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Abstract

We investigatea methodfor learning objectcategoriesin a weaklysupervisedmanner. Givena setof

imagesknownto containthetargetcategory froma similar viewpoint,learningis translationandscale-

invariant; doesnot require alignmentor correspondencebetweenthe training images, and is robust

to clutter and occlusion.Category modelsare probabilistic constellationsof parts,and their parame-

ters are estimatedby maximizingthe likelihoodof the training data. Theappearanceof the parts, as

well as their mutualposition,relativescaleandprobability of detectionare explicitly describedin the

model.Recognitiontakesplacein twostages.First,a feature-�nder identi�espromisinglocationsfor the

model's parts. Second,thecategory modelis usedto compare thelikelihoodthat theobservedfeatures

are generatedby thecategory model,or are generatedby backgroundclutter. The�exible nature of the

modelis demonstratedby resultsover six diverseobjectcategoriesincludinggeometricallyconstrained

categories(e.g. faces,cars)and�exibleobjects(such asanimals).
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Figure 1: Some sample images from the datasets. Note the large variation in scale in, for ex-
ample, the cars (rear) database. These datasets are from both http://www.vision.caltech.edu/html-
�les/archive.html and http://www.robots.ox.ac.uk/� vgg/data/, except for the Cars (Side) from
(http://l2r.cs.uiuc.edu/� cogcomp/index research.html)andSpottedCatsfrom theCorel Imagelibrary. A Power-
pointpresentationof the�gures in thispapercanbefoundathttp://www.robots.ox.ac.uk/� vgg/presentations.html
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1 Intr oduction

Representation,detectionandlearningarethemain issuesthatneedto betackledin designinga visual

systemfor recognizingobjectcategories.The�rst challengeis comingup with modelsthatcancapture

the `essence'of a category, i.e. what is commonto the objectsthat belongto it, andyet are �e xible

enoughto accommodateobjectvariability (e.g. presence/absenceof distinctive partssuchasmustache

andglasses,variability in overall shape,changingappearancedueto lighting conditions,viewpointetc).

The challengeof detectionis de�ning metricsandinventingalgorithmsthat aresuitablefor matching

modelsto imagesef�ciently in thepresenceof occlusionandclutter. Learningis theultimatechallenge.

If we wish to be ableto designvisual systemsthat canrecognize,say, 10,000objectcategories,then

effortlesslearningis a crucial step. This meansthat thosetrainingstepsthat requirea humanoperator

(e.g.collectionof goodqualitytrainingexemplarsof thecategory;eliminationof clutter;correspondence

andscalenormalizationof thetrainingexamples)shouldbereducedto aminimumor eliminated.

In thispaperwedevelopanddiscussaprobabilisticmodelfor anobjectcategorywhichcanbelearnt

from a setof trainingimagesof instancesof thatcategory, requiringonly weaksupervision.Themodel

representsa singlevisualaspectof theobjectcategory (e.g.thesideview of a car)andaccommodates

intra-category variability. The training imagesarerequiredto containa singleinstanceof thecategory

with acommonvisualaspectandorientation.Theserequirementsaretheextentof theweaksupervision.

Theinstancesdonotneedto bealigned(e.g.centred)or scalenormalizedor put in correspondence,and

theimagesmaycontainclutter(i.e. foregroundsegmentationis not required).

Objectrecognitiondatesbackto theorigin of thecomputervision �eld. However, for themostpart

theemphasishasbeenon ef�ciently recognizingsingle2D or 3D objectinstances(e.g.a particularsta-

pler) [28] ratherthananobjectcategory (all typesof staplers)underunrestrictedviewpoints.A number

of successfulapproaches— geometricalignment,geometrichashing,appearancemanifoldsetc— have

beendevelopedwith objectsbeingrepresentedby their wireframeoutline or internalappearance,and

viewpointmappingsrangingfrom 2D transformations(e.g.af�nities), throughparallelprojection(af�ne

cameras)to the full generalityof perspective projection. This progressis coveredin text bookssuch

as[16].
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However, theemphasisin this paperis not on viewpoint invariance,indeedlearningis restrictedto

scaleandtranslationinvariance,but on modellingandlearningintra-category variability. A numberof

recentpapershave alsotackledthis problem. A key issueis how to representanobjectcategory. One

popularapproachis to modelcategoriesasacollectionof features,or parts,eachparthaving adistinctive

appearanceand(in mostcases)spatialposition[2, 3, 4, 5, 7, 10,19, 21, 25,33,34, 37,38,43]. Different

authorsvarywidely on thedetails:thenumberof partsthey envisage(from afew to thousandsof parts),

how thesepartsaredetectedandrepresented,how their positionis represented,whetherthevariability

in part appearanceand position is representedexplicitly or is implicit in the detailsof the matching

algorithm.Theissueof learningis perhapstheleastwell understood.Mostauthorsrely onmanualsteps

to eliminatebackgroundclutterandnormalizetheposeof the trainingexamples.Recognitioncanalso

proceedby anexhaustivesearchover imagepositionandscale[24, 32, 34,36,38,39].

Wefocusourattentionontheprobabilisticapproachproposedby Burl etal. [5] whichmodelsobjects

asrandomconstellationsof parts. This approachpresentsseveraladvantages:themodelexplicitly ac-

countsfor shapevariationsandfor therandomnessin thepresence/absenceof featuresdueto occlusion

anddetectorerrors. It accountsexplicitly for imageclutter. It yieldsprincipledandef�cient detection

methods.Weberetal. [42, 43] proposedamaximumlikelihoodweaklysupervisedlearningalgorithmfor

the “constellationmodel” which successfullylearnsobjectcategoriesin a translationinvariantmanner

from cluttereddatawith minimal humanintervention. We proposeherefour substantialimprovements

to the constellationmodelandto its maximumlikelihoodlearningalgorithm. First, while Burl et al.

andWeberet al. modelexplicitly shapevariability, they do not modelthevariability of appearance.We

extendtheir model to take this aspectinto account.Second,appearancehereis learntsimultaneously

with shape,whereasin their work the appearanceof a part is �x ed beforeshapelearning. Third, they

usecorrelationto detecttheirparts.Wesubstitutetheir front endwith aninterestoperator, whichdetects

regionsandtheir scalein the mannerof [27, 30]. Fourth,Weberet al. did not experimentextensively

with scale-invariantlearning,mostof their trainingsetsarecollectedin sucha way that thescaleis ap-

proximatelynormalized.Weextendtheir learningalgorithmsothatnew objectcategoriesmaybelearnt

ef�ciently , without supervision,from training setswherethe objectexampleshave large variability in

scale.A �nal contribution is experimentingwith a numberof new imagedatasetsto validatetheoverall
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approachoverseveralobjectcategories.Examplesimagesfrom thesedatasetsareshown in Figure1.

Theaimof thispaperis to describeourprobabilisticobjectmodelandlearningalgorithmin suf�cient

detailto make implementationpossible,aswell asgiving aninsightinto its design.In section2 we give

the structureof the model and describeour region detector. In section3 we show how to estimate

theparametersof our model,givena setof trainingimages.Section4 describestheuseof themodelin

recognition.Ourapproachis thentestedonawidevarietyof datain section5. Experimentsinvestigating

our algorithm's operationare also performed,including the sensitivity of parametersettingsand the

importanceof differentcomponentswithin themodel.Finally, conclusionsaredrawn in section6.

2 Model structur e

Our approachto modelingobjectcategoriesfollows on from the work of Burl et al. andWeberet al.

[5, 40, 42, 43]. An objectmodelconsistsof a numberof parts. Eachpart hasan appearance,relative

scaleandcanbeoccludedor not. Eachparthasacertainprobabilityof beingerroneouslydetectedin the

backgroundclutter. Shapeis representedby themutualpositionof theparts.Theentiremodelis gener-

ative andprobabilistic,soappearance,scale,shapeandocclusionareall modeledby probabilitydensity

functions,which hereareGaussians.Themodelis scaleandtranslationinvariantin both learningand

recognition.Theprocessof learninganobjectcategory is oneof �rst detectingregionsandtheir scales,

andthenestimatingtheparametersof theabove densitiesfrom theseregions,suchthat themodelgives

a maximum-likelihooddescriptionof the trainingdata.Recognitionis performedon a queryimageby

again �rst detectingregionsandtheirscales,andthenevaluatingtheregionsusingthemodelparameters

estimatedin the learning. Note that partsrefer to the model,while featuresrefer to detectionsin the

image.

Themodelis bestexplainedby �rst consideringrecognition.Assume,we have learnta generative

objectcategory model,with P partsandparameters� f g. We alsoassumethatall non-objectimagescan

bemodeledby abackgroundwith asingle,�x ed,setof parameters� bg. Wearethenpresentedwith anew

imageandwemustdecideif it containsaninstanceof ourobjectcategoryor not. In thisqueryimagewe

have identi�ed N interestingfeatureswith locationsX , scalesS, andappearancesA . We now make a

decisionasto thepresence/absenceof theobjectby comparingtheratio of category posteriordensities,
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R, to a thresholdT:

R =
p(ObjectjX ; S; A )

p(No objectjX ; S; A )
=

p(X ; S; A jObject) p(Object)
p(X ; S; A jNo object) p(No object)

�
p(X ; S; A j � f g) p(Object)

p(X ; S; A j� bg) p(No object)
(1)

The last expressionis an approximationsincewe representthe category with its (imperfect)model,

parameterizedby � . Theratioof thepriorsmaybeestimatedfrom thetrainingsetor setby hand(usually

to 1).

Sinceourmodelonly hasP (typically 3-7)partsbut thereareN (up to 30) featuresin theimage,we

useanindexing variableh (asintroducedin [5]) which we call a hypothesis. h is a vectorof lengthP,

whereeachentryis between0andN whichallocatesaparticularfeatureto amodelpart.Theunallocated

featuresareassumedto bepartof thebackground,with 0 indicatingthepartis unavailable(e.g.because

of occlusion). The setH is all valid allocationsof featuresto the parts;consequentlyjH j is O(N P ).

ComputingR in (1) requiresthecalculationof theratio of the two likelihoodfunctions. In orderto do

this, thelikelihoodsarefactoredasfollows:

p(X ; S; A j � f g) =
X

h2 H

p(X ; S; A ; hj � f g) =
X

h2 H

p(A jX ; S; h; � f g)
| {z }

Appear ance

p(X jS; h; � f g)
| {z }

Shape

p(Sjh; � f g)
| {z }

Rel: Scale

p(hj� f g)
| {z }

Other

(2)

Wenow look ateachof thelikelihoodtermsandderivetheiractualform. Thelikelihoodtermsmodel

notonly thepropertiesof thefeaturesassignedto themodelsparts(theforeground)but alsothestatistics

of featuresin the backgroundof the image(thosenot picked out by the hypothesis).Thereforeit will

be helpful to de�ne the following notation: d = sign(h) (which is a binary vectorgiving the stateof

occlusionfor eachpart,i.e. dp = 1 if partp is presentanddp = 0 if absent),nf g = sum(d) (thenumber

of foregroundfeaturesunderthe currenthypothesis)andnbg = N � nf g (the numberof background

features).

If webelievenoobjectto bepresent,thenall featuresin theimagebelongto thebackground.Thuswe

only haveonepossiblehypothesis:h0 = 0, thenull hypothesis.Sothelikelihoodin thiscasebecomes:

p(X ; S; A j � bg) = p(A jX ; S; h0; � bg)p(X jS; h0; � bg)p(Sjh0; � bg)p(h0j� bg) (3)

As wewill seebelow, p(X ; S; A j � bg) is aconstantfor agivenimage.Thissimpli�es thecomputationof

thelikelihoodratio in (1), sincep(X ; S; A j � bg) canbemovedinsidethesummationover all hypotheses

in (2), to cancelwith theforegroundterms.
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2.1 Appearance

Herewe describethe form of p(A jX ; S; h; � ) which is the appearanceterm of the object likelihood.

We simplify theexpressionto p(A jh; � ) sincegiven thedetectedfeatures,we assumetheir appearance

andlocationto be independent.Eachfeature's appearanceis representedasa point in an appearance

space,de�ned below. Eachpartp hasa Gaussiandensitywithin this space,with meanandcovariance

parameters� app
f g;p = f cp; Vpg which is independentof otherparts' densities.Thebackgroundmodelhas

�x edparameters� app
bg = f cbg; Vbgg. BothVp andVbg areassumedto bediagonal.Theappearancedensity

is computedover all features:eachfeatureselectedby thehypothesisis evaluatedundertheappropriate

partdensitywhile all featuresnotselectedby thehypothesisareevaluatedunderthebackgrounddensity:

p(A jh; � f g) =
PY

p=1

G(A (hp)jcp; Vp)dp

NY

j =1 ;j nh

G(A (j )jcbg; Vbg) (4)

whereG is theGaussiandistribution. A (hp) is theappearanceof thefeaturepickedby hp. If no object

is present,thenall featuresareevaluatedunderthebackgrounddensity:

p(A jh0; � bg) =
NY

j =1

G(A (j )jcbg; Vbg) (5)

As p(A jh0; � bg) is a constantandsois not dependenton h, sowe cancanceltermsbetween(4) and(5)

whencomputingthelikelihoodratio in (1):

p(A jh; � f g)
p(A jh; � bg)

=
PY

p=1

�
G(A (hp)jcp; Vp)

G(A (hp)jcbg; Vbg)

� dp

(6)

Sotheappearanceof eachfeaturein thehypothesisis evaluatedunderforegroundandbackgroundden-

sitiesandtheratio taken. If thepartis occluded,theratio is 1 (dp = 0).

This termis anadditionto thepreviousincarnationsof theconstellationmodelin Weberet al. and

Burl etal. [5, 43].

2.2 Shape

Herewe describetheform of p(X jS; h; � ) which is theshapetermof theobjectlikelihood. Theshape

of theobjectis representedby a joint Gaussiandensityof the locationsof featureswithin a hypothesis,

oncethey have beentransformedinto a scaleandtranslation-invariantspace.This representationallows
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themodelingof both inter andintra partvariability: interactionsbetweentheparts(bothattractive and

repulsive)aswell asuncertaintyin locationof thepartitself.

Translationinvarianceis achieved by using the location of the featureassignedto the �rst non-

occludedpart as a landmark. We then model the shapeof the remainingfeaturesin the hypothesis

relative to this landmarkfeature. Scaleinvarianceis achieved by usingthe scaleof the landmarkpart

to normalizethelocationsof theotherfeaturesin theconstellation.This approachavoidsanexhaustive

searchoverscalethatothermethodsuse.If theindex of the�rst non-occludedpartis l , thenthelandmark

feature's locationis X (hl ) andits scaleis S(hl ).

X (h) is a2P vectorholdingthex andy coordinatesof eachfeaturein hypothesish, i.e.

X (h) = f xh1 ; : : : ; xhP ; yh1 ; : : : ; yhP g . To obtaintranslationinvariance,we subtractthelocationof the

landmarkfrom X (h): X � (h) = f xh1 � xh l ; : : : ; xhP � xh l ; yh1 � yh l ; : : : ; yhP � yh l g. A scaleinvariant

representationis obtainedby dividing throughby S(hl ): X �� (h) = X � (h )
S(h l )

. Notethat � indicatesa repre-

sentationthat is translationinvariant,while �� denotesa representationthat is bothscaleandtranslation

invariant.

WemodelX �� (h) with aGaussiandensitywhichhasparameters� shape
f g = f � ; � g. Sinceany of theP

partscanactasthelandmark,� ; � consistof asetof P � l 'sand� l 's to evaluateX �� (h) with. However,

thesetmembersareequivalentto oneanothersincechanginglandmarkjust involvesa translationof �

andtheequivalenttransformationof � (a referralof variancesbetweentheold andnew landmark),due

to thepropertiesof Gaussiandistributions.

Due to translationinvariance,� l is a 2(P � 1) vector (x andy coordinatesof the non-landmark

parts). Correspondingly, � l is a 2(P � 1) by 2(P � 1) matrix. Note that, unlike appearancewhose

covariancematricesVp; Vbg arediagonal,� l is a full matrix. All featuresnot includedin thehypothesis

are consideredas arising from the background. The model for the backgroundassumesfeaturesto

be spreaduniformly over the image(which hasarea� ), with locationsindependentof the foreground

locations.We alsoassumethatthelandmarkfeaturecanoccuranywherein theimage,soits locationis

modeledby auniformdensityof 1=� .

p(X jS; h; � f g) =
�

1
�

G(X �� (h)j� l ; � l )
��

1
�

� nbg

(7)

If a part is occludedthenwe marginalizeit out, which for a Gaussianentailsdeletingthe appropriate
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dimensionsfrom themeanandcovariancematrix. See[40] for moredetails.

If no objectis present,thenall detectionsarein thebackgroundandareconsequentlymodeledby a

uniformdistribution:

p(X jS; h0; � bg) =
�

1
�

� N

(8)

Again, this is aconstant,sowecancancelbetween(7) and(8) for thelikelihoodratio in (1) to give:

p(X jS; h; � f g)
p(X jS; h0; � bg)

= G(X �� (h)j� l ; � l ) � n f g � 1 (9)

This termis similar in natureto theshapetermin [43], with theadditionaluseof scaleinformation

from thefeaturesto obtainscale-invariance.Leunget. al. [26] proposedanaf�ne invariantshaperepre-

sentationby theuseof threemodelpartsasa basis,transformingdensityof theremainingmodelparts

into a Dryden-Mardiadensity[29]. The complex natureof this densityrestrictsits useto recognition,

hencelearningmustbeperformedmanually. A requirementof ourweaklysupervisedlearningschemeis

thatthetransformedshapedensityis Gaussian,thuswearerestrictedto usingonelandmarkonly. In our

case,a featureonly giveslocationandscale(i.e.notorientation),thereforewearecurrentlyrestrictedto

scaleandtranslationinvariance.

2.3 Relativescale

Herewe describethe form of p(Sjh; � ) which is the relative scaleterm of the object likelihood. This

term hasthe samestructureasthe shapeterm. The scaleof partsrelative to the scaleof the landmark

featureis modeledby aGaussiandensityin log spacewhichhasparameters� scale
f g = f t ; Ug. Again,since

the landmarkfeaturecouldbelongto any of theP parts,theseparametersarereally a setof equivalent

t l ; Ul 's. Thepartsareassumedto beindependentof oneanother, thusUl is adiagonal(P � 1) by (P � 1)

matrix,with t l beinga(P � 1) vector. Thebackgroundmodelassumesauniformdistributionoverscale

(within a ranger ).

p(Sjh; � f g) =
�

1
r

G(log S� (h)jt l ; Ul )
� �

1
r

� nbg

(10)

If theobjectis notpresent,all detectionsaremodeledby theuniformdistribution:

p(Sjh0; � bg) =
�

1
r

� N

(11)
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Thustheratioof likelihoodbecomes:

p(Sjh; � f g)
p(Sjh0; � bg)

= G(log S� (h)jt l ; Ul ) r n f g � 1 (12)

This termis anadditionto thepreviousincarnationsof theConstellationmodelof Weberet al. and

Burl etal. [5, 43].

2.4 Occlusionand Statisticsof the feature �nder

p(hj� f g) = pP oiss(nbgjM )
1

nCr (N; nf g)
p(djD ) (13)

The�rst termmodelsthenumberof featuresin thebackground,usinga Poissondistribution,which has

a meanM . Thesecondis a book-keepingtermfor thehypothesisvariable:we arepicking n f g features

from a total of N andsincewe have no bias toward particularfeatures,all combinationsareequally

likely thusit is aconstantfor all h. Thelasttermis a joint distributionon theocclusionsof modelparts.

It is a multinomialdensity(of size2P ), modelingall possibleocclusionpatternsd, having a parameter,

D . This joint distribution allows themodelingof correlationsin occlusion:nearbypartsaremoreoften

occludedtogetherthanfar apartthings. In thenull case,we only have only possiblehypothesis,h 0, so

theonly termfrom (13) thatremainsis thePoissonwhich now hasto accountfor all featuresbelonging

to thebackground:

p(h0j� bg) = pP oiss(N jM ) (14)

Thustheratiobecomes:

p(hj� f g)
p(hj� bg)

=
pP oiss(nbgjM )
pP oiss(N jM )

1
nCr (N; nf g)

p(djD ) (15)

Thesetermswereintroducedby Weberetal. [43].

2.5 Model structur esummary

The modelencompassesmany of the propertiesof an object,all in a probabilisticway, so this model

canrepresentboth geometricallyconstrainedobjects(wherethe shapedensitywould have a small co-

variance)andobjectswith distinctive appearancebut lackinggeometricform (theappearancedensities

wouldbetight, but theshapedensitywouldnow belooser).Someadditionalassumptionsinherentin our
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chosenmodelstructureinclude:givena setof detectedfeatures,their appearanceandlocationareinde-

pendent;theforegroundfeatures'appearancesareindependentto oneanother;thebackgroundfeatures'

areindependentto theforegroundandeachother.

An importantlimitation of the model, as presented,is that we can only model one aspectof the

object.While this is a major limitation, many objectsoftenappearin a distinctive pose(e.g.facesfrom

thefront) thussingleaspectrecognitionis still a worthwhileproblem.More importantly, our approach

canbeextendedto multiple aspectsby usinga mixtureof constellationmodels,in themannerof Weber

etal. [41].

Using(6),(9),(12)and(15)wecanwrite thelikelihoodratio from (1) as:

p(X ; S; A j� f g)
p(X ; S; A j� bg)

=
X

h2 H

p(X ; S; A ; hj� f g)
p(X ; S; A ; h0j� bg)

(16)

=
X

h2 H

PY

p=1

�
G(A (hp)jcp; Vp)

G(A (hp)jcbg; Vbg)

� dp G(X �� (h)j� l ; � l ) G(log S� (h)jt l ; Ul ) (� r )n f g � 1 pP oiss(nbgjM )p(djD )
pP oiss(N jM ) nCr (N; nf g)

Theintuition is thatthemajorityof thehypotheseswill below scoringasthey will bepickingupfeatures

from backgroundclutteron the imagebut hopefullya few featureswill genuinelybepartof theobject

andhypothesesusingthesewill scorehighly. However, we mustbe ableto locatefeaturesover many

differentinstancesof theobjectandovera rangeof scalesin orderfor thisapproachto work.

2.6 Featuredetection

Featuresarefoundusingthedetectorof Kadir andBrady[22]1. Thismethod�nds regionsthataresalient

over both locationandscale. For eachpoint in the imagea histogramP(I ) is madeof the intensities

in a circular region of radius(scale)s. The entropy H (s) of this histogramis thencalculatedandthe

local maximaof H (s) arecandidatescalesfor the region. The saliency of eachof thesecandidatesis

measuredby H dP
ds (with appropriatenormalizationfor scale[22, 27]).

This givesa 3-D saliency map(over x,y ands). Regionsof high saliency areclusteredover both

locationandscale,with a biastowardclustersof largescale,sincethey tendto bemorestablebetween

object instances.The centroidsof the clustersthenprovide the featuresfor learningandrecognition,

their coordinateswithin thesaliency mapde�ning thecentreandradiusof eachfeature.

1An implementationof this featuredetectoris availableathttp://www.robots.ox.ac.uk/� timork/salscale.html
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A goodexampleillustratingthesaliency principleis thatof a bright circle on a darkbackground.If

thescaleis too small thenonly thewhite circle is seen,andthereis no extremain entropy. Thereis an

entropy extremawhenthescaleis slightly larger thanthe radiusof thebright circle, andthereafterthe

entropy decreasesasthescaleincreases.

In practicethis methodgivesstableidenti�cation of featuresover a varietyof sizesandcopeswell

with intra-category variability. The saliency measureis designedto be invariant to scaling,although

experimentaltestsshow that this is not entirely the casedueto aliasingandothereffects. Note, only

monochromeinformationis usedto detectandrepresentfeatures.Theperformanceof thealgorithmis

dependenton �nding goodfeaturesfrom which to learnamodel.Theeffectof differentfeaturedetector

settingsis investigatedin Section5.

2.7 Feature representation

The featuredetectoridenti�es regionsof interestin eachimage. Thecoordinatesof thecentregive us

X andthesizeof theregion givesS. Figure2 illustratesthis on six typical imagesfrom themotorbike

dataset.

Figure2: Six typical motorbikesimageswith theoutputof theKadir-Bradyoperatoroverlaid. The+ 's illustrate
thecentreof thesalientregion,while thecirclesshow thescaleof theregion. Noticehow theoperator�res more
frequentlyonmoresalientregions,ignoringtheuniformbackgroundpresentin someof theimages.

Oncetheregionsareidenti�ed, they arecroppedfrom theimageandrescaledto thesizeof a small
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k � k patch(typically 11 � k � 21 pixels). Thus,eachpatchexists in a k2 dimensionalspace.Since

the appearancedensitiesof the modelmustalsoexist in this space,we mustsomehow reducethe di-

mensionalityof eachpatchwhilst retainingits distinctiveness,sincea 100+-dimensionalGaussianis

unmanageablefrom a numericalpoint of view and also the numberof parametersinvolved (2k2 per

modelpart)aretoomany to beestimated.

This is doneby usingprincipalcomponentanalysis(PCA).Weutilise threevariants:

1. IntensitybasedPCA.Thek � k patchesarenormalisedto havezeromeanandunit variance.This

is to remove theeffectsof lighting variation.They arethenprojectedinto a �x edPCAbasisin the

intensityspaceof k � k patches,having l basisvectors.As usedin Fergusetal. [14].

2. GradientbasedPCA. Inspiredby theperformanceof PCA-SIFTin region matching[23], we take

thex andy gradientsof thek � k patch. Thederivativesarecomputedby symmetric�nite dif-

ference(croppingto avoid edgeeffects). Themagnitudeof thegradientswithin thepatchis then

normalisedto be 1, removing lighting variations. Note that we do not performany orientation

normalizationasin [23]. Theoutcomeis a vectorof length2k2, with the �rst k elementsrepre-

sentingthex derivative,andthesecondk they derivatives.Thenormalizedgradient-patchis then

projectedinto a �x edPCAbasisof l dimensions.

3. GradientbasedPCA with energy andresidual. As for 2 but with two additionalmeasurements

madefor eachgradient-patch:its unnormalizedenergy andtheresidualbetweenthereconstructed

gradient-patchusingthePCAbasisandtheoriginalgradient-patch.Eachregionis thusrepresented

by a vectorof lengthl + 2. Thelasttwo dimensionsactasa crudeinterestmeasureof theregion,

while theremainingdimensionsactuallyrepresentits appearance.

Thustheappearanceof eachregion is representedby a vectorof PCA coef�cients of lengthl or l + 2.

Combiningthevectorsfrom all regionsweobtainA for animage.

ThePCA basisis computedfrom patchesextractedusingall Kadir andBradyregionsfoundon all

the training imagesof Motorbikes; Faces;Airplanes;Cars(Rear);LeopardsandCaltechbackground.

Note that this basisis usedfor all object categories. We assumethat the covariancetermsbetween

componentswill bezero,thusVp (thecovarianceof apart'sappearance)is diagonalin nature.Alternative
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representationssuchasICA andFisher'slineardiscriminantwerealsotried,but in experimentsthey were

shown to beinferior.

We have now computedX , S, andA for usein learningor recognition. For a typical image,this

takes10-15seconds(all timingsgivenarefor a 2 Ghzmachine),mainly dueto theunoptimizedfeature

detector. Optimizationshouldreducethis to a few seconds.

3 Learning

In a weakly supervisedlearningscenario,oneis presentedwith a collectionof imagescontainingex-

amplesof the objectsamongstclutter. However the positionandscaleof the objectwith eachimage

is unknown; no correspondencebetweenexemplarsis given; partsof theobjectmaybemissingor oc-

cluded. Thechallengeis to make senseof this profusionof data. Weberet al.[43, 40] approachedthe

problemof weakly supervisedlearningof object categoriesin clutter as a maximumlikelihood esti-

mation. For this purposethey derived an EM algorithmfor the constellationmodel. We follow their

approachin deriving anEM algorithmto estimatetheparametersof our improvedmodel.

The taskof learningis to estimatethe parameters� f g = f � ; � ; c; V; M ; D ; t ; Ug of the modeldis-

cussedabove. The goal is to �nd the parameterŝ� M L which bestexplain the dataX ; S; A from all

the training images,that is maximizethe likelihood: �̂ M L = argmax
�

p(X ; S; A j � f g). Note that the

parametersof thebackground,� bg, areconstantduringlearning.

Learningis carriedout using the expectation-maximization(EM) algorithm [8] which iteratively

converges,from somerandominitial valueof � f g to amaximum(whichmightbea localone).

We now look at eachstagein the learningprocedure,giving practicaldetailsof its implementation

andperformance,usingthemotorbikedatasetasanexample.WeassumethatX ; S; A havealreadybeen

extractedfrom theimages,examplesof which areshown in Figure2. In this example,we areusingthe

gradientbasedPCArepresentation,with k = 11andl = 15.

3.1 Initialization

Initially wehavenoknowledgeaboutthestructureof theobjectto belearntsoweareforcedto initialize

themodelparametersrandomly. However, themodelwhich hasa largenumberof parameters,mustbe
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initializedsensiblyto ensurethattheparameterswill convergeto a reasonablemaximum.For shape,the

meansaresetrandomlyover the areaof the imageandthe covariancesto be large enoughso that all

hypotheseshave a roughly equalweighting,so avoiding a biastoward nearbypoints. The appearance

densitiesareinitialised to zeromean,plus a small randomperturbation,while the variancesaresetto

belarge. Thesameinitialization settingsareusedin all experiments.In Figure3 we show threetypical

modelinitializationsof theshapeterm(theappearancetermis hardto visualizedueto thelargenumber

of dimensions).
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Figure3: Threetypical initializationsfor a 6 part motorbike shapemodel. The circlesrepresentthe varianceof
eachpartat 1 standarddeviation (the inter-part covarianceterms,which cannoteasilybeshown, aresetto zero)
with themeanbeingthecentreof thecircles.Theprobabilityof eachpartbeingpresentis shown just to theleft of
themean.Theaverageimagesizeis indicatedby theblackbox. As theimagesareresizedto aconstantwidth and
theiraspectratio is unknown, weensurethattall imagesarenotpenalisedby allowing theinitializationof someof
thepartsto lie outsidethemeanimagebox. Axis unitsarepixels. Thevariancesherearereferredto thecentroid
of themodel.

3.2 EM updateequations

Thealgorithmhastwo stages:(i) theE-stepin which, giventhecurrentvalueof � f g at iterationk, � k
f g,

somesuf�cient statisticsarecomputedand(ii) theM-stepwherewecomputetheparametersfor thenext

iteration,� k+1
f g usingthesesuf�cient statistics.

We now give theequationsfor both theE-stepandM-step. TheE-steprequiresus to computethe

posteriordensityof thehiddenvariables,which in our casearethehypotheses.This is calculatedusing

thejoint:

p(hjX ; S; A ; � k
f g) =

p(X ; S; A ; hj � k
f g)

P
h2 H p(X ; S; A ; hj � k

f g)
=

p(X ;S;A ;h j � k
f g )

p(X ;S;A ;h 0 j � bg )

P
h2 H

p(X ;S;A ;h j � k
f g )

p(X ;S;A ;h 0 j � bg )

(17)
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We divide throughby p(X ; S; A ; h0j � bg) asit is easierto computethe joint ratio ratherthanthe joint

directly. We then calculatethe following suf�cient statisticsfor eachimage, i from which we have

previously extractedX i ; A i ; Si : E [X �� i ], E [X �� i X �� i T ], E [A i
p], E [A i

pA i
p

T ], E [S� i ], E [S� i S� i T ], E [ni ],

E [D i ] wheretheexpectationis takenwith respectto theposterior, p(hjX ; S; A ; � k
f g), for example:

E[X �� i ] =
X

h2 H

p(hjX i ; Si ; A i ; � k
f g) X �� i (h) (18)

Note that for simplicity we have not consideredthecaseof missingdata. Theextensionsto theabove

rulesfor dealingwith thismaybefoundin [40]. Thegeneralprincipleis to conditiononthefeaturesthat

arepresentto work out theexpectedvaluesof thosethataremissing.

In theM-stepwe thencompute� k+1
f g = f � k+1 ; � k+1 ; ck+1 ; V k+1 ; t k+1 ; Uk+1 ; M k+1 ; D k+1 g:

� k+1 =
1
I

IX

i =1

E[X �� i ] � k+1 =
1
I

IX

i =1

E[X �� i X �� i T
] � � k+1 � k+1 T

ck+1
p =

1
I

IX

i =1

E[A i
p] 8p 2 P V k+1

p =
1
I

IX

i =1

E[A i
pA i

p
T

] � ck+1
p ck+1

p
T

8p 2 P

t k+1 =
1
I

IX

i =1

E[S� i ] Uk+1 =
1
I

IX

i =1

E[S� i S� i T
] � t k+1 t k+1 T

M k+1 =
1
I

IX

i =1

E[ni ] D k+1 =
1
I

IX

i =1

E[D i ]

whereI is totalnumberof trainingimages.Thetwo stagesarethenrepeateduntil � k
f g convergesto a

stablepoint. Seesection3.5below for adiscussionon theconvergencepropertiesof thealgorithm.

3.3 Computational considerations

In computingthesuf�cient statisticsin theE-stepweneedto evaluatethelikelihoodfor everyhypothesis.

SincethereareO(N P ) per image,this is themajorcomputationalbottleneckin our approach.Possible

waysaroundthis include:

� Usethemode:Approximatethesummationoverh by just takingthemode,i.e. thebesthypothesis

in eachframe. The problemwith this is that the initial assignmentsare totally randomandso

initially picking thebesthypothesisis unlikely to becloseto theoptimaloneandit is dif�cult to

escapefrom suchlocal minima in subsequentiterations.Thepracticalconsequencesarethat the
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modelis moreproneto numericalexplosions(probabilitiesgo to zerosomewhere);or themodels

convergeto badlocalmaxima.SeeFigure8(b) for anexampleof thelatter.

� Samplehypotheses:While samplingmethodscouldbeusedto evaluatethemarginalizationin the

E-step[20], theimpositionof constraints(e.g.seeSection3.6)on possiblehypothesesintroduces

complications.Theseconstraintsmeanthat it would bemoredif�cult to move throughthespace

of possiblehypotheses,sincemany proposedmoveswouldnotbevalid, increasingthechancesof

hitting localminima.For this reason,weprefermoredirectcomputationmethods.

� Reducethedependencies:Thecauseof our problemsis assumingthat the locationof all partsis

dependenton oneanother. A simplerdependency structurecould be adopted,conditioningon a

singlelandmarkpart, for example. This would reducethe O(N P ) problemto O(N 2P). This is

investigatedin [13].

� Ef�cient searchmethods:Only very smallportionof thehypotheseshave a high probability thus

wecanaccuratelyapproximatethesummationoverall hypothesesby just consideringthissubset.

By utilizing variousheuristics,speci�c to our application,we can ef�ciently computethe few

hypothesescontributing muchof theprobabilitymass.Thedetailsof this arenow investigatedin

Section3.4.

3.4 Ef�cient search methods

Computingthe very small portion of the hypothesesthat have a high probability enablesthe learning

procedureto run in a reasonabletime.

A treestructureis usedto searchthe spaceof all possiblehypotheses.The leavesof the treeare

completehypotheseswith eachlevel representingapart:moving down thetree,featuresareallocatedto

partsuntil acompletehypothesisis formed.At anodewithin thetree,anupper-boundontheprobability

of remaining,unallocatedpartscanbecomputedenablingusto employ theA � algorithm[17, 18]. This

allows theef�cient explorationof thetree,resultingin theguaranteeddiscovery of thebesthypothesis.

This canberemovedfrom thetreeandthesearchcontinueduntil thenext besthypothesisis found. In

this manner, we canextract thehypothesesorderedby likelihood. Figure4(a)shows a toy exampleof
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thisprocess.

If q partshave beenallocated,the upperboundon the probability for the remainingP � q parts

is easilycomputedthanksto the form of the densitiesin the model. Given the occlusionstatesof the

unallocatedparts,theupperboundis a constant,thusit becomesa caseof �nding themaximumupper

boundfor eachof the2P � q possiblestates.

A binary heapstoresthe list of openbrancheson the tree,having logn accesstime. Conditional

densitiesfor eachpart(i.e.conditioningonpreviouslyallocatedparts)arepre-computedto minimizethe

computationnecessaryateachbranch.Detailsof theA � searchcanbefoundin [15].

For eachimage,wecomputeall hypothesesuntil they becomelessthansomethreshold(e� 15) smaller

thanthebesthypothesis.Figure4(b)showshow thenumberof hypothesesvariesfor agivenlikelihood.

This thresholdwaschosento ensurethatthelearningprogressedwithin areasonabletimewhile evaluat-

ing asmany hypothesesaspossible.Additionally, spacesearchmethodsareusedto prunethebranches
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Figure4: (a) Illustrationof A � searchprocessfor a 3 part toy modelandan imagewith 3 regions. As thetreeis
descended,regionsareallocatedto parts,with the leavesof thetreeconstitutingcompletehypotheses.Thescore
(T) of eachnodein the treeis a sumof the likelihoodof the allocatedfeatures(A) andan upper-boundon the
likelihoodof the remaining,unallocatedfeatures(B). The list of opennodesis storedin a binaryheap,with the
nodewith thehighestoverall value(T) beingtheoneopenednext. By repeatedlyremoving completenodesfrom
thetree,thehypothesescanbeextractedin orderof likelihood.(b) A graphshowing how thenumberof hypotheses
evaluatedincreasesasthe likelihooddropsbelow thatof thebesthypothesison a typical motorbike model. The
vertical line shows thevalueof thethresholdusedin experiments.Thethreecurvescorrespondto differentstages
of learning:red– at thebeginningwhenthemodelvariancesarelarge;green– in themiddleandblue– whenthe
modelvariancesarelarge(seeFig. 6(c) for evolution of modelduringlearning).Notethatasthemodelvariances
decrease,thenumberof hypothesesevaluteddescreases.(c) As for (b), but they-axisis evaluationtimeperimage.
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exploredat eachnew nodein the tree. At a given level of the tree,the joint densityof the shapeterm

allows thedensityof locationof thecurrentpart to becomputedby conditioningon thepreviously al-

locatedparts.Only a subsetof theN detectionsneedbeevaluatedby this density:we assumethatwe

canneglectdetectionsif their probabilityis worsethanhaving all remainingpartsbemissing.Sincethe

occlusionprobabilitiesareconstantfor a givenlearningiteration,this givesa thresholdwhich truncates

thedensity. If thecovarianceof thedensityis small,only thebestfew detectionsneedto beevaluated,

enablingsigni�cant numbersof hypothesesto beignored.

Despiteusingtheseef�cient methods,learninga P = 6–7 partmodelwith N = 20–30 featuresper

image(a practicalmaximum),using400trainingimages,takesaround24hoursto run. This equatesto

spending3-4secondsperimage,onaverage,ateachiteration(givenatotalrunningtimeof 24hours,with

400trainingimagesand50EM iterations).It shouldbenotedthat learningonly needsto beperformed

oncepercategory, dueto thegoodconvergencepropertiesasdiscussedin section3.5.

It is worth noting that just �nding the besthypothesis(the mode),is not that much quicker than

taking the small subsetof high scoringhypotheses(seeFigure4(c)), sincea reasonableportionof the

treestructuremustbeexploredbeforeacompletehypothesisis found.Thisprovidesanotherjusti�cation

for summingovermultiplehypothesesratherthanjust takingthebest.

3.5 Convergence

Table1 illustrateshow thenumberof parametersin themodelgrowswith thenumberof parts,(assuming

l = 15). Despitethelargenumberof parametersin themodel,its convergencepropertiesarerespectable.

Parts 2 3 4 5 6 7
# parameters 77 123 177 243 329 451

Table1: Relationshipbetweennumberof parametersandnumberof partsin model

Figure5 shows the convergencepropertiesandclassi�cation performanceof 15 modelsstartedfrom

differentinitial conditionsbut with identicaldata.Notethatwhile themodelsconvergeatdifferentrates

andto differentpointsin parameterspace(seethedifferentshapemodelsfor eachrun in Figure5(c)),the

ROCcurvesof testsetperformanceareverysimilar, thestandarddeviationatequal-errorratebeing0:6%.

Figure6(a)shows theshapemodelevolving throughoutthe learningprocessfor a typical learningrun.
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Figure6(b) shows theclassi�cationperformanceof themodelimproving asthemodelconverges.Both

�gures demonstratethatthemajority of theperformanceis obtainedwithin theearlystagesof learning.

However, occasionallyasuperiormaximumcanbefoundaftera largenumberof iterations,thereforewe

continueuntil we aresurethat themodelhasreacheda stablepoint. Two criteriawereusedto stopthe
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Figure5: 15 learningrunsfor themotorbikecategory, eachwith adifferentrandominitialisation.(a)Themaximal
parameterchangeperiterationfor 15runs,startedatdifferentinitial conditions.(b) The15ROCcurves(evaluating
testdata)correspondingto eachof the runs,themeanerror rateis 9:3%, with a standarddeviation of 0:6%. (c)
Theshapemodelsfor eachof the15 runs.Notethedifferentmaximafound.

EM iteration: (i) Numberof iterationsexceedssomelimit (50) and(ii) The absolutevalueof norm of

parameterchangeperiterationdropsbelow somelimit (10� 3 – for theshapetermthisequatesto around

1/10thof a pixel). In practicetheformercriterionis usedmoreoften. Figure7 givesaninsight into the

convergenceof themodelduringa typical learningrun. Figure7(b) shows how thelog-likelihoodratio
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Figure6: (a) The evolution of the motorbike shapemodel throughoutlearning. (b) Classi�cation performance
versuslearningiteration.Theinsetshows the�nal shapemodelsuperimposedonamotorbike image.

overall imagesincreasesmonotonicallyasit should.Theplot alsogivesabreakdown of thetermswithin

the model. Figure7(a) shows the parameterchangeper iterationsteadilyreducinguntil it hits a 10� 3

limit. In Figure7(c)theprobabilityof eachpartbeingpresentis shown. Initially, theprobabilitystartsout

low, but within 10 iterationsor soeachonehaslockedontoasensiblesignalthushasahighprobability.

Between20 and50 iterations,some�ne settlingof the probabilitiescanbe seenasthe partsconverge

down on featuresof theobject.Convergenceto a successfulmodelis dependenton a varietyof factors,
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Figure7: A typical learningrun on themotorbikesdataset.(a) Themagnitudeof largestparameterchangeversus
learningiteration(log-scale)(b) Overall log-likelihoodratio versusiteration.Likelihoodsfor eachof thecompo-
nentswithin themodelarealsoshown. (c) Evolution of theprobabilityof eachpartbeingpresent.Eachcolour
correspondsto adifferentpart.Notethattheprobabilitydropsdown to a low valuefor the�rst coupleof iterations
beforethemodel�nds somestructurein thedataandtheprobabilitypicksupagain.

but two importantonesare: (a) a consistentsetof regionsfrom which to learnand(b) the introduction

of anorderingconstrainton thex-coordinatesof regionswithin ahypothesis.While formeris discussed
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in moredetail in Section5.3.1,we now elaborateon the latter. To aid bothconvergenceandspeed,an

orderingconstraintis placedon the x-coordinatesof featuresallocatedto parts: the featuresselected

musthave a monotonically-increasingx-coordinate.This reducesthetotal numberof hypothesesby P!

but unfortunatelyimposesanarti�cial constraintupontheshapeof theobject. If theobjecthappensto

be orientatedvertically then this constraintcanexcludethe besthypothesis.Clearly in this scenario,

imposinga constrainton they-coordinateorderingwould resolve theproblembut it is not clearhow to

choosesuchanappropriateconstraintautomatically, otherthanlearningmodelswith differentordering

constraintsandpicking theonewith thehighestlikelihood. SeeFigure8(a) for anexampleof a model

learntwithout thisconstraint.

0.99

0.99

0.99
0.99

0.98

0.99

(a)

0.014

0.0092

110.981

(b)

0.87

0.99 1

1

0.9

0.42

(c)

Figure8: (a) A motorbike shapemodellearntusingno orderingconstrainton regionswith hypotheses.Note the
largeoverlappingdistributionsdueto permutationsof nearbyfeatures.Themodelis alsoP! slower to learnthat
thosewith orderingconstraintsimposed. (b) A motorbike shapemodel learnt just usingthe besthypothesisin
eachframe. A poor local maximumhasbeenfoundwith two partsbeingredundant,having a low probabilityof
occurrence.(c) Theshapemodelobtainedif theanorderingconstrainton thex-coordinatesof thehypothesisis
imposed.

3.6 Background model

Sincethe model is a generative one, the backgroundimagesare not usedin learningexcept for one

instance:the appearancemodelhasa distribution in appearancespacemodelingbackgroundfeatures.

Estimatingthis from foregrounddataproved inaccuratesotheparameterswereestimatedfrom a setof

backgroundimagesandnotupdatedwithin theEM iteration.

3.7 Final model

In Figure9 we show a completemodel,from oneof the 15 training runson the motorbike dataset.It

is pleasingto seethata sensiblespatialstructurehasbeenpickedout andthat theappearancesamples

correspondto distinctive partsof the motorbike. In Figure10 the appearancedensityof the model is
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analyzed.In Figure10(a)the15 principalcomponentsof appearanceareshown. For easeof viewing,

thebasisis shown in intensityspace,having integratedtheoriginal gradientspacebasis.Figure10(b)

showsthedistribution in appearancespaceof patchesassignedto eachmodelpartby thebesthypothesis

in an imageandfor the remainingbackgroundpatches.For example,considerthe partsof the model

correspondingto thewheelsof themotorbike(the1st(red)and5th(magenta)partsin Figure9). Looking

at thehistogramsin 10(b),we canseethatthe8th principalcomponentis a doughnutshapeandthatthe

redandmagentahistogramsareconsiderablyskewedfrom thebackgroundhistogram,unlike thosefor

othermodelpartsof this descriptor. Theassumptionthat theappearancedatais Gaussianin naturecan

alsobeexaminedin Figure10. For themostpart the foregrounddatais well approximatedby a single

Gaussiancomponent.Thebackgrounddataseemsto follow a Gaussiandistribution aswell. In Figure

10(c) histogramsshow how discriminative eachpart is. Although many of the descriptorsare weak

classi�ers,they combineto give a strongclassi�er. Notice that thepartscorrespondingto wheelshave

a foregroundhistogramwhich is quitedistinctfrom thebackgroundhistogram.Otherparts,suchasthe

third one,arenot sodiscriminative in appearance,having foregroundandbackgrounddistributionsthat

overlapconsiderably. Instead,thispartmaycontributein theshapetermto themodel.
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Figure9: A completemodel: (a) Top: Shapedensitysuperimposedon an imageof a motorbike. The ellipses
representthecovarianceof eachpart (theinter-partcovariancetermscannoteasilybeshown) andtheprobability
of eachpartbeingpresentis shown just to the right of themean.Bottom: Relative scaledensities.(b) Samples
belongingto eachpart (i.e. from the besthypothesisin a training image)which areclosestto the meanof the
appearancedensity. Thecolourscorrespondto thecoloursin (a). Thedeterminantof eachappearancedensityis
givento provideanideaof therelative tightnessof eachparts'density.
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Figure10: A breakdown of theappearancetermin themotorbike modelof Figure9. (a) The15 principalcompo-
nentsof thePCA basis.(b) Histogramsof thebackground(in black)andforegrounddata(coloured)for eachof
the15descriptors(rows) for eachof the6 modelparts(columns).Superimposedonthehistogramsis theGaussian
�tted in the learningprocedure.The backgroundhistogramis producedby consideringall regionsfoundby the
featuredetectorfrom thebackgrounddataset.The foregroundhistogramis producedby consideringthe regions
assignedto thebesthypothesisof eachimagein thetrainingset.Thenumberabove eachhistogramgivesthetrue
positive detectionrate(in %) at thepoint of equalfalsepositive andfalsenegative errorson ROC curve between
theforegroundandbackgroundhistogramsfor theparticularpart/descriptor, sogiving a measureof how discrim-
inative it is. (c) Show the likelihoodhistogramsof both thebackgrounddataandtheforegrounddata(asusedin
(b)) underthedensityfor eachmodelpart.Thetitle of eachplot givesthetruedetectionratefor theROCcurve(at
pointof equalerror)betweenthetwo histograms,sogiving ameasureof discriminationfor eachpartoverall.

4 Recognition

Therecognitionprocessis very similar in natureto learning.For queryimage,t, recognitionproceeds

by �rst detectingfeatures,giving X t andSt . Thesefeaturesareprocessedin sameway asin learning,
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giving A .

OnceX t , A t andSt havebeenobtainedwethencomputethelikelihoodratiousing(1). To determine

if anobjectis in the image,we should,accordingto (2) sumover all hypotheses.However, in practice

thebestresultsareobtainedby justselectingthebestone,sincethebackgroundimagestypically contain

many low-scoringhypotheses,which if combinedcangivea falsealarm.Thelikelihoodratio,assuming

we take the ratio of the priors in (1) to be 1, is the sameas the ratio of posteriors,R. This is then

comparedto a thresholdto make theobjectpresent/absentdecision.This thresholdis determinedfrom

thetrainingsetto give thedesiredbalancebetweenfalsepositivesandfalsenegatives.

If we wish to localizetheobjectwithin the image,thebesthypothesisis foundanda boundingbox

aroundit formedat its location.We thensumover all hypotheseswhich arewithin this box. If thetotal

is greaterthanthe thresholdthenan instanceof the object is placedat the centroidof the box andall

featureswithin theboxaredeleted.Thenext besthypothesisis thenfoundandtheprocessrepeateduntil

thesumof hypotheseswithin thebox falls below the threshold.This procedureallows the localization

of multipleobjectinstanceswithin theimage.

The sameef�cient searchmethodsdescribedin section3.4 areusedin the recognitionprocessto

�nd thesinglebesthypothesis.However, recognitionis fasterasthecovariancesaretight (ascompared

with theinitial valuesin thelearningprocess)sothevastmajorityof hypothesesmaysafelybeignored.

However the largeN andP meantheprocessstill takesaround2–3 secondsper imageto performthe

search,in additionto the10seconds/imageneededto extractthefeatures.

5 Results

A varietyof experimentsarecarriedoutonanumberof differentdatasets,eachonebeingadifferentcat-

egory. Sincethemodelonly handlesasingleviewpoint,thedatasetsconsistof imagesthatare�ipped so

thatall instancesfacein asimilardirection,althoughthereis still variability in locationandscalewithin

theimages.Additional experimentsareperformedwhich areof aninvestigative nature,to elucidatethe

propertiesof ourmodelandincludebaselinemethods.

For eachexperiment,thedatasetaresplit randomlyinto two separatesetsof equalsize. Themodel

is thentrainedon the�rst andtestedon thesecond.In recognition,themodelsaretestedin bothclassi-
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Figure11: (a) The motorbike model from Fig. 9 evaluatinga setof query images. The pink dotsare features
foundoneachimageandthecolouredcirclesindicatethefeaturesof thebesthypothesisin theimage.Thesizeof
thecirclesindicatesthescaleof feature.Theoutcomeof theclassi�cationis markedabove eachimage,incorrect
classi�cationsbeinghighlightedin red.(b)Themodelevaluatingqueryimagesconsistingof scenesaroundCaltech
– thenegative testset.

�cation andlocalisationroles.

In classi�cation, wherethe task is to determinethe presenceor absceneof the object within the

image,theperformanceis evaluatedby plotting receiver-operatingcharacteristic(ROC) curves.To ease

comparisonsweuseasinglepointon thecurve to summarizeits performance,namelythepointof equal

error (i.e. p(True positive)=1-p(Falsepositive)) whentestingagainstoneof two backgrounddatasets.

For examplea �gure of 9%meansthat91%of theforegroundimagesarecorrectlyclassi�edbut 9%of

thebackgroundimageswereincorrectlyclassi�ed (i.e. thoughtto beforeground).While thenumberof

foregroundtestimagesvariedbetweenexperiments,dependingon the numberof imagesavailablefor

eachcategory, theforegroundandbackgroundsetsarealwaysof equalsize.

In localisation,wherethe taskis to placea boundingbox aroundthe objectwithin the image,the

performanceis evaluatedusingrecall-precisioncurves(RPC)2 , sincethe conceptof a true negative is

lessclearin this application.To beconsidereda correctdetection,theareaof overlap,ao betweenthe

estimatedboundingbox B andthe groundtruth boundingbox, B gt mustexceed0:5 accordingto the

2Recallis de�ned asthenumberof truepositivesover total positivesin thedataset,andprecisionis thenumberof true
positivesover thesumof falsepositivesandtruepositives.
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criterion:

ao =
area(B \ Bgt )
area(B [ Bgt )

(19)

Whenevaluatingthe UIUC dataset,we adoptthe samecriterion asusedin [2]. The experimentsuse

identicalparametersfor all categories. Imageswerescaledto 300pixels in width, regionsextractedat

scalesbetween10and30pixels in radius.Thegradient-basedPCA with additionalenergy andresidual

termsis used,with parameters:k = 21, l = 15. In learning,weuseP = 6 andN = 20. N wasincreased

to 30 in recognition.

5.1 Datasets

Six diversedatasetswereusedin theexperiments:motorbikes,airplanes,spottedcats,faces,cars(rear)

andcars(side). Examplesfrom thesedatasetscanbe seenin Figure1. The datasetsof motorbikes,

airplanes,cars(rear),facesandclutteredscenesaroundCaltech(usedasthenegative testset)areavail-

ablefrom our websites[11]. Two additionalbackgrounddatasetswereused.The�rst is collectedfrom

Google's imagesearchusingthe keyword “things”, resultingin a highly diversecollectionof images.

The secondis a setof emptyroadscenesfor useasa realisticbackgroundtestset for the cars(rear)

dataset.Thecars(side)datasetis theUIUC dataset[1]. Thespottedcatdataset,obtainedfrom theCorel

database,is only 100 imagesoriginally, so another100 wereaddedby re�ecting the original images,

making200in total. Amongstthedatasets,only themotorbikes,airplanesandcars(rear)containedany

meaningfulscalevariation.All imagesfrom thedatasetsareconvertedto grayscaleascolouris notused

in ourexperiments.Table2 givesthesizeof trainingsetusedfor eachdatasetin theexperiments.

5.2 Experiments

Figures12-14 show modelsandtestimageswith a mix of correctandincorrectclassi�cationsfor four

of thedatasets.Noticehow eachmodelcapturestheessence,beit in appearanceor shapeor both,of the

object. The faceandmotorbike datasetshave tight shapemodels,but someof the partshave a highly

variableappearance.For thesepartsany featurein that locationwill do regardlessof what it looks like

(hencethe probability of detectionis 1). Conversely, the spottedcat datasethasa looseshapemodel,

but a highly distinctive appearancefor eachpatch.In this instance,themodelis just looking for patches
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of spottyfur, regardlessof their location. Thediffering natureof theseexamplesillustratethe �e xible

natureof themodel.

Themajorityof errorsarearesultof theobjectreceiving insuf�cient coveragefrom thefeaturedetec-

tor. Thishappensfor anumberof reasons.Onepossibilityis that,whenathresholdis imposedonN (for

thesakeof speed),many featureson theobjectareremoved.Alternatively, thefeaturedetectorseemsto

performbadlywhentheobjectis muchdarker thanthebackground(seeexamplesin Figure12). Finally,

theclusteringof salientpointsinto features,within thefeaturedetector, is somewhattemperamentaland

canresult in partsof the objectbeingmissed. Table3 shows a confusiontablebetweenthe different

Dataset Total sizeof dataset (a) (b) (c)
Motorbikes 800 3.3 3.3 6.0

Faces 435 10.6 8.3 10.1
Airplanes 800 6.7 6.3 6.5

SpottedCats 200 12.0 11.0 11.0
Cars(Rear) 800 12.3 9.2 9.3

Table2: Classi�cationresultson � ve datasets.(a) is theerrorrate(%)at thepoint of equal-erroron anROC curve
for a scale-variantmodel,testingagainsttheCaltechbackgrounddataset(with theexceptionof Cars(rear)which
usesemptyroadscenesasthe backgroundtestset). (b) is the sameas(a) exceptthat a scale-invariantmodelis
used.(c) is thesameas(b), exceptthattheGooglebackgrounddatasetwasusedin testing.

categories,usingthemodelsevaluatedin Table2. Despitebeinginherentlygenerative, themodelscan

distinguishbetweenthecategorieswell. Thecarsrearmodelseemsto be somewhatweak,with many

carimagesbeingclaimedby theairplanemodel.

Recognisedcategory
Queryimage A C F S M
(A)irplane 88.8 6.0 0.3 0.7 4.2

(C)ars(Rear) 19.7 67.0 0.8 3.3 9.2
(F)ace 2.8 1.4 86.2 2.3 7.3

(S)pottedCats 3.0 1.0 3.0 76.0 17.0
(M)otorbike 1.3 0.0 0.0 1.0 97.7

Table3: Confusiontablebetweenthe four categories. Eachrow givesa breakdown of how a queryimageof a
givencategory is classi�ed(in %). No clutterdatasetwasused,ratherimagesbelongingto eachcategory actedas
negative examplesfor modelstrainedfor theothercategories.Theoptimumwould be100%on thediagonalwith
zeroelsewhere.

Detectionperformanceon the� vedatasetsareshown in Figure16. Thepredictedboundingboxwas

producedby takingtheboundingbox aroundtheregionsof thebesthypothesisandthenenlarging it by
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Figure12: A typical facemodelwith 6 partswith amix of correctandincorrectdetections.
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Figure13: A typical spottedcat modelwith 6 parts. Note the looseshapemodelbut distinctive “spottedfur”
appearance.
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Figure14: A typical airplanemodelwith 6 parts.Thelong horizontalstructureof thefuselageis capturedby the
shapemodel.
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Figure15: A 6 partCars(Rear)model.Themodelconsistsof low-level horizontalline typestructureson theback
of thecar, alongwith thelicenseplate.

40%sincethemodelrepresentationtendsto misssomepartsof theobject(e.g.thetail of theairplanes).

It wasassumedthata singleinstancewaspresentin eachframe.Recallprecisioncurvesareplottedfor
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Figure16: Recall-precisioncurvesevaluatingthe localisationability of the modelsfor eachof the � ve datasets.
The �x edscalemodelis shown in blue; thescale-invariantmodelin redanda crudebaselinein green.With the
exceptionof carsrear, the �x edscalemodelpreformsbetterthanthescale-invariantonedueto the lack of scale
variationin thedata.Thetablelists theportionof regionslying within thegroundtruthboundingboxof theobject
for eachdataset.This is acrudemeasurefor thedif�culty of eachcategory.

the �x ed scalemodel; the scale-invariantmodelanda crudebaseline,usingthe criterion in (19). The

baselineconsistsof assumingthe objectoccupiesthe whole imageandusingthe likelihoodratiosfor

eachimagefrom thescale-invariantmodel. Hencethebaselinegivesan indicationof the total areathe

objectsoccupy within the dataset.For example,the motorbikes tend to �ll mostof the frameso the

baselinebeatstwo modelvariants.Anotherbaselinemeasureis givenin Figure16(f) wherewe specify

theportionof regionsinsidethegroundtruthboundingboxof theobject.It is interestingto notethatthe

�x ed-scalemodelsbeatthescale-invariantmodelssincein many of thedatasetsthescalevariationis not

thatlargeandthescale-invariantmodelis makingpredictionswithin alargerspace.Theexceptionto this

is the cars(rear)dataset,wherethe scalevariationis larger andthe scale-invariantmodeloutperforms

thescalevariantone.

Using the cars(side)dataset,the ability of the model to performmultiple-instancelocalizationis

tested.The training imageswere�ipped to facein thesamedirection,but the testexamplescontained
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carsof both orientations.Given the symmetryof the object,the right-facingmodelhadlittle problem

picking out left-facingtestexamples.The modelandtestexamplesareshown in Figure17, while the

recallprecisioncurvecomparingto Agarwal andRoth[2] is shown in Figure25(a).
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Figure17: TheUIUC Cars(Side)dataset.Thetaskhereis to localizetheobjectinstance(s)within theimage.On
theleft, we show the7 partmodel. On theright, examplesareshown from thetestset,with correctlocalizations
highlightedin green,while falsealarmsareshown in red.

5.2.1 Baselineexperiments

To put theperformanceof themodelin context, weapplyavarietyof baselinemethodsto thedatasets:

� Orientationhistograms:Thegradientsof thewholeimagearecomputedandthresholdedto remove

areasof very low gradientmagnitude.An 8 bin histogramis computedof theorientationswithin

thegradientimage,with weightingaccordingto themagnitudeof thegradient.Eachimageis thus

representedasby an 8-vector. The classi�er consistsof a singleGaussiandensityfor both the

foregroundandbackgroundclass,modelingthemeanandvarianceof the8 histogrambins. The

parametersof these8 dimensionaldensitiesareestimatedfrom the trainingdata.A queryimage

is evaluatedby computingthe likelihoodratio of the images'8-vectorunderthe foregroundand

backgroundGaussianmodels.
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� Meanfeature:Thearithmeticmeanof A in eachimageis computed,giving a 17-vectorfor each

image.Theclassi�erconsistsof asingleGaussiandensityfor boththeforegroundandbackground

class.The parametersof these17 dimensionaldensitiesareestimatedfrom the trainingdata. A

query imageis evaluatedby computingthe likelihoodratio of the images'17-vectorunderthe

foregroundand backgroundGaussianmodels. This baselinemethodis designedto reveal the

discriminative powerof featuredetectoritself.

� PCA:Eachimageis resizedto a21x21patch.After appropriatenormalisation,it is thenprojected

into a 25 dimensionalPCA basis(precomputedandthe samefor all categories). The classi�er

consistsof a singleGaussiandensityfor boththeforegroundandbackgroundclass,modelingthe

coef�cients of eachbasisvector. Theparametersof these25 dimensionaldensitiesareestimated

from thetrainingdata.A queryimageis evaluatedby computingthelikelihoodratioof theimages'

25-vectorundertheforegroundandbackgroundGaussianmodels.

In Figures18(a)-(e),weshow ROCcurvesfor thethreebaselinemethodsandtheconstellationmodelon

the � ve datasetsin a classi�cationtask. Thehigh performanceof thebaselinemethodsshows that the

datasetsarenot all thatdif�cult. Nevertheless,theconstellationmodelis only beatenin onecase- cars

(rear)- by the PCA baseline.In Figure18(f) we comparethe performancein a multi-classsettingby

giving themeandiagonalof a confusiontableover the � ve categoriesfor eachof theapproaches,with

theconstellationmodelbeatingthebaselines.

5.3 Analysisof performance

We look at themodelworking undervariousdifferentconditionssuchasalteringthenumberof model

parts;contaminatingthetrainingdata,andremoving termsfrom themodel.

5.3.1 Changingscaleof features

If thescalerangeof thesaliency operatoris changed,thesetof regionsextractedalsochanges,resulting

in a differentmodelbeinglearnt. Figure19 shows the effectsof alteringthe featurescaleon the face

dataset.Figures19(a)& (b) show a modelusingregionsextractedusinga handselectedscalerangeof

5-12 pixels in radius.Themodelpicksout theeyesaswell asthehairline. Thestandardscalerangeof
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Figure18: ROC curvesof thebaselineexperimentson the� ve datasets(a)–(e).Theredcurve is theconstellation
modelwhile thegreen,blueandmagentacurvesarePCA; themeanfeatureandorientationhistogrambaselines
respectively. Theconstellationmodelbeatsthebaselinesin all casesexceptfor thecarsreardataset.(f) Thetable
givesthemeandiagonalof aconfusiontableacrossall � vedatasetsfor the4 differentapproaches.

10-30pixelsin radiusresultsin amodelshown in Figures19(c)& (d). Theeyesareno longerpickedup

by themodel,which reliesentirelyon thehairline. Both themodelshave similar errorrateshowever of

8:3% for thegenericscalesettingand10:1% for thehand-tunedone.

This illustratesthat while the outputof the featuredetectorvariesdependingon the settingsused,

theability of thelearningalgorithmto �nd consistency within whatever featuresetit is givenmakesthe

algorithmasawholelesssensitive to theperformanceof thefeaturedetector.

5.3.2 FeatureRepresentation

We now investigatedifferentmethodsof representingthe appearanceof the regionswithin an image.

In Section5.2we useda 15 dimensionalgradient-basedPCA approachwith two additionaldimensions
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Figure19: (a) & (b): A facemodeltrainedon imageswherethe featurescalehasbeenhand-tuned.The model
capturesboth the hairline and eyes of the face. (c) & (d): A facemodel trainedon regions extractedusing a
genericfeaturescale(asusedin theexperimentsof Section5.2. Thede-tunedfeaturedetectorno longerpicksout
distinctive featuressuchastheeyes.Comparingthedeterminantsof thepartsin eachmodelreveal that thetuned
modelhastighterappearancedensities.

capturing(i) theenergy of thegradientsin theregionsand(ii) the residualbetweentheoriginal region

andthepoint in PCA space.The2ndcolumnof Table4 shows theclassi�cationerrorratesfor the� ve

datasets.If thetwo extra dimensionsareremovedfrom therepresentation,thentheerror ratesincrease

slightly, asseenin the3rd columnof Table4. Ferguset al. [14] useda 15 dimensionalintensitybased

PCA representation.Its performanceis comparedto thetwo gradientbasedPCA approachesin the4th

columnof Table4. HereagenericPCAbasisusedfor all categories,asopposedto theper-categoryPCA

basisof [14].
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Dataset GradientPCA15+2 GradientPCA15 IntensityPCA15
Motorbikes 3.3 7.5 9.5

Faces 8.3 13.3 10.1
Airplanes 6.3 8.0 6.8

SpottedCats 11.0 11.0 13.5
Cars(Rear) 8.8 11.5 7.8

Table4: Classi�cationresultson � vedatasetsfor threedifferentrepresentations.

5.3.3 Number of parts in model

Thenumberof partswithin themodelmustbechosenbeforehandandhasanexponentialeffect on the

learningtime,despitetheuseof ef�cient searchmethods.Clearly, morepartsgivesmorecoverageof the

object,but it makesthemodelslower to learnandintroducesover-�tting problems,dueto theincreased

numbersof parameters.Figure20 shows that thereis little improvementbetweenP = 6 andP = 7.

If it werepossibleto investigatebeyondP = 7 , no doubttheerror ratewould startto increasedueto

over�tting.
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Figure20: Theeffectof thenumberof parts,P, in themodelversuserrorratefor the� vedatasets.

5.3.4 Contrib ution of the differ ent model terms

Figure21 shows contribution of theshapeandappearancetermsto theperformanceof themodel. The

�gure shows ROC curvesevaluatingclassi�cationperformanceandRPCevaluatinglocalisationon the

six datasets.A singlemodelwaslearntfor eachcategory, usinga completemodelwith bothshapeand

appearance,while in recognition,threedifferentformsof themodelwereused:(i) thecompletemodel,
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(ii) thecompletemodel,but ignoringtheappearancetermand(iii) thecompletemodel,but ignoringthe

shapeterm.Acrossall six datasets,it is noticeablethattheappearancetermappearsto bemoreimportant

thantheshapefor classi�cation. Only in thecaseof airplanesdid theshape-onlymodelperformwell.

Indeed,for cars(rear)the removal of the shapeterm actuallyimprovesthe performanceslightly. This

is due to the orderingconstraintimposedon the shapewhich in this casemay be removing the best

hypothesisfrom eachframe.However, whenthetaskis localisation,theshape-onlymodeloutperforms

theappearanceonly one.In somecasesthedifferenceis dramatic,e.g.airplanesandcars(side).

Whenlearningwasperformedwith degradedmodels,the useof the appearancecomponentalone

produceda modelwith a performancecloseto that of the full model. However, whenusingonly the

shapecomponent,the modelsfrequentlydid not converge to a meaningfulmodel,resultingin chance

level classi�cationperformance.

5.3.5 Over-®tting

Thelargenumberof parametersin themodel,asshown in table1, meansthata largenumberof images

areneededin trainingto avoid over-�tting thetrainingdata.Figure22showsthataround250imagesare

neededin training for themodelto generalizewell. Surprisingly, a relatively smallnumberof training

examplesis suf�cient for the in-sampleerror andout-of-sampleerror curvesto converge. The useof

priors in learningcandramaticallyreducethe training requirementon the numberof images,down to

just a handfulor even one. SeeFei-Feiet al. [9] for a Bayesianextensionto the constellationmodel,

incorporatingsuchpriorsin learning.

5.3.6 Contamination of the training set

Collectinghundredsof imagesof agivencategoryof suf�cient qualityis alaborioustime-consumingjob.

Beingableto learnfrom datasetswheresomeof theimagesconsistonly of clutteror areof insuf�cient

quality is ausefulpropertysinceit simpli�es thetaskof building atrainingset.In Figure23weshow the

resultsof deliberatelyintroducingbackgroundimagesinto a trainingset. It is pleasingto notethat for

mostof thedatasets,thedropin performanceis smallevenwith 50%backgroundimagesin thetraining

set.Themodelhandlesthis level of contaminationby interpretingthebackgroundimagesasoneswhere

all themodelpartsareoccluded.Notice that thegraphbottomsout at around20%–30%correctwhen
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Figure21: ROC andRPCcurvesfor 6 differentdatasets.Theeffectsof removing theshapeor appearanceterms
areshown. The modelsrely heavily on appearancein a classi�cation task(1st and3rd rows). In detection,by
contrast,theshapeis moreimportantthanappearance(2ndand4th rows).
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Figure22: (a)-(d)Thetraining(red)andtest(bluedot-dashed)errorsversusthenumberof trainingimagesfor the
motorbike datasetwith modelshaving (a) 3 parts,(b) 4 parts,(c) 5 parts,(d) 6 parts. Note the log scaleon the
x-axis. Thecurvesconvergeto theBayes'erroroncethenumberof training imagesis 256. Theerrorbarsshow
two standarddeviationsonperformance,computedfrom 10runsfor 2–64trainingimagesand5 runsfor 128–400
images.

thetrainingsetis entirelybackgroundimages,while onewouldhaveexpected50%correct.This implies

that thebackgroundimagescontainsomestructurethat is beinglearntby themodel,implying thatour

assumptionsaboutthe natureof the backgroundarenot strictly true. In [12], the problemof learning

from contaminateddatais investigatedin moredepth.

5.3.7 Sampling fr om the model

Sinceour modelsaregenerative in naturewe cansamplefrom them. However, we arenot ableto di-

rectly samplebackinto pixel-spacesincetheuseof PCA for appearanceintroducesa non-probabilistic

39



0 20 40 60 80 100
0

10

20

30

40

50

60

70

80

90

100

% good images in training set

T
e
s
t 
s
e

t 
p
e
fo

rm
a

n
c
e
 (

%
)

Motorbike
Face
Airplane
Spotted Cat

Figure23: Theeffect of mixing backgroundimagesinto thetrainingdata,for 4 of thedifferentdatasets.With the
exceptionof theleoparddataset,evenwith a 50-50mix of imageswith/without objects,theresultingmodelerror
hasonly increasedby asmallmargin, comparedto trainingonuncontaminateddata.

(a) (b) (c) (d)

Figure24: (a)& (b) Two samplesdrawn from amotorbikemodel.(c) & (d) Two samplesdrawn from facemodels.

stumblingblock. While we areableto draw sampleswithin thePCA-space,thereexistsa many-to-one

mappingfrom patch-spaceinto thePCA-space.Additionally, thenormalizationof thepatchintroduces

a similar many-to-onemappingproblem. However, we canuseoneof two approximations:(i) Draw

a samplefrom theappearancedensityand�nd theclosestdatapoint from all imagesanduseits corre-

spondingpixel patchor (ii) Formthepatchdirectlyfrom it' scoordinatesin thek dimensionalPCA-space,

assumingthatall 121� k coef�cients arezero.Notethatthiswill giveapatchthatis still normalized.In

Figure 24weshow samplesdrawn usingmethod(i) above.

5.4 Comparisonwith other methods

We now compareour algorithmto a varietyof differentapproachesin bothclassi�cationanddetection

tasks.In thetablein Figure25 we show resultson thesamedatasets(with identicaltrainingandtesting
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images)for the following algorithms:anearlierincarnationof theconstellationmodelby Weberet al.

[43,40]; theregion-baseddiscriminativeSVM-basedmethodof Opeltetal. [31]; thebag-of-wordspLSA

approachof Sivic etal. [35] andtheHoughspacevotingschemeof Leibeetal. [25]. Thetablealsolists

thesupervisionrequiredin training. Theperformanceof themodelcanbeseento becomparableto the

otherapproaches,beatingtheothermethodsin themajorityof cases.Althoughthemethodof Leibeetal.

[25] achievesbetterperformance,it requiresthemanualsegmentationof theobjectswithin thetraining

imagesandhasonly beenappliedto asubsetof thecategories.

Figure25showsarecall-precisioncurvecomparingthealgorithmto Agarwal andRoth[2], with our

algorithmshowing adistinctimprovement.Thesuperiorperformanceof Leibeetal. [25] on thisdataset

may be explainedby the useof a validationschemein their approach,which helpsto eliminatefalse

positives.

Method Ours Weber[43, 40] Opelt[31] Sivic [35] Leibe[25]
Supervision I I I N I,S
Motorbikes 3.3 16.0 7.8 15.4 6.0

Faces 8.3 6.0 6.5 5.3 -
Airplanes 6.3 32.0 11.1 3.4 -

SpottedCats 11.0 - - - -
CarsRear 8.8 - 8.9 21.4 6.1
CarsSide 11.5 - 17.0 - 3.0

Figure25: Comparisonto othermethods[2, 25,31,35, 40, 43]. Thediagramontheleft showstheRPCfor [2] and
ouralgorithmonthecars(side)dataset.Ontheright thetablegivesROCequalerrorrates(exceptfor thecar(side)
datasetwhereit is a recall-precisionequalerror)on a numberof datasets.Thesecondrow shows thesupervision
requiredin training for eachmethod:N - None; I - Imagelabelsand�ipping to give consistentviewpoint; S -
Objectsegmentation.

6 Conclusionsand Further work

We have proposedan improved learningschemefor the `constellationmodel' which is scale-invariant

and whereshapeand appearanceare learnt simultaneously. We testedan implementationof sucha

schemeonsix diversedatasets.We �nd thatlearningis robustwith respectto clutter, scalevariationand

inter-objectvariability. Givenexemplarsof a similar pose,no futherhumaninterventionis requiredto

segment,normalizeor otherwisepreprocessthetrainingdata.

Wehavecompareddirectlyto thepreviouswork ontheconstellationmodelof Weberetal. andshown
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an improvementin performance(seeFigure25). We feel that thekey improvementis thatappearance

andshapeare learntsimultaneously, giving a cleanerlearningschemethat avoids the relianceof �rst

obtaininga goodappearancemodelbeforetheshapecanbe learnt. In theschemeof Weberet al. , the

clusteringprocedureto form acodebookof possiblyusefulfeaturesis avital step.Examinationof cases

wheretheapproachfails revealsthatthecodebookconsistsof a largenumberof genericfeaturessuchas

orientatededgeswhicharenotdiscriminative.

We have alsocomparedto a wide varietyof otherapproachesandbaselinemethodsandshown the

ourapproachcomparesfavorablywith them.Thebaselinemethodsrevealthelimitationsof ourdatasets

andthereforeharderdatasetsshouldbeadopted.

We �nd that whenour algorithmfails to detectthe presenceof an object,the mostfrequentcause

of this false-rejecterror is thataninsuf�cient numberof featuresweredetectedby thefront-endfeature

�nder. It is clearthatbetterfeature�nders aswell asa morediversearrayof features(e.g.sectionsof

contours)shouldbeemployed.

Otherobservations:(a) thesystemworkswell bothon arti�cial (cars,planes,motorcycles)andnat-

ural (faces,cats)data;(b) while this paperusesmany categories,it is clear that now we needto push

forwardwith experimentsinvolving hundredsof categories;(c) colourwasnot exploitedandfor some

categoriesthis maybeimportant;(d) for classi�cation,theappearanceof partsseemsmoreusefulthan

their relative location,thereforesomesimpli�cation of theshapetermmight reducethecomputational

complexity of bothlearningandrecognition,aswell asreducingthenumberof parametersin themodel

(see[6, 13] for an investigation of this point); (e) we have madea numberof designchoices(sizeof

patches,Gaussiandistributions,parameterizationsetc.) which wereguidedby commonsenseandneed

to bevalidatedexperimentally;(f) we �nd thatourmethodis parsimoniousin thenumberof trainingex-

amplesthatareneededto trainamodelof agivencomplexity. However, it wouldbeclearlyadvantageous

to furtherreducethisnumber[9].

A seriousdrawbackof the currentapproachis that it is limited to a singleviewpoint. Extensions

to multiple views would be an importantadditionto the model. Oneapproachis to usea mixture of

constellationmodelsin the mannerof Weberet al. [41], eachmixture componenthandlinga separate

view.
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Thereare two other areaswhere improvementswill be very bene�cial. The �rst is in a further

generalizationof the model structureto have a multi-modal appearancedensitywith a single shape

distribution. This will allow morecomplex appearancesto be represented,for examplefaceswith and

without sunglasses.Second,we have built in scale-invariance,but greaterinvarianceshouldalso be

possible.Thiswouldenablelearningandrecognitionfrom imageswith muchlargerviewpointvariation.

For example,similarity invariancecanbeachievedin recognitionby searchingover rotations.
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