldfocuson how the Iter outputsfor distinct partsdiffer from
eachotherandfrom thoseof clutter;andgroupclassi ersshouldmodelthe characteristicef groupingsof
componentshat setthemapartfrom eachother We feel that applyingdiscriminatve techniquego each
phases a directway to avoid ambiguitiesthat canarisebetweenmagesof distinctentities. Recognition,
in ourview, is a problemnotjust of modellingpropertiesof objects,but of modellinghow thoseproperties
differ within the objectandbetweerthe objectandbackground.

Sectiond givesa brief overview of our proposedecognitionframavork andits relationto prior
work. A detailedexplanationof eachstepfollows in Section5. Section6 reportspreliminaryexperiments
which helpvalidatethediscrimination-cented approachandproposedesearchs listedin Section?.

4 Overview Of Approach
Ourtechniquéfor parts-basedecognitionis summarizedy thefollowing steps:

Training (Figures2 and3)

1. Tuneadiscriminantlter to discriminatebetweerviews of distinctparts.
2. Trainadiscriminantpartclassi er to distinguishbetweenlter outputsfor distinctparts.
3. Trainagroupclassi er to disambiguatgeometricarrangementsf distinctgroupingsof parts.

4. Usediscriminantgroupingto discardor modify the partgroupsthatareambiguous.
Testing(Figurel)

Scanthediscriminantlter overtheimage.
Usethepartclassi erto determinewvhich Iter outputscorrespondo whichobjectcomponents.

Clustertheidenti ed partsinto the groupsdeterminedy discriminantgrouping.

A

Usethe groupclassi er to determinewhich identi ed groupsare genuine basedon their geo-
metric properties.

Section4.1 givesa morethoroughoverview of this processand Section4.2 discusseselatedapproaches.
Section5 describegachstepof the methodologyin depth.



4.1 Brief Synopsis

This thesispresentsan approacho parts-basedecognitionwhich usesexampleviews to opti-
mizeimage lters, partclassi ers,andgroupclassi ersto discriminatebetweerpartsandgroupsof parts.
At trainingtime, we begin with imagedabelledwith thelocationsof partsof objectsto berecognizedThey
areusedto derive animage Iter calleda discriminative Iter which is optimizedsothat Iter responses
for patchesof the samepart are clusteredtogether while responsesor differentpartsaredisparate.The
responsesf training patchedo this Iter drive the optimizationof a partclassi er which distinguishesl-
ter outputsfor the variouscomponentgrom eachotherandfrom Iter outputsfor clutter We thenusea
techniquecalleddiscriminantgroupingto decidehow to clusterthe objectpartsinto groupsthatareeasily
disambiguatedrom eachotherbasedon their geometricarrangements images.Thedistancegandangles
betweerpartsin thegroupsareusedto train agroupclassi er which discriminatespatialcon gurationsof
onegroupfrom another

At runtime, a novel imageis scannedvith the discriminatve Iter andthetwo classi ersare
appliedin turn(Figurel). The partclassi erspredictwhich Iter responsesf ary, correspondo patches
containingsectionsof objects. Thesepartidenti cations areclusterednto setsaccordingto the groupings
determinedat training time. Thenthe distancesand anglesbetweenthe partsin eachgroup are passed
to the groupclassi er to determinethe plausibility of eacharrangemendf componentsThe discriminant
Iter is analogougo sliding-windav interestoperatorswvhich uselocal cueslik e texture, edgesor colorto
extractimagepropertiesof limited spatialextent; the part classi er usesdiscriminanttechniquedo detect
which of thesepropertiescorrespondo which component®f the object,andthe groupclassi er applies
discriminantdo thegeometricarrangementsf component$o combineindividual hypotheseaboutpatches
into hypothesesaboutextendedimageregions. Afterwards,whena sufcient numberof part groupsare
identi ed in anareaof theimage,we hypothesizéhe existenceof the objectthere.

Section5 explainseachstepof this approachin detail. Discriminant lters areformulatedin
Sectionb.1. Applying discriminanttechniquedo partandgroupclassi cationaredescribedn Section5.2,
andSection5.3 presentsa nev methodcalledmargin-varianceclassi cationfor this purpose Discriminant
groupingis presentedh 5.4.

4.2 Relation To Prior Work

To delineatethe differencesbetweenour methodologyand relatedwork?, we addressprior
methoddgfor image ltering, partclassi cation,andgroupclassi cationin turn. The unifying themeof this
critiqueis thatpreviously proposedechnique$or component-base@cognitionmayfall prey to ambiguities
in partappearances groupcon gurationsby meritof theimage lters, partclassi ers,andgroupclassi ers
used.

2This sectionwill be very limited in scopecomparedo the hugecorpusof literatureon objectrecognition. For more com-
prehensie reviews of geometry-basedpproachedpok to the Grimsontext [15] and[45]; for appearance-basegproachesry
ForsythandPonce[12].



4.2.1 ImageFiltering

Several authors,including [10], [28], [37], and[18] proposethe useof principal components
analysigo modelthelocalappearancesf componentsnuchtheway earlierresearcher25] [27] modelled
globalappearance#\n eigenspacdecompositions computedor the setof all trainingpatchegor Fourier
transformsof themasin [18]), andrun-timeimage lItering consistsof projectingnovel imagewindows
ontothe rst severalsigni cant eigemwvectors.Sinceprojectingpatchesnto the eigenspacés a dot-product
operation,the signi cant eigervectorscanequwalently be thoughtof aseigen-” lters” that are correlated
with thetestimage. Local eigenspacearean excellentway to modelthe appearancesf componentsn a
low-dimensionakubspaceincethe rst  principal componentsepresenthe best -dimensionalt of
all patchesn an SSDsensehowever for our applicationwe aremoreinterestedn discriminatingbetween
setsof imagepatcheghanreconstructinghem. In particular while eigenspacéechniquesnaximizethe
covarianceof lter outputsover all classef imagepatchesthey do not necessarilyencourageartitions
betweenthem. As a result, it is necessaryo tune parameterof the PCA decomposition-namely the
imagepatchsizeandnumberof signi cant eigervectors—to ensurethateigen lter responsesor different
componentandfor clutterarenot confused Reasonablsettingsdependn the scaleof objectfeaturesand
viewing conditionssuchaslevels of occlusionnoise,clutter, andlighting.

A moreprevalentapproacho lter designis to constructoanksof convolutionalkernelsbased
on criteria that do not dependon individual instancef training data. Gaborwaveletsare an especially
popularkernelchoice[2] [26][35] sincethey arelocalizedin frequeng andspacejt is easyto synthesize
a setof Gaborkernelsthat regularly blankets both domains. Gaussiarderiatives are also widely used
[35][2][33] duein partto the factthatresponseto themareequivariantto scale[35]; they have the added
advantagethat Iter outputsfor certaintransformation®f theimagepatchesanbe determinecautomati-
cally by steering[13 While thesekernelsform a mathematicallysoundway to representheimagesignal
presenin the patchesresponsefrom themarenot necessarilysufcient for discrimination;in practicewe
will needto adjustthe Gaussiamwidths of theselters, andthe frequencie®f Gaborkernelsto ensurghat
the informationextractedfrom views of differentobjectpartsand clutter canbe disambiguatedrom each
other

Filters consistingof invariantsbasedon kernelresponsesare helpful sincethe outputsfor the
sameobjectpart will not vary at all whenthe image of the part undegoescertaintransformationsfor
examplethedifferentialinvariantsin “jet” spacecomputedoy Schmidetal[36] will notchangdf theimage
of the partundegoesa rigid displacement.Still, thereis no guarantedhat for a particularsetof kernel
parameterghesenvariantswill bedistinguishabldor differentparts.Again, to ensurediscriminability the
settingsof thekernelbankmustbetuned.

Otherimage lters, for examplethosebasednlocalcontounnvariantg39], colorinvariants[4Q),
andLaplacianzero-crossingmageq19] couldsufier thesamdimitation—the parameterfor thesearansfor
mationsmay need ne-tuning to reduceconfusionbetweeroutputsfor distinctcomponents.
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Meanwhile,in anumberof texturesegmentatiorpapers[3§43], local-level Iters aretunedfor

discrimination.RanderandHusgy[32, in particulay optimizethe coefcients of linear lters for a partic-
ular segmentationscenarioso that maximizingthe separatiorof their outputsto two texturesbecomesan
eigemvalue problemsimilar to thatfoundin theformulationfor discriminantiters in Section5.1. However,
someaspect®f the sggmentatiorscenaricandassumptionsnadeby the authorsrestrictthe applicability of
this approacto componentietection.For example,RanderandHusgyassumeéhatthetexture patchesare
separablautorgressie elds, while WeldonandHiggins[43 considepatcheghatarewell-modelledasa
dominantsinusoidplusbandpassioise.

Similarly, the coefcients of local linear Iters areoptimizedin cornvolutional neuralnetworks
[22][21] sothattheir responsegan be repeatedlycombinedand dovnsampledo producedistinct target
outputsfor distinct typesof images. In fact, since convolutional neuralnetworks train the parametersf
theselters, samplingoperationsandcombinationsn a singlegradientdescenprocedurewe canthink of
themastraining for image ltering, partclassi cation,andgroupclassi cationatthe sametime. This can
involve tuning a hugenumberof parametergor recognitiontasksover a small area(for example,in [22],
60000parameterare estimatedor characterecognitionon a 32x32image),with the advantagethat this
single-stegrainingapproacHeaveslittle roomfor humansgo introducedesign a wsinto the procedure.

Discrimination-centeretéchniqueshave alsoappearedh globalapproachedn theFisherfices
method[], imagesof anentireobject(facesin this case)areprojectedinto a low-dimensionakpaceusing
PCA, anda secondineartransformatioris determinedby optimizinga Fisherratio to encouragalisparate
outputsfor differentobjectsandsimilar outputsfor the sameobject. As shavn in Section5.1,our approach
differsin thatwe take mary imagetransformationsndcombinetheresults while Fisherficesincorporatea
singleeigenspacdecomposition.

4.2.2 Part Classi cation

Most prior approacheso part classi cationapply a distancemetric betweenlter outputsfor
training examplesand Iter outputsfor testcasesand decidethatthey matcheachotherif the distanceis
low enough.For example,mary systemsmplg/ voting schemesn which anobjectis givenavoteif one
of its training lter responseis within somedistanceo atestresponse[f9][36][33][33][39][18][28]. This
techniquds simpleandwidespreadandit canoftengive goodclassi cationresultsin spiteof its simplicity.
However, thebehaior of thesetechniquess determinedy the distancemetric;onethatis poorly designed
may incorrectlymatchatestexamplewith mary differentobjectpartsor with no objectpartsif it doesnot
penalizedistancegroperly Preriousresearcherfn objectrecognitionseemto setthe parameter®f the
distanceunctionarbitrarily, leaving themopento ambiguitiesbetweemarts.

Insteadof testingdistancedetweenlter outputsfor individual testandtrainingpatchessome
researcherbave proposedo approximatehedistribution of trainingresponsesothattestresponsesanbe
comparedo thedistribution ratherthanindividual trainingexamples.For example Muraseetal[27] suggest
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interpolatinga surfaceover training dataanddeterminingcorrespondencdsasedn the distancedetween

this surfaceandrun-time Iter responsesywhile Rikert etal [34] t a mixture-of-Gaussialistribution to
thetraining outputs.Generallyspeakingt is dif cult to arrive attheseapproximatingunctions,andthere
is still the problemof how to determinea distancemetricbetweertestcasesandthe approximation A test
patchcouldbe spuriouslymatchedo mary objectpartsif it is nottunedcorrectly

An alternatie is to usediscriminantdo classifythe Iter responsedn [26][29], supportvector
machinesaretrainedto discriminatebetweenGabor Iter outputsfor a particularpart and outputsfor all
otherpartstogether Thisapproachlirectlyaddresseambiguitiesy trainingthepartclassi erto distinguish
betweenlter responsefor distinctparts.As statedabove, though,the wavelet outputsthemselesmaybe
indistinguishabléf the Iter parameterarenotsetproperly

4.2.3 Group Classi cation

As mentionechbore, mostmethoddor parts-basedecognitionusesimplevoting techniqueso
combineindividual hypotheseaboutpartsinto largerhypotheseaboutobjects[3[9][36][33][33][39][18][28].
Eachcorrespondencbetweenan objectcomponentinda testpatchproducesa vote for the object; when
an objectrecevesenoughvoteswe concludethatit is in theimage. The main limitation to this technique
is thatit doesnot checkthatall theidenti ed partsarein a properarrangementivith respecto eachother
in theimage.This meanghat,for example,individual identi cations of two eyes,a nose,anda mouthwill
leadto a matchfor aface,evenif the mouthis betweerthe eyesandnose theright eye is to the left of the
left eye, andsoon. Falsepartidenti cations scatteredandomlyin the backgroundwill generatesotesfor
objectsthatarenot presentgvenif thosepartsarenot plausiblein concert.

Schmidet al [36] proposetwo heuristicsto incorporatethe geometriccon gurationsof parts
into groupclassi cation. First, partmatchesarediscardedvhenthey arenearbymary matchedor partsof
otherobjects. Also, pairsof partmatchesareremoved whenthe differencein gradientdirectionsbetween
thoseimagelocationsis inconsistentwvith gradientdifferencesbetweenthe partsin trainingimages. The

rst heuristicdoesnot help whenfalsematchedor mary partsof the sameobjectarefoundin onearea
of theimage. Also, the secondheuristicis only usefulwhenfalse componentmatchesoccur at random
orientationgn theimageplane,andwhenthe gradientis computedeliably.

In contrast,Peronaet al [7] constructa probabilisticmodel of wherepartsshouldbe seenin
relationto eachother The imagepositionsof all componentsn a group are assumedo be distributed
accordingto a multivariate Gaussiardistribution whosemeanand covarianceare estimatedrom training
data. At run time, the “shapelikelihoods” of groupsare determinedoy computingtheir joint probability
with respecto thedistribution. This probability in turn, ts nicely into anoverall scheméor probabilistic
recognition: the probability of an objectexisting at a particularlocationin animageis factoredinto two
terms,onedependenbn the probability of the partidenti cations beingaccurateandthe otherdependent
ontheprobabilityof identi ed partsbeingin thepropercon gurations.Unfortunatelythis approachs only
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appliedto thecaseof asinglegroupof parts;it is unclearwhethemodellingthe arrangemensf eachgroup

by a separatesshapdik elihoodwill sufciently disambiguaténstance®f distinctgroups.In our approach,
ratherthan modellingeachgroup con guration separatelywe usediscriminantsto modelthe differences
betweercon gurationsfor differentgroups.

Otherauthorshave taken advantageof the unifying natureof a probabilisticformulation, but
make Markovian ratherthan Gaussiarassumptionsboutthe distribution of components[2W23][4]. In
otherwords,the spatialdistribution of a partis determinedentirely by the positionsof partsin its immediate
neighborhoodso that the probability of anidenti ed groupbeingin a correctcon guration is a product
of probabilitiesover neighborhoodga.k.a. “cliques”). In [24], partsareidenti ed probabilisticallyalong
a contour andthe probability thatthe contoursurroundghe desiredobjectdependsn the probability that
eachof the neighborsof partsarein acceptablarrangementsBoykov andHuttenlochel[4] take a similar
approachput alonga regular 2D grid superimposedntothe image;the probability of correctspatialcon-
guration depend®n eachidenti ed parthaving correctneighborson the grid. Meanwhilein [23] the part
neighborhoodsnay bedistributedarbitrarily over theimage,andthe neighborhoogbrobabilitiesdependn
geometricpropertiederived from the con gurationsof parts.Eachof thesemethodsestrictpartpositions
in variousways, eitherforcing themto lie on a parameterizedamily of curves[24] or constrainingthem
to Euclidean[4] or similarity [23] transformation®f a rigid model. Furthermore[4] and[23] arelimited
by computationatoncernsincethey try to nd the maximuma posterioripartpositionsandcon gurations
over the entireimageat once;the optimizationproblemin [23] in particularwill grow in compleity with
the numberof falsepartidenti cations. Finally, thesetechniguedecomdessfeasibleasthe neighborhood
sizegrows.

Most top-davn methodsalsorestricthow componentaredistributed[37][26]. Here,asliding
window is passedver the image,andrestrictedsub-windavs at eachlocationare searchedor the parts.
Constrainingpartlocationsto sub-windavs speed€omponentdenti cation andgrouping,andthereduced
compl«ity helpsoffsetthe costof evaluatingevery imagelocationasa possibleobjectlocation; however,
it alsomeanghatobjectscanonly berecognizedver a limited rangeof aspectsTypically, this limitation
is overcomeby designingdifferentrecognizergor differentposesfor example,we couldslideonewindowv
overtheimageto searcHhor frontal facesonefor pro le-view facesgtc. In our work, however, we wish to
formulatea uni ed recognitionalgorithmwhich identi es objectsover all possibleaspectsn onepass.

5 ProposedFramework

Thissectiondetailsour proposednethoddor image Itering, partclassi cation,andgroupclas-
si cation. Sections.1describegliscriminantlters, atechniqueor image Itering. Theuseof discriminant
classi ersfor part classi cation and group classi cationis coveredin Section5.2, and magin-variance
classi ersare proposedasa speci ¢ discriminantmechanismin Section5.3. Discriminantgrouping,our
techniquéfor decidinghow to clusterthe partstogetherfor groupclassi cation,is describedn Section5.4.



5.1 ImageFiltering By Discriminant Filters H

To describeour problem setting more formally, we startwith  classesof exampleimage
patches correspondingo views of  differentobjectsections. We denotea set
of image lters asafunction whichmapsa -dimensionakpaceof imagepatchesf x edsizeto the

-dimensionakpaceof Iter outputs.Ourrecognitionparadigmis to compute for all anduse

theseoutputsto train a classi er to correctlydetectwhennovel responses correspondindo image
patches containpart

Discriminant Iters areatechniqudor nding the maximizingtheseparatiomf responsefor
differentclasseswhile minimizing the separatiorof responsefor the sameclass.For notationalsimplicity
we illustratethe approactfor the caseof discriminatingbetweerntwo partswith imagepatches and
Ourgoalis to derive afunction which maximizeshefollowing criterion:

(1)

Thenumeratosummarizeshe distancebetweerprojectedpatchesn  andprojectedpatchesn  and
is analogougo the between-classcatterf Fisherdiscriminants[1]l Thedenominatosummarizeshedis-
tancesbetweerprojectedpatchesn the samesetandis analogougo within-classscatter Two setswhose
patchesarewell-separatedrom eachotherwill bethe easiesto discriminate sowe seeka which max-
imizesthe numeratorat the sametime, well-clusteredsetsof Iter outputsrequiresimplerrepresentations
for discriminationsowe want to minimizethedenominatar

We express asalinearcombinationof m-dimensionabasisfunctions

This representatiofis not a restriction;we canrepresengrbitrarily comple functions providedthatwe
have a sufcient numberof uniquebasisfunctions. Givensomesetof basisfunctions  for different
parametessettings,we seekto nd the setof coefcients which maximizes

Substituting for in (1) andrearrangingerms,we seethatthenumeratoiis equalto

andthedenominators

(2)
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where

3)

Theratio may beexpresseaquialentlyas

(4)

where and aren-by-nmatricessuchthat

and

The which maximizes(4) is the eigewector correspondindo the maximumgeneralizeckigewalue of

and . Note that the coefcients and which comprise and are readily computed
by evaluatingthe basisfunctions over all elementf bothsets and  andtakingvariousdot
productsandsums.Thegeneralizectigevaluesof and maythenberecoreredusingwell-established
numericaltechniques.

This formulationis not restrictedto two-componentiscrimination. In the generalcase,the

within-classdistancesn the denominatowill be summedover all setsandthe across-clasdistancesn the
numeratomwill besummedover all pairsof setsthus

and

To summarizepur problemof combiningbasisfunctionsto maximizedistancescrossetsof imagepatches
while minimizing distanceswithin the setsreducedo evaluatingthe basis Iters on patchesn the setsand
nding generalizectigewalues.

5.1.1 Motivation

Why designimage Iters sothatoutputsfor the sameclassareclosetogethemvhile thosefrom
differentclassesare far apart? The chief motivation is groundedin an assumptiorthatif trainingimage
responsearesituatedthatway, thentestimageresponsewill betoo. If thisis the casethenatruntimeit
will bedif cult to confusethe parts. In otherwords,classeghataretightly clusteredn the spaceof Iter
outputspermit simpler classi cation mechanismsfor example,a line partitionstwo unimodalresponse
distributions,while amorecomplicateccurve maybe neededor two multimodaldistributions.
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A morerigorousanalysisof thisintuition for binarylinearclassi erssuggestshatit is easieito

designclassi ersthatgeneralizevell whendatadistributionsarewell-separatedndtightly-clustered Given
setsof training datafor two classesthe gap-toleant classi er nds thediscriminantwhich maximizesthe
maigin betweerthetrainingsets,justlike supportvectormachinesAt run-time,however, it is notasledto
make decisionson testdatafalling within the magin or outsideof the minimum-sizedball which encloses
the training data. Call the diameterof this ball andthe width of the magin . Vapnik proved [42]
that the averagetest seterror, over all possibletraining sets,is boundedfrom above by the averageof
over all training sets. Furthermorethe VC dimensionof gap-tolerantlassi ersis boundedrom
above by in a -dimensionakpace Gap-tolerantlassi ersarenotgenerallyuseful
becausehey simply ignoreportionsof the spaceandboundson their generalizatiorarenot directly linked
to meansandvariancesasin ourratio . However, if thedatafrom theclassesreuniformly distributedand
the numberof training examplesis high, the gap-tolerantlassi er will work muchthe way a usuallinear
discriminanwould,and is in somesensaa measur®f how spreaduttheclassesareversushov
well separatedhey are. The bottomline is thatdiscriminant lters aredesignedo producedistributionsof
Iter outputsthataredisparatdor differentpartswhile clusteredor the samepart,andcertaindiscriminant
classi ersprovably performwell underthesecircumstanceghis motivatescombiningthetwo atruntime.

5.1.2 BasisSelection

To usediscriminant lters, we rst mustselectbasisfunctions . Herewe considertwo
approachegor doing so—the rst is basedon the useof pre-de nedlinear lters, andthe seconduses
arbitrarynonlinearfunctions.

First, we think of discriminant lters asa mechanisnfor combiningmary setsof pre-de ned
image lters whoseparametersary. Presiously, mary differenttypesof lters have beenappropriatedor
partsdetectionsuchasGaborwavelets[2] [26][35], Gaussiardervatives[39[2][33], differentialinvariants
[36], local eigenspaces/PCHA0][18][28], andcolor statistics[4]. Eachof thesecontaindistinctcharacter
isticsthatmalke themadwantageousfor example,Gaborkernelsarewell-localizedin spaceandfrequeng,
invariantscantoleratetransformation®f theimage,andlocal eigenspacesiinimizereconstructiorerrorof
thetrainingviews.

But asexplainedin section4.2.1,noneof these lters aredesignedrom the beginning with
componentetectionin mind. As a result,implementationsely on two typesof optimizations:tuningthe
designparametersf the Iters sothatoutputsfor distinctpartsaredistinct,andadjustingthe settingsof the
partclassi cationmechanismFor example,supposave wantto recognizenbjectsusingimageresponseto
a setof Gaussiarderivativesto tally votesfor objectpartsin a hashtable,asin [33]. For somerecognition
scenariost may be unclearhow to determinewhat Gaussiarstandarddeviation (later referredto asthe
“width” or“scale” of thekernel)will resultin responsethatarewell-clusteredor thesamecomponenand
well-separatedor differentcomponentsit may alsobedif cult to determinewhatsizethe hashtablebins
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shouldbeto minimizeincorrectvotes.

We usediscriminant lters to optimizelinearcombinationsof these Iter setsover a rangeof
Iter parametersthusincorporatinginformationfrom mary lter setsautomatically without the needfor
trial-and-errorexperiments.Referringto Gaussiardervativesagain,we couldlet each  correspondo a
particularGaussiarwidth, sothateach is a Gaussiarderivative of order andwidth . By instantiating
mary such  overarangeof plausiblewidths,we arrive ata basisto usefor solvingthediscriminant lter
optimization.

Therearemary nonlinearalternatvesto thedesignof . Onepossibilityis to take anapproach
similarto thatof radialbasisfunctions([3] ch. 5) by instantiatingpne  pertrainingpatch.Each  could
thenbealocalizedfunctionlike a Gaussiaror a Gaborwaveletcenteredat thetrainingpatchcorresponding
to andwith designparametergorrespondingo . Anotherpossibility is to make  a sinusoidbasis,
sothateach s asinewave with frequeng correspondingo andphasecorrespondindo . We can
complementhesenonlinearbaseswith transformation®f the imagepatcheghat make theminvariantto
certaintransformationsFor example,we canFouriertransforma polar representationf the patchesasin
[18] to make theminvariantto in-planerotations.

5.2 Discriminant Part Classi cation and Group Classi cation

Denoteby the setof all trainingimagepatchesof part andby the setof all Iter

outputsfor  , i.e. . Also, let denotethe setof all Iter response$o clutter
patchesn thetrainingimagesand . For partclassi cation,we usesets  and to
optimizea setof functions suchthat

is maximized.

Next, we clusterthe partsinto groupsof x edsize . A partgroup

is formedfor eachsubsebf componentseentogetherin atleasta few trainingimages. Let denotea
vectorof anglesanddistancesdetweerthe partsin group  in image , andlet denotethe setof all

for aparticulargroup . At thispointwe couldusethesets  to optimizeasetof functions to
discriminatebetweergroups,but unlike the partclassi ersthey would not take into accountcharacteristics
of the clutter Speci cally, supposesomesectionsof the scenebackgroundook similar to partsof the
objectswe arelooking for, but arearrangedlifferently thanthosepartswould usuallybe; we shouldtrain
our group classi ersto discriminateagainstsuchcon gurations of confusingbackground.To do so, we
runthe partclassi ersonthe sametrainingimagesthey wereoptimizedfor, andanalyzethe clutter patches
they incorrectlyidentify asobjectparts.Supposehe partclassi ersmistalenly tell usthateachof theparts
in group  arepresentamongthe background.Thenwe measurdhe distancesand anglesbetweenthe

3To avoid confusion groupsarealwaysindexed by Greekletterandpartsarealwaysindexed by Romanletter.
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locationsof the clutter patchecausinghesespuriousdenti cations andinsertthe vectorof themin the set

of clutter groups forgroup  (Figure3).
Let . We train a setof functions suchthat

is maximized.

Wechoose and fromthefollowing family of classi ers:

(5)

(6)

At runtime, we selectsomeset  of subwindaevs of the testimageat randomandcompute
their lter responses . Foreach in , andfor eachpart , wecompute . Those for which
falls within an appropriatentenal areacceptecasmatcheswith the corresponding . Thisis the
partclassi cationstep—imagepatches arematchedwith objectparts . Notethateachtestpatchcould
matchmore than one component;for exampleif and are both within the properintenals,
patch will match and . Ourstratgy isto let thegroupclassi cationstepusegeometrianformation
to determinewhich correspondencis the correctone.
Identi ed componentarethengroupedasin training. Anglesanddistances betweenthe
partsin eachdetectedgroup  aremeasuredif is toolow ortoo high, or if
is too low, thegroupis rejectedasspurious.Thesecondcriterionmay berelaxed; for example,if
confusingonegroupfor anothelis unimportantwe could just requirethat lie in someintenal for
all identi cationsof groups from object . Theruntime processs summarizedn Figurel.
Sincepartandgroupclassi ershave the samefunctionalform, andsincethe sametechniques
are usedto optimize both, we addresghe optimizationof a setof genericclassi ers to
discriminatebetween differentclasseswith theunderstandinghatthetechniquesnaybeappliedto both
and . Eachclassier s trainedon a setof examples from class . The
associatedotationfor  is

(7)

This functionalform is generalenoughto encompassnary typesof classi cation, including
radial basisfunctions[3, generalizedinear discriminantg3], andlocal “nonparametric’techniquessuch
asdistance-weighte#t-nearest-neighlve. The kernelfunction , the combiningcoefcients , andthe
bias determinehe decisionsurfaceswhich partitionthe classegrom eachother As anexample,linear
discriminantechniguegonstrainthecombiningcoefcients sothatthedecisiorboundariebetweerclasses
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lie on straightlines, andtry to adjustthe coefcients and bias so that the resultinglines represenggood

partitionsof the classesn somesense As anotherexample,the characteristicef the kernelfunction may
beadjustedo increasaliscriminationbetweersetsin radialbasisfunctionapproaches.

5.3 Margin-Variance Classi cation For Part and Group Classi cation

This sectionproposesa methodfor optimizing classi ers thatis similar in
spiritto theoptimizationfor discriminantlters. Theparametersf theclassi ersaretunedsothatacriterion
representindghe ratio of between-classeparations$o within-classvariancess maximized,but in this case
we formulateseparationn termsof magins.

5.3.1 Intr oduction

Considerarestrictionof our classi ersto linearmodels. Thatis, the coefcients arecon-
strainedsuchthatthe discriminantfunctionscanalternatvely be expresseds

(8)
The“score”for somepoint belongingto class , increasedinearly with distancdrom
aline perpendiculato . Theoutputof is supposedo relateto our con dencethat is aninstance

of class , andintuitively thiscon denceshouldincreaseas is fartherfrom the decisionboundary

Large-magin classi erstrytoderve  and suchthatthedistancdrom thedecisionsuriace
to all pointsis high, sothatin turn our con dencein the classi cationsof training pointsis high. But
for our problem,we want more than just high con dencesin our classi cations;we want equally high
con dences.We malke no assumptiongbouthow our training pointsareselectedthereforethey shouldall
receve roughlythe sameclassi cationscoreaswe have noreasorto bemoreor lesscon dentin ary single
point. However, if only the maigin is optimizedduringtraining,thenpointsthathapperto lie fartheraway
from thedecisionsurfacewill receve higherscoredor nogoodreason.

Anotherway to think aboutthis problemis to considerour run-timestratgy for rejectingdata
pointsoutright. For supportvectormachinesa typical approactis to make no classi cationon testpoints

for which is below theminimumvalueof overall trainingexamples  of class . These

points are said to fall into the “margin set;” in a sensethey are “too close” to too mary classedor us
to distinguishwhich classthey arein. The problemis thatthis policy is not conserative enough,andin
particularit will tendto misclassifyoutliersthatare“too far” from all the classesFor two-classproblems,
large-magin classi erspartitionthe dataspacento threesectionsitestcasedalling into the magin setare
rejected,while the entire half-space®n eitherside of the magin are classi ed asoneclassor the other
Thus, the classi er will acceptmatchesover a wide rangeof the dataspacethat may have never been
representeth thetrainingdata.In our applicationthis is especiallyimportant;backgroundsf sceneoften
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have highly variableappearancesowhenwe classify Iter responsew/e needto beableto rejectthosethat

arefarremovedfrom ary seerattrainingtime.

To give usa criterionto rejectoutlying partsof the input spacewe couldimposeanadditional
upperboundon the classscoressothatwe only acceptpoint  asmatchfor class if is between
the maximumandminimumvaluesfor trainingexamples . Thiswill cutoutsomeof 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 example scores. As an illustration of
this, considera binary classi cation problemshavn in Figure4. Two classesmarked “x” and“o”, are
uniformly distributed over well-separatedireas. The linear discriminant which maximizesthe magin
betweenthe two sets,as found by supportvector machinesoftware [8], is the red line in the imageon
theleft; the discriminantwhich minimizesthe varianceof classi cations is theredline in theimage
on the right. Now assumewe set our thresholdssuchthat at run time we only accepta feature as
an“o” if . In this case,only the pointsthatfall in the
darler andlighter blue regionswill be acceptedasanx or an o, respectiely. The subspacef pointsfar
away from the training examplesthat could be acceptedaismatchesds larger for the rst discriminantthan
the secondgeven thoughthe distribution of datais the same;this meansthatthe rst discriminantwill be
morelikely to acceptunfamiliar datascatteredandomlythroughouthe space.On the otherhand,the rst
classi er hasalargermagin thanthe secondandcanthereforebe expectedo rejectmoretestpointsatthe
uncertainboundarybetweerthe classes.A tradeof emeges—the large-magin classi er doesa goodjob
of rejectingambiguouspoints “between”the classeswhile the low-varianceclassi er rejectsambiguous
points“outside” theclasses.

5.3.2 Formulation

Thus, we have two designcriteriato keepin mind when derving linear discriminants. We
wantthemto separatehe variousclassesvell, but we alsowantthe classi er scoredor all memberof the
sameclassto vary aslittle aspossible.This sectiondescribes techniquefor discriminantselectiorwhich
optimizesbothcriteriasimultaneouslyTo summarizepurgoalis to derive adiscriminantwith thefollowing
characteristics:

Thediscriminantshouldbelinearin the spaceof

Thereshouldbe a large maigin betweerthe projectionsof pointsfrom differentclasseswhichis to
saythat is aslarge aspossible.

Thevarianceof trainingdatascoreshouldbeassmallaspossible In otherwords,for eachclass

we wantto minimize — where —_—

Inthecaseof two classes, and ,wewantto discriminatewith asingleaf ne model
Following Burges[q, denotethetrainingdatafrom bothclasseputtogethemastheset , andlet if



18
and otherwise.Thesupportvectormachings aclassi erwith the rst two characteristics—

alineardecisionsurfaceandalarge mawgin. Theoptimizationproblemis asfollows:

MAXIMIZE
9)
SUBJECT TO
The ontheleft of theinequalityrepresentthedistanceof points  to thehyper
planeseparatinghe classesBecauseanarbitraryscalingof ~ will causeanarbitraryscalingof the mamgin
without changingthe solution,this distances scaledby . An equialentprogramis
MINIMIZE
(10)
SUBJECT TO

whichin turnis aquadratigorogrammingoroblemto be solved by introducingLagrangamulti-
pliersfor eachof the constraintsaasdescribedn, for example,[6].

In contrastwe modify the problemto thefollowing:

MAXIMIZE _—
(11)
SUBJECT TO

where , , and

— 12)

Thenumeratar is thesquareof the magin betweerthe two classeswhile the denominator
is thesameasthe“scatter’termin the denominatonf Fisherdiscriminantsandsummarizeshe varianceof
projectionsof pointsontothe discriminantline. Notethatwe no longerneedto scalethetermson theleft
sideof theconstraintsn (11) sinceary scalingof  whichincreaseslistancedo theseparatindiyperplane
will alsoincreasdhevarianceerm . We call classi erswhich solve (11) mamin-varianceclassi ers
or MVC for short. We could formulatea nev Lagrangianfor (11) anddevise a way to optimizeit aswas
donefor the original problem(9), but thereis no need-by a simple transformatiorof variableswe can
arrangg11) sothatit is identicalin formto (10). To seethis,we rst notethat(11)is identicalto

MAXIMIZE — ——
(13)
SUBJECT TO
whichin turn canberephrases
MINIMIZE
(14)

SUBJECT TO



19
Since is asymmetricmatrix, it is diagonalizabldy anorthogonamatrix P:

(15)
where is somediagonalmatrix

(16)
Thisis alsocalledthe Schurdecompositiorof . Now de ne

B 17)

Then ,and

(18)
Substituting(18) into (14) we arrive atthe problemof minimizing . Butsince is
diagonal,

(19)

So now our problemof solving (14) is a problem of minimizing the norm of a vectorasin (10). Let
. Our new programcanthenbe written:

MINIMIZE
(20)
SUBJECT TO

where . This givesusthe following procedureor solving maigin-variance
classi erswith existing supportvectormachingechniquesandsoftware:

1. Orthogonallydiagonalize into

2. Transformall inputfeatures to

3. Findthe and whichsolvesthe supportvectormachineproblemfor input data
4. Return and asthesolutionto (11).

Maximizingthe criterion —— is away of balancingherequirement®f large margin andlow
variance.ln somecasest maybedesirablgo allow theuserto specifytherelative importanceof themaigin
andvarianceterms.To do so,we introducea parameter andsolwe this program:

MINIMIZE
) (21)
SUBJECT TO thesameconstraintais
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Highervaluesof will placemoreimportanceon reducingthe variance,while setting to

0 resultsin the supportvector machineoptimizationfor large magins. As above, this problemmay be
solved using standardsoftware for supportvectormachinesy a linear transformatiorof input variables;
thedifferenceis thatthis transformatioris determinedy a Schurdecompositiorof ratherthan .

5.3.3 Multiple Classes

The questionof how bestto generalizehe notion of “margin” to multiple-classproblemshas
not yet beenresohed. Most applicationsof large-magin classi ers to multiple-classproblemssidestep
this issueby creatingensemblesf binary classi ers,eachof which discriminatesetweernpairsor groups
of classes[3[[42][14]. Threemethodsw~hich do addresghe issueof derving a large-magin classi er for
multiple classeén asingleoptimizationhave beenpresentedhowever. Vapnik[42] andWestorandWatkins
[44] independentlyleriveda -classsupportvectormachinewhich solvesthefollowing program:

MINIMIZE
(22)
SUBJECT TO
In contrastGuermeuetal [16] de ne their multi-classSVM to solve this slightly differentprogram:
MINIMIZE
(23)

SUBJECT To thesameconstraintas(22)

Theirformulationis justi ed by atheoreticalesult[30] whichlinks
to anupperboundonthegeneralizatiorerrorof multi-clasdinearclassi ers. BredensteineandBennet{5],
meanwhile solve the sumof thesetwo programs.

If we formulatemultiple-classmaiginsasin (22), thetrick usedabove to castMVC derivation
asasupportvectormachineoptimizationis easilyextendedo themulti-classcase.In particular theproblem
wewishto solweis

MINIMIZE
_ (24)
SUBJECT TO thesameconstraintas
For thesamereasonssthe binary case,
(25)
andwe canrephras€24) as
MINIMIZE -
(26)
SUBJECT TO

where ,and for
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5.3.4 SlackVariables
It shouldbe notedthatformulationsfor supportvectormachinesisuallyincludeslackvariables
to accounffor datasetsthatarenotlinearly separablén thefeaturespace Thesemaybeaddedo theMVC
formulationaswell without changinghetransformatiorto a supportvectormachineform.

5.4 Discriminant Grouping
In Sectionb.2wetrain groupclassi ersfor all x ed-sizesubset®f parts.Assumethatwe want
eachgroupto contain parts. Thenfor anobjectwith  parts,thereareatotal of possiblegroups

to detectin the image. Evenif we constraingroupsto containvery few parts,this may still be so mary
groupsthattrainingthemandsearchindgor themin testimagesmaytake a prohibitive amountof time. For
example arelatively simpleobjectmight contain20 parts—if we only consider3-partgroups thereareover
6000classi ersto train. Thus,we needa stratgy for selectingwhich groupswe will modelandwhich we
will notbotherlooking for in testimages.

We reduceghenumberof groupsby discriminantgrouping- selectinggroupingof partsthatare
highly discriminablefrom groupsof otherpartsandclutter Whengroupclassi cationbegins, we consider
all possible3-componengroupings. First we discardall groupswhosepartsare spreadacrossa wide
areaon the object; thesearetypically seenin few imagesdueto self-occlusion.Thenwe train classi ers
to discriminatebetweenthe remaininggroupsand assesfiow well they are ableto classifythe training
examples.Groupingsof partswhosegeometricarrangementaredif cult to disambiguatdérom eachother
aremodi ed, eitherby addingpointsto thegroup,or discardinghementirely Groupclassi ersaretrained
againonthenew setof groups,andtheprocesgepeats.

The geometricpropertiesof groupsselectedhroughthis processwill be distinct; sincegeo-
metric con gurationscharacterizéhesegroupswell, it will be easierfor the groupclassi er to detectfalse
componentnatchesn unlikely arrangementdiscriminantgroupingis anattemptto investthegroupclas-
si er with asmuchinformationaboutthe geometricstructureof objectsaspossiblesothatfoundgroupsin
unlikely con gurationsmaybediscarded.

Selectinggroupsby spatialproximity is straightforvard—for eachpart,we simply form groups
including it andits nearesheighborsasthey appeatin the trainingimages. To selectgroupsby discrim-
inability, however, we needto develop a criterion which summarizedistinctvenessof appearanceand
con gurationsaccordingo thetrainedclassiers and . To doso,we ratethepartandgroupclassi ers
accordingto how well they meettheir optimizationcriteria during training, and combinethesemeasures
into anoverall ratingfor thegroup.For example thediscriminatve powver of aclassi erfor part  maybe
ratedby

(27)
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where is the setof all Iter responsegor training patchescontainingpart are

Iter outputsfor clutter, and . We canformulatean analogousneasurdor groupsin
the sameway, exceptthatwe cannaturallypartitionthe groupsaccordingio how mary partsthey contain—
groupswith differentnumberof partsarenever confusedor eachotherbecauséhey have differentnumbers
of parts.Thus,let denotethe setof all groupscontaining parts,and
Thenif group  has partsthediscriminabilityfor ~ canbede nedas

(28)
We ratethe discriminability of groupsaccordingto thefollowing compositeneasure

(29)

wherethereare partsin . Thus,if is unableto distinguishthecon gurationof ~ from
thecon gurationsof othergroupsor if theappearancesf partsin arenotdistinctfrom theappearances
of otherpartsthecompositaneasuravill below, andthegroupwill bedeemedndiscriminablgrom others.
It makessensdo cull suchgroupsfrom therecognitionsystembecaus®othpartandgroupambiguitieswill
hinderperformancelf the geometricarrangemendf a groupis not distinctve from groupsof otherparts
or clutter, thereis no utility in usingit asameandor ltering falseidenti cations of thegroup. And if the
appearancesf partsin thegroupareambiguousit will notbeeasyto nd themasagroupin the rst place.

Usingtherestrictionson grouplocality anddistinctivenessye arrive at analgorithmfor group
selectionwhich startswith all possibletriples of partsin a neighborhoodanditeratively addspartsto them
or discardghemif they areambiguousTechnically we proceedasfollows:

1. Foreachpart ,computets nearesheighbordn thetrainingimagesandcall them
2. Foreach |, createasetof groups . Let
3. Forall

(a) Trainthesetof classi ers

(b) Find the suchthat is minimum. If is belowv a threshold,either
discard orpick somepart to addtoit— in thiscaseremore  from
andadd to
4. If washigherthanthethresholdfor all groupsterminate Otherwisereturnto (3).
In theendwe areleft with atmost groupseachof whichis assuredo bedistinguishable

from othergroups.Selectinggroupsin this way couldbetime-intensie, especiallyif mary of the 3-groups
are ambiguousand training them s costly However, heuristicsthat could be employed to speedgroup
selection-for example ratherthanmaoving a singlegroupfrom to periterationwe couldmove
mary. Thisandotherimplementationissueswill beworked out over the courseof thethesis.
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6 Preliminary Experiments
Threedifferentsetsof experimentsaredescribedn this section. They helpto motivatetech-

niquesin thefollowing areas:

Image Itering and part classi cation Discriminant lters are combinedwith nearest-neighbaand
Gaussiartlassi ersto do partdetectionf a desktopobjectin clutteredscenes.

Group classi cation A nearest-neighbatlassi er is trainedto discriminatebetweengeometricar-
rangementsf partsin syntheticimages.

Margin-varianceclassi cation A simpleclassi cationexampleillustratesa casein which a magin-
varianceclassi eris moreconserative thanasupportvectormachineat classifyingunknavn portions
of thedataspace.

6.1 ImageFiltering and Part Classi cation

We collectedimagesof acommonobjectin varyingposesandlabelledthelocationsof selected
objectpartsasin Figure7. For eachrecognitionexperiment,we selectedstandardmage Iters from the
literatureandinstantiatedoasisfunctions  correspondindo a rangeof parametesettingsfor it. Given
a subsetof the labelledimagesastraining data,we usedthe basisfunctionsto derive discriminant lter
coefcients asin Section5.1,andusedtheremainingimagedor evaluation.To placethe experimentsn the
contet of previously reportecend-to-endalgorithms we traineda nearest-neighbanassi er basedn lter
outputsasin [2][36][18][9][27][28][1]. For comparisonye alsotrainedGaussiartlustersfor classi cation
aswell. Thissectiondescribeshedataandexperimentsn detail. We notethatthisis justoneexampleof the
type of imageswe have applieddiscriminant lters andpartclassi ersto; for example the sameechniques
wereappliedto the objectin Figure9 andto texture-mappedyntheticimages.

6.2 Data

We took 60 imagesof a coffee mugwith a hand-heldcamera.Of thesephotos,12 featuredthe
mugagainst at grey backgroundandin therestit wassurroundedby a selectiorof clutterobjects(Figure
7). For eachof theseshots the cameravasat roughly the samedistanceandelevation from the object,but
therewerestill slightvariationsin objectscaleandin all component®f rotationsincethe camergositions
werenot carefully controlled. The clutter objectsmaintainedhe samespatialarrangementvith respecto
eachotherin 12 of the pictures;for the other36 we movedthe piecesaroundbetweerframes.We labelled
22 component®n themugin every view (Figure7); 4 of themappearedh very few views sowe rantrials
usingtheremainingl8. Eachof thesepartsappearedh atleast20 views.
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6.3 Experimental Procedure

Eachtrial consistedf thefollowing steps:
Data Collection

1. For eachpart,randomlyselect20 views of it andpartitionthemsothat75% (15 views) areused
for training,andtestingis doneon theremaining25% (5 views).

2. Selectl00imagepatchesof clutteratrandomandpartitiontheser5-25into train andtestsets.
Training

1. Solwe theeigewalueproblemfor discriminantlter coefcients overthe partsandcluttertrain-
ing sets treatingthe clutterasthoughit wereanotherobject“part”

2. Storethediscriminantlter response®r thetrainingviews andtrainaclassi er baseconthem.

3. Storethe Iter outputsfor each  on training patchesandtrain a separateclassi er for the
responseto each

4. Gatherupall responseto eachseparate andtrain oneclassi er usingall of themtogetheras
exampledata.

Testing

1. Runtestsetpatcheshrougheachofthe  lters, computehediscriminantiter responsérom
them,andprocesgheresultsthrougheachof theclassi ers.In thecaseof the“all-  s-at-once”
classi er, we follow a stratgy foundin earlierapproaches[35]: pick one  andcompute
responsefor it atruntime.

Weran25trials of thissortfor eachclassi erandbasis.Speci ¢ characteristicef ourclassi ers
aredescribedhext.

6.4 Classiers

We usetwo differenttypesof classi cationtechniquedor our set of partclas-
si ers. To train, we optimizethesefunctionssothat is high for imagesof component. At runtime we
gatherup all scores for all testcases andcounthow mary correctclassscores
areabove acertainthresholdversushow mary incorrectscoresareabove thesamehreshold.In otherwords,
this assessmeiris somavhat“pessimistic’asonetestexamplecanaccounfor mary falsealarms.

For k-nearest-neighbarsre computethe Iter response for eachtestpatch and nd the

training examples from eachclass whoseresponsesareclosestto . Theclass
score for belongingto class isthen
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We estimatethe parameter for eachclassby bruteforce at trainingtime; for each in class
, We compute for 25 differentsettingsof C rangingfrom to .Intheend
we pick the C for which the medianof thesevaluesis highest. We emphasize¢hatwhile this optimization
is time-consumingit is exactly thesortof optimizationthatin somecases nearest-neighbarassi er may
requireto ensuregoodperformancetherearenotheoreticareasongor theexponentialin  to take onone
valueor anotherIn all experimentsve set to 5.
To comparegperformancevith aless- exible, easily-trainedtlassi er, we rantrialsin whichwe
t aGaussiamistributionto Iter outputsfor trainingdata.ln otherwords,theclassi er for eachpart isa
Gaussiarfunction:

andat training time we use lter responseso estimatethe mean andcovariance . Since
the covariancematrices areestimatedisinga smallnumberof examplesrelative to the dimensionof the
Iters, werestrict to bediagonalasin covarianceselectiormethodq17].

6.4.1 Local Eigen lters

The rst setof experimentsemplqs local eigenspaceor the Iters. Asin [10] [28][18], we
wantto collectall training patchedfor the variousobjectcomponentsand perform principal components
analysisonthem,but we would alsolik e to automaticallydetermineéhow to incorporatanultiple patchsizes
into our lters. To apply discriminant Iters to this problem,we simulatesmallereffective window sizes
by multiplying the patchesdy a Gaussiarervelope. Dependingon the standarddeviation of this Gaussian,
moreor lessof the peripheryof the patchis setto zero(Figure10). We performPCA onthe setof Gaussian-
modulatedmagepatchesat trainingtime; at run time, a testpatchis multiplied by the sameGaussiarand
projectedontothe rst few signi cant eigervectors.

We assigneach to a differentwidth of Gaussiarervelope,so that each corre-
sponddo PCAonadifferenteffective window size.Moreformally, let  denoteaGaussianvith zeromean
andstandarddeviation , andlet the setof all imagepatcheshe . If we write
for the rst  principalcomponent®f , thenwe set . Therearel0
different Iters, rangingfrom to . Eachhas10 principal componentsresultingin a
10x10basis.The patchegshemselesare30x30pixels.

Resultsusingthe Gaussiartlassi er for discriminant lters areplottedsolid on Figurel1; re-
sultswherefeaturesare extractedusingindividual Iters areshavn dotted. Figure12 shawvs the same
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plot for the nearest-neighbarlassi er. Comparingplots on Figure 12 to eachother we seethatdiscrimi-

nant lters with ak-nearesheighborclassi er canbecompetitive with previouslocal eigenspaceechniques
which usek-nearest-neighbs, with the advantagethat multiple window sizeswereincorporatecautomat-
ically. ComparingFigure 12 to Figure 11 suggestdhat the useof a Gaussiarclassi er doesnot degrade
performancegventhoughits parameteraremucheasietto estimatahanthoseof k-nearest-neighls. Fur-
thermore discriminant Iter performancas almostidenticalto thatof classi erstrainedon all patchesof

multiple sizes.

6.4.2 Gabor Filters

Next we considerbanksof Gabor Iters, usedin a numberof recognitionmethods[2{2][35].

Gabor lters aresinusoidanodulatecby a Gaussiarenselope;asabore, we would lik e to usediscriminant
Iters to determinewhatfrequenciesndGaussiamwidthslendthemselesto effective partsdetection.

For theseexperimentsgach  consistedf a setof 4 Gabor Iters orientedat evenintenals
betweern0 and radians.The 25 different s correspondo eachpossiblecombinationof 5 frequencies
rangingevenly from .2 to .5 and5 Gaussiarwidths varying from .1 to .75 over the 30x30 patches(Figure
13). All Iters have al:1aspectatio. As abore, we useddiscriminantiters to derive 4-dimensionalmage
featuresover the 4x25 basis,andtrainedGaussiarandk-nearest-neighlicclassi ersto discriminatethem
for the 18 objectpartsandclutter Resultsareshavn in Figure14 andFigure 15 (left). While discriminant

Iters do not performaswell asthebestsingle lter set,the performances comparableasin the previous
section,thekey pointis thatwe wereableto computethe discriminant Iters directly, ratherthanrunning
recognitionexperimentdor eachparametesettingin turn.

6.4.3 Differential Invariants

Thenext setof experimentds appliedto differentialinvariantsin “jet” spacg36]. To compute
an th-orderdifferentialinvariantfor animagepatch,we convolve it with all Gaussiarderivatives up to
order andconstructnvariantsby multiplying andaddingtheresultstogether As in [36], our experiments
focuson the useof 3rd-orderdifferentialinvariantsunderthe rigid displacemengroup;thereare9 such
uniqueinvariants,soeach  will be9-dimensional.

Theseanvariantsarecomputedusingderivativesof asingleGaussiansowe immediatelyarrive
at the problemof determiningwhat its standarddeviation shouldbe. In the original paper Schmidet al
computetheinvariantsover arangeof discretescalesattrainingtime andatasinglescaleatruntime; here,
we apply discriminant lters to the problemof selecting so that eachpatchis representedby a single
vectorof outputsduringtraining. To do so,we selecta setof valuesof andassigneach to computethe
differentialinvariantsfor a particular . We picked 10 valuesof rangingfrom .15to .5, giving usa 10x9

Iter basis(Figure16). As abore, we performed25 trials usingdiscriminant Iters and 25 trials eachfor
theindividual settingsof , usinga Gaussiartlassi er. Figurel7 shavs thatin this casediscriminant lters
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performaswell asthebestsettingof . Traininganearest-neighbariassi er usingall invariantscomputed

for all scalesandatruntime usingtheinvariantsfor the medianscale givesresultsthatarecomparabldo
thosefor discriminantlters (Figurel5,right). They arealsocomparabldo thosefor the Gaussiartlassi er,
suggestingagainthatit is possibleto achiere acceptableecognitionperformanceéy combininginvariants
atdifferentwidthsautomaticallywithouttrainingaclassi er onresponsefor all possiblewidthsseparately

6.5 Group Classi cation

To suggesthatgroupclassi cationis feasible we generatedyntheticviews of 7 VRML models
andtrainedclassi ersto discriminatebetweengroupsof pointson onemodelandgroupsof pointson the
others.To createasyntheticview, we placedthemodelsatrandomposesn asceneandprojectedheirpoints
into theimageusingperspectie projection;theimagesarethenlabelledwith thelocationsof the projected
points. To evaluatehow well groupsarediscriminatedrom eachother we partitionedthe syntheticimages
into training andtestsets,usedthetrainingimagesto tunegroupclassi ersto recognizenovel instanceof
the groupsfor oneof the VRML models,andobsered how well they performedon thetestimages.Each
VRML modelcontainedoughly200-500points.

Unfortunately in our recognitionframeawork it is dif cult to evaluatethe groupclassi ersin
isolationbecaus¢heirtrainingandtestingdependritically ontheoutputsof thepartclassi ers.We obsere
“positive examples”of groupsby seeinghow partsarearrangedn labelledtraining images;but we learn
what the “negative examples”are for thosegroupsby observingthe errorsthe part classi ersmake. To
getaroundthis dif culty , we assumepartclassi er faultsandimposethemontothe groupclassi er; in our
experimentswe assumehatthe partclassi er will confusecertainpointson our VRML modelof interest
with pointson the othermodels,andtry to seeif the groupclassi er will be ableto discriminatebetween
groupsof pointsthat were confused. This way, we will at leastgetanindicationof how realisticit is to
attemptto usegeometricattributesto discriminatebetweergroupsundervariousviewing conditions.

Speci cally, theprocedurdor eachexperimentaltrial wasasfollows:

1. Generatea setof 100 syntheticimagesby repeatedlyarrangingthe objectsin randomposes,and
projectingthe pointson thoseobjectsinto images.

2. Randomlypartitiontheimages75-25into trainingandtestsets.
3. Discardall groupsseenin fewer than20 trainingviews.

4. Randomlyassigneachof theremaininggroupson the objectof interestan“anti-group) i.e. agroup
of partson oneof the otherobjectsthatwe assumés mistalenfor this groupby the partsclassi er.

5. Usethetrainingimagesto train a groupsclassi er to discriminatebetweeninstancesf the groups
andinstance®f theanti-groups.

6. Evaluatethe performancef groupsclassi er onthetestimages.
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In eachtrial we useda versionof discriminatve groupingto selectgroups.Sincethe synthetic

datacontainedno appearancenformation,we ratedthe discriminatve power of the groupclassi ersand
discardedgroupsfor which discriminability wastoo low. The discriminability measuraeve usedin these
experimentswasthe differencesdetweerthe averagein-classscoreandthe averageout-of-classscore;in
otherwords,

(30)

Typically, about150 groupson our selectedVRML modelare seenin morethan 20 training
views. After discriminantgrouping,onthe orderof 100groupsremainfor classi cationattesttime.

The cameraandobjectmodelsusedin theseexperimentssimulatea realisticrecognitionsce-
nario: the focal length of the camerais setto 50 mm, objectsare about20 cm in diameter and objects
areplacedon the orderof 1 m away from the camera.To testgroupdiscriminationin the faceof perspec-
tive distortion,we placedall objectsat a constandepthat eachtrial, andvariedthis depth. 40 trials were
performedat eachdepthsetting. As seenin Figure 18, performancealegradesgracefullyasthe objectsare
moved closerto the cameraand perspectie effectsincreasealso,whenthe objectsarea reasonabld m
away, discriminationis quitegood(e.g.90% detectionat 10%falsealarms).

To testthe effect of scalevariationson classi cationperformancewe rana secondsetof trials
in which we setthe mediandepthof objectsin the sceneto 2.5 m andvariedhow far the objectscould be
placedtowardandaway from thecamera30trialswererun perdepthvariationsetting.Figure19 shavsthat
whenobjectdepthis allowedto vary widely, for examplefrom .3 m to 4.7 m, discriminationperformance
is poor dueto the combinedeffectsof scalechangeandperspectie distortion. But with reasonabl&epth
variation,for example.75m forward andbackward, discriminationis still acceptable.

In both of theseexperimentswve usedonly the pairwisedistancedetweernpartsin the groups
asthebasisfor classi cation. Othergeometrideaturessuchasnormalizedengthsor anglesmaybemore
stablewith respectto scalechangeshowever they may also be lessdiscriminating. Future experiments
shoulddeterminehow to balancanvariancewith discriminability

6.6 Margin-Variance Classi ers

An exampleof mamgin-varianceclassi cationis shavn in gure 5. The“o” classis distributed
accordingo anormaldistribution, while “x” is distributedby a mixture of Gaussiangrhosemeansaresitu-
atedon eithersideof theo region. A radialbasisfunctionkernel wasusedto
train a supportvectormachineanda magin-varianceclassi er with . As in theabore example,we
assume conserative decisionrule thatrejectsall classi cationsoutsidethe rangeof classi cationscores
of the training examples;input datafrom the cyan region will be classi ed asan o while thosefrom the
darlerblueregionaredeclaredk. Locally, bothclassi erslook similar, but over awider portionof theinput
spacene seethatthe supportvectormachinewill acceptpointsvery far away from ary of the modesof the
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distributions. We believe thatthe maigin-varianceclassi er doesa betterjob of summarizingwhatportion

of the input spaceis likely to containanx or ano, andwill thusbe lesssusceptiblg¢o spuriousexamples
from distinctportionsof theinput space.

7 ProposedReseach

Theresearctproposecherewill coverthreeareas:

A theoreticalanalysisof discriminant Ilters, mamgin-varianceclassi cation,anddiscriminantgroup-
ing

A setof moduleexperimentsvhichcomparesndividual phase®f ourapproacho earliercounterparts
in theliterature

Systenexperimentsvhich compareof the performancef our overall systento state-of-the-amtecog-
nition results.

Thetheoreticakectionwill addresbasicissuesaboutthe characteristicef the methodsn a generakense,
while the experimentalsectionsapply themto speci ¢ imagesandtestperformanceempirically Proposed
researchs detailedin thefollowing sections.

7.1 Theoretical Considerations
7.1.1 Discriminant Filters

The mostseriousconcernfor discriminant lters is thatthe basisfunctionsusedto derive the
Iters arepicked arbitrarily They arethe lynchpinto the entireprocedure-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 sale of generalizatiorthat a discriminant lter would producea somavhat smoothmappingfrom the
input datato the featurespace.ln preliminaryexperimentswve have seerreasonableliscriminationresults
on simpleimagesusing pre-«isting image lters for the basis;asvariationsin viewing conditionsbecome
morecomple, we mayneedto incorporatebaseghataremoreexpressie in orderto ensurediscriminabil-
ity. For thesereasons| will investigatetechniquedor automaticbasisselectionandregularizationof the
optimizationproblem.

Furthermore] will addresghe useof Mercerkernels[38] in discriminant lters. To derive
the lters, we take inner productsof basisfunctionsappliedto the data. We could replaceeachof these
inner products with Mercer kernels of a simple functional form asis done
for nonlinearsupportvectormachines.Doing so is a meansfor sidesteppindghe abore problemof basis
selection;we implicitly selectthe basisso that dot productsin the spacespannediy them are equalto
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the Mercerkernels. Sincethe featurespacesmplied by certainMercerkernelsare known to bein nite-

dimensionalthis trick couldpotentiallygive easyaccesgo highly complex space®verwhich discriminant
Iters couldbeoptimized.Thenegative sideis thatit becomesessandlessclearwhatthesecomple spaces
are—it is unclearwhatthe featurespacemplied by a linearcombinationof Mercerkernelslookslike, and
therefordt will bedif cult to analyzewhatthederived lters aredoingatall. Onamorepracticallevel, the
useof Mercerkernelsrestrictsthe kernelfunctions  of our classi ersto thosein which featuresappear
solelyin dot productswith otherfeatures And nally, throughde ecting the problemof basisselectiorwe
have createdhe problemof Mercerkernelselection.

7.1.2 Margin-Variance Classi cation

Large-magin classi ers are supportedby a growing body of theoreticalresultswhich point
to large magins as a key to good generalization.This is not true of magin-varianceclassi ers—in fact
onefearis thattherearecasesn which the additionof a variancetermwould wreckthe performanceof a
supportvectormachinghatwould have classi edquitewell otherwise Theperformancef MVC in general
casesds unknavn, and boundson generalizatiorerror that involve both maigin andvariancearefew. As
mentionedbefore,Fisherdiscriminantsareknown to be optimal classi erswhenall classesaredistributed
normally Furthermorea recentpaper[41] shavs thatin somecaseshe maximum-magin hyperplands
alsothe Bayes-optimahyperplane.In this thesisl will attemptto derive a strongerstatisticaljusti cation
for magin-varianceclassi cationandcharacterizéts performancenalytically

7.1.3 Discriminant Grouping

Preliminaryexperimentssuggesthatdiscriminantgroupingcanbe aneffective mechanisnior
classifyingthe projectionsof groupsof parts. Over the courseof this thesisl will examinewhy exactly
this is—in particular | will analyzecertaincameramodels,classi ers, and point distributions to offer an
explanationfor why the projectionsof thosepoints might be classi ed well. From the experimentswe
seethatunderperspectie projection,andwith a nearest-neighbarlassi er, groupsarediscriminableuntil
perspectie effectsbecomesigni cant; | will try to describethis degradationin analyticalterms.

7.2 Data For Experiments

Unfortunately no imagedatabasés widely usedasa benchmarkor parts-basedbjectrecog-
nition. | will try to obtainsetsof imagesfoundin paperswith state-of-the-antesults(e.g.[39), but lacking
thesel will performrecognitionexperimentsonimagesl take myself. The objectsto berecognizedwvill be
rigid “desktop”objectsin clutteredindoor scenesrom greyscaleimages-for example,mugs,cell phones,
andbooks.Examplef the sortsof imagesto be usedarein Figures8and9. As a rst step,thetechniques
will be evaluatedonimagesin which the posesof objectsare highly restricted;later;, | will stress-testhe
methodsby allowing a wider rangeof viewing conditions. For example,asa rst setof experimentsthe
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objectswill only varyin onerotationaldegreeof freedombetweerviews; in asecondetof experimentsall

threecomponent®f rotationwill changein athird set,they will varyin scale;andsoon. As experiments
goon,thenumberof objectsto berecognizedandthelevel of clutterwill increasen the sameway.

7.3 Module Experiments

Thepreliminaryexperimentpresentedh Sectioné arewhatwe referto asmoduleexperiments
in otherwordsisolatinga particularimage ltering, partclassi cation,or groupclassi cationtechniqueand
comparingts performancegainsits counterpartin theliterature.For thethesisl will continueto perform
similar experimentson a rangeof algorithmsfor the threemodulesso that the impact of the individual
stepson overall recognitionperformancamay be assessedFigure 20 lists popularapproacheso eachof
the recognitionsteps;| will perform experimentswhich pair particularimage lters with particularpart
classi ers, or try differentgroupclassi erson imageswherepartsare pre-labelled.Runningtrials on all
possiblecombinationf image Iter andpartclassi er may beinfeasible,but | will concentraten those
thatarepopularin theliterature, for examplePCA with k-nearest-neighlvs. Resultsfor theseexperiments
will bepresentedike thosein Section6; ROC curveswill plot partidenti cation, or groupidenti cation, in
termsof falsealarmanddetectiorrate.

7.4 SystemExperiments

Themoduleexperimentgdo not assessin end-to-endsystemfor recognition however. A sepa-
ratesetof experimentswhich we call systermrexperimentwill integratethetechniqueproposedereinto a
implementatiorwhich at run-timetakesanimageasinput and outputswhich objectsarein the sceneand
where.To geta nal recognitionresult,we candothegroupclassi cationhierarchicallyanddecidethatan
objectis presentfor example,if ary groupof groupof groupsis present.This maybeoverkill, however, and
a simplerheuristicmaysufce, e.g. takingthe centroidof found groups. For resultsof theseexperiments,
ROC cunveswill plot the percentagef objectscorrectlyfoundin the sceneversusthe numberof objects
falselydetected.

End-to-endexperimentssuchasthesearethe endgoal of the thesis;with themit is possibleto
placethe work in the contet of the stateof the art in objectrecognition. Also, they allow usto compare
the overall approachagainstmethodswhich are not easilydecomposeihto the threestepsof image lter -
ing, partclassi cation,andgroupclassi cation. For example,geometrichashingtechniques[2Ddoesnot
involve a stepfor nding part-to-partcorrespondenceandsomemorerecentapproachesxplicitly avoid
partmatches[3b

7.5 Practicalities

It maynotbenecessaryo applythe partclassi ersover all possiblewindows of testimagesto
nd enoughpartsfor reliablerecognition;it might bethe casethatarandomsampleof patchesepresenting
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somesmall percentagef the imagewill resultin enoughpartidenti cations to yield matches. This is

anothewariableto studyin therecognitionexperimentd will conduct.

It maybeunnecessario applysomeof the partdetectorsatall. Like groupstheremaybeparts
which aresodif cult to discriminatefrom otherpartsor backgroundhatit is not worth the effort to look
for thematall. | will experimentwith heuristicswvhichignoresuchparts.

8 Contributions

Thisthesiscontritutesthe following:

A formulationof bottom-up,local-appearance-badobjectrecognitionbasedsolelyin termsof dis-
criminationbetweerappearancegndgeometriccon gurations

Thediscriminant lter approactio image Itering, whichtunesthe processf extractingvisualinfor-
mationto thetaskof objectrecognition

Thetechniqueof margin-varianceclassi cation designedo ensuradiscriminabilitybetweerclasses
while giving uniform classi cationscores

Discriminantgroupingasa meandor groupingobjectpartsinto discriminablesets

Theimplementatiorof thesetechniquesndapplicationto the recognitionof partly-occludedman-
made“desktop”objectsin clutteredindoorbackgrounds

A uni ed treatmenif the problemsof partrecognitionandgroupingthroughthe machineryof dis-
criminants

9 Dissertation Schedule
Hereis atentative scheduldor time spentonthethesis:
Summer2001: Theoreticalssueswith discriminant lters andmaigin-varianceclassi ers
Fall 2001: Module experiments
Winter 2002: Module andsystemexperiments
Spring2002: Systemexperiments

Summer2002: Write anddefend
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Figurel: Run-timeanalysisof a novel image.
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Figure4: Two discriminantdor classifyingx ando, onewith large maigin (left) andonewith low variance(right).
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Figure5: Decisionsurfacesderivedby 2 differentclassi ersfor anotheistribution of x ando, shavn in detail (left) andover a
wider area(right). Top: MVC solution.Bottom: SVM solution.
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Figure 8: Detectionof a subsetof the partsfrom Figure 7 andclutter (marked “C”) in a novel image. For display purposes,
we only searchedor six of the 11 labelledsectionson this side of the mug. The numberof rectanglesaroundeachcomponenis
proportionalto the con dencein its classi cation. Note thatthe window on the upperleft portion of the mugis not mislabelled
asclutter; sincenoneof the component®f interestare on that portion of the object, it is technically“clutter” for partsdetection
purposesResultsfor detectionof the completesetof mug partsusingtheapproactdescribedn this paperarepresentedn Section
6.
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Figure9: Left: Labelledsectiononthe spraycanandseveralviews of it in clutter. Right: Detectionexamplefor spraycan.Only
points2,8,9,10,and11 weresearchedor. Pointsmarked“C” areclassi edasclutter Sincethereareno componentsf intereston
thetop areaof the can,this partof the objectis clutterasfar asthe discriminationtaskis concernedthus,the patchesn this area
markedwith a“C” have beenclassi ed correctly

Figure10: Imagepatchmodulatedby arangeof Gaussiarervelopes.For eachGaussiana PCA decompositioris computedon
thesetof all training patchesnodulatedy that Gaussian.

01 0z 03 04 05 05 07 08 09

Figure 11: ROC cunes using local eigenspacdeaturesand a Gaussiarclassi er. Solid curves on the left and right shav
performanceof discriminant Iters usingeigen Iters asa basis. On the left, onedottedcurwe is plottedfor eachparticularpatch
size.Ontheright, featuredor all patchsizesarecombinedat trainingtime, andfeaturesfor the medianpatchsizeareusedat run

time. Detailsin thetext.
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Figure12: ROC curwesusinglocal eigenspacéeaturesanda k-nearest-neighbarassi er, asin Figure11. Detailsin thetext.

BESNE

Figure13: Examplesf Iters from the Gaborbasis varying by width of Gaussiarervelope frequeng, andorientation.

Figure 15: Left: ROC curvesusing Gabor lters anda nearest-neighbotlassi er. The solid curve plots performanceusing
discriminant lters; the dottedcurwe trainson all Iter response$or all . Right: ROC cunesusingdifferentialinvariantsand
nearest-neighbariassi er, displayedasthe graphontheleft.
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Figure 16: A lter basisis constructedusing differentialinvariantscomputedfrom derivatives of Gaussiansver a rangeof
overthatrangeof variances.

GaussiarvariancesShawn is

Figure17: ROC curesusinglocal differentialinvariantfeaturesanda Gaussiarclassi er. Solid curvesshav performanceof
discriminantlters usingdifferentialinvariantsof varyingwidth asabasis.Left: OneDottedcurweis plottedfor eachwidth setting.
Right: Featuredor all widthsarecombinedat trainingtime, andfeaturedfor the medianwidth areusedat runtime. Detailsin the

text.
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Figure18: ROC cunefor rst groupclassi cationexperiment.
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Figure19: ROC cune for secondgroupclassi cationexperiment.
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Figure20: Commonapproacheto the threerecognitionsteps Techniquegroposedn this thesisarein bold.
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