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Abstract. We presentamethodto learnobjectclassmodelsfrom unlabeledand
unsg@mentedclutteredscenedor the purposeof visual objectrecognition.We
focusonaparticulartype of modelwhereobjectsarerepresenteds e xible con-
stellationsof rigid parts(features).The variability within a classis represented
by ajoint probability densityfunction (pdf) on the shapeof the constellatiorand
the outputof partdetectorsin a rst stagethe methodautomaticallyidenti es
distinctive partsin the training setby applyinga clusteringalgorithmto patterns
selectecby aninterestoperator It thenlearnsthe statisticalshapemodelusing
expectationmaximization.The methodachieresvery goodclassi cationresults
on humanfacesandrearviews of cars.

1 Intr oduction and RelatedWork

We areinterestedn the problemof recognizingmemberof objectclasseswherewe
de ne anobjectclassasa collectionof objectswhich sharecharacteristideaturesor
partsthatarevisually similarandoccurin similarspatialcon gurations.Whenbuilding
modelsfor objectclasseof this type, oneis facedwith threeproblems(seeFig. 1).
Se@mentationor registration of training images Which objectsareto be recognized
andwheredo they appearin the training images?Part selection Which object parts
are distinctive and stable?Estimationof modelparametes: What are the parameters
of the globalgeometryor shapeandof the appearancef the individual partsthatbest
describehetrainingdata?

Although solutionsto the modellearningproblemhave beenproposedthey typi-
cally requirethatone of the rst two questionsijf not both, be answeredy a human
supervisorfFor example featuresn trainingimagesmight needto be hand-labeledOf-
tentimegrainingimagesshawving objectsin front of auniformbackgroundarerequired.
Objectsmight needto be positionedn the sameway throughouthetrainingimagesso
thatacommonreferencdramecanbeestablished.

Amit and Gemanhave developeda methodfor visual selectionwhich learnsa hi-
erarchicaimodelwith a simpletype of featuredetector{edgeelementspsits front end
[1]. Themethodassumeshattrainingimagesareregisteredwith respecto areference
grid. After an exhaustve searchthroughall possbilelocal featuredetectorsa global
modelis built, underwhich shapevariability is encodedn theform of smallregionsin
whichlocalfeaturescanmove freely.



Fig. 1. Which objectsappearconsistentlyin the left images,but not on the right side?Cana
machindearnto recognizenstance®f thetwo objectclassegfacesandcars) withoutary further
informationprovided?

Burl et al. have proposed statisticalmodelin which shapevariability is modeled
in a probabilisticsettingusingDryden-Mardiashapespacedensitied2, 11,3, 4]. Their
methodrequiredabeledpartpositionsin thetrainingimages.

Similar approache$o objectrecognitioninclude the active appearancenodelsof
Taylor et al. [5, 8] who modelglobal deformationausing Eigenspacenethodsaswell
asthe DynamicLink Architectureof v. derMalshurg andcolleagueswho considerde-
formationenegy of a grid that links landmarkpoints on the surfaceof objects[10].
Also Yuille hasproposeda recognitionmethodbasedon gradientdescenbn a defor
mationenegy functionin [15]. It is not obvious how thesemethodscould be trained
without supervision.

Theproblemof automatigart selectioris important sinceit is generallynot estab-
lishedthatpartsthatappeadistinctive to thehumanobsenerwill alsolendthemseles
to successfutletectionby a machine Walker et al. addresghis problemin [14], albeit
outsidetherealmof statisticalshapenodels.They emphasizédistinctiveness’of apart
ascriteionof selectionAs we will arguebelow, we believe thatpartselectiorhasto be
donein thecontext of modelformation.

A completelyunsupervisedolutionof thethreeproblemsintroducedat the begin-
ning, in particularthe rst one,may seemout of reach.Intuition suggestshata good
deal of knowledgeaboutthe objectsin questionis requiredin orderto know where
andwhatto look for in the clutteredtrainingimages.However, a solutionis provided
by the expectationmaximizationframewvork which allows simultaneou®stimationof



unknown dataandprobabilitydensitiesoverthe sameunknavn data.Underthis frame-
work, all threeproblemsaresolved simultaneously

Another compellingreasonto treat theseproblemsijointly, is the existing trade-
off betweerocalizability anddistinctivenesf parts.A very distinctive partcanbe a
strongcue,evenif it appearsn anarbitrarylocationon the surfaceof anobject—think
e.g.of amanufcturerslogoonacar Ontheotherhand,alessdistinctive partcanonly
contrituteinformationif it occursin a stablespatialrelationshiprelativeto otherparts.

2 Approach

We model object classedollowing the work of Burl et al. [2,4]. An objectis com-
posedof partsandshape where parts' areimagepatchesvhich may be detectecand
characterizedby appropriatedetectorsand shape'describeshe geometryof the mu-
tual positionof the partsin a way thatis invariantwith respecto rigid and,possibly
afne transformationg12]. A joint probability densityon partappearancand shape
modelsthe objectclass.Objectdetections performedoy rst runningpartdetectorsn
theimage,thusobtaininga setof candidatepart locations.The secondstageconsists
of forming likely objecthypothesesi,.e. constellationf appropriateparts(e.g. eyes,
nose mouth,ears);bothcompleteandpartial constellationsreconsideredin orderto
allow for partialocclusion.Thethird stageconsistf usingthe object's joint probabil-
ity densityfor eithercalculatingthelik elihoodthatary hypothesisrisesrom anobject
(objectdetection),or the likelihoodthat one speci ¢ hypothesisarisesfrom an object
(objectlocalization).In orderto traina modelwe needto decideon the key partsof the
object,selectcorrespondingparts(e.g.eyes,noseetc) on a numberof trainingimages,
andlastly we needto estimatethejoint probability densityfunctionon partappearance
andshapeBurl etal. [3] performthe rst andsecondactby hand,only estimatingthe
joint probability densityfunction automatically In the following, we proposemethods
for automatinghe rst andsecondstepsaswell.

Ourtechniquefor selectingpotentiallyinformative partsis composedf two steps
(seeFig. 2). First, small highly texturedregionsaredetectedn the trainingimagesby
meansf a standardinterestoperator'or keypoint detector Sinceour trainingimages
arenot sggmentedthis stepwill selectregionsof interestbothin theimageareascor-
respondingo the training objectsandon the clutter of the backgroundlf the objects
in the training sethave similar appearancéhenthe texturedregionscorrespondindo
the objectswill frequentlybe similar to eachotherasopposedo the texturedregions
correspondingdo the backgroundwvhich will be mostly uncorrelatedAn unsupervised
clusteringstepfavoring largeclusterswill thereforetendto selectpartsthatcorrespond
to theobjectsof interestratherthanthe backgroundAppropriatepartdetectorsnaybe
trainedusingtheseclusters.

The secondstepof our proposedmnodellearningalgorithm choosesput of these
mostpromisingparts,the mostinformative onesandsimultaneouslyestimateghe re-
mainingmodelparametersThis is doneby iteratively trying differentcombinationsof
asmallnumberof parts.At eachiteration,the parametersf the underlyingprobabilis-
tic modelare estimated Dependingon the performanceof the modelon a validation



dataset,the choiceof partsis modi ed. This processs iterateduntil the nal modelis
obtainedwhenno furtherimprovementsarepossible.
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Fig. 2. Block diagramof our method.“Foregroundimages”areimagescontainingthetargetob-
jectsin clutteredbackground-Backgroundimages”containbackgrouncdnly.

Outline of the Paper In Section3, we presenbur statisticalobjectmodel.Section4
discussesiutomaticpart selection.Section5 is dedicatedo the secondstepof model
formationandtraining.Section6 demonstratethe methodthroughexperimentson two
datasetscarsandfaces.

3 Modeling Objectsin Images

Our modelis basedon the work by Burl et al. [3]. Importantdifferencesare that we
modelthe positionsof the backgroundgartsthrougha uniform density while they used
a Gaussiarwith large covariance.The probability distribution of the numberof back-
groundparts,which Burl etal. ignored,is modeledn our caseasa Poissordistribution.

3.1 Generative Object Model

We modelobjectsas collectionsof rigid parts,eachof which is detectedby a corre-
spondingdetectorduringrecognition.The partdetectionstagethereforetransformsan
entireimageinto a collectionof parts.Someof thosepartsmight correspondo anin-
stanceof the target objectclass(the foreground), while othersstemfrom background
clutteror aresimply falsedetectiongthe badground). Throughouthis papertheonly
informationassociateavith anobjectpartis its positionin theimageandits identity or
parttype We assumehatthereare differenttypesof parts.Thepositionsof all parts
extractedfrom oneimagecanbe summarizedn a matrix-like form,

wherethe superscript ' indicatesthatthesepositionsareobservablen animage,as
opposedo beingunobserableor missing whichwill bedenotecby © ' Thus,the



row containghelocationsof detectionf parttype , whereeveryentry, , is atwo-
dimensionakector If we now assumehatanobjectis composeaf differentparts?
we needto be ableto indicatewhich partsin correspondo the foreground(the
objectof interest).For this we usethe vector , a setof indices,with
indicating that point is a foreground pomt If an objectpartis not contalnedm

, becausaet is occludedor otherwiseundetectedthe correspondingentryin — will
be zero.Whenpresentedvith an unsgmentedand unlabeledmage,we do not know
which partscorrespondo the foregound.Therefore, is not obsenableandwe will
treatit ashiddenor missingdataWecall ahypothesissincewewill useit to hypoth-
esizethat certainpartsof belongto the foregroundobject.lIt is alsocorvenientto
representhepositionsof any unobseredobjectpartsin aseparateector  whichis,
of course hiddenaswell. The dimensionof will vary, dependingon the numberof
missedparts.

We cannow de ne a generatie probabilisticmodel throughthe joint probability
density

(1)

Notethatnotonly theentriesof and  arerandomvariableshut alsotheir dimen-
sions.

3.2 Model Details

In orderto provide a detailedparametrizatiorof (1), we introducetwo auxiliary vari-
ables, and . Thebinaryvector encodesnformationaboutwhich partshave been
detectecandwhich have beenmissedor occludedHence, if and
otherwise.Thevariable is alsoavector where shalldenotethe numberof badk-
groundcandidatesncludedin the  row of . Sincebothvariablesarecompletely
determinecby andthe sizeof , we have

Sincewe assumendependenc@etweenforeground and backgroundand, thus, be—
tween and , we decomposén thefollowing way

(2)

The probability densityover the numberof backgroundietectionscanbe modeled
by a Poissordistribution,

where is the averagenumberof backgrounddetectionsof type perimage.This
conveystheassumptiorof independencbetweerparttypesin thebackgroundandthe
ideathatbackgroundietectionsanariseat ary locationin theimagewith equalprob-
ability, independentlyof otherlocations.For a discretegrid of pixels, shouldbe

! To simplify notation,we only considerthe casewhere . The extensionto the general
casg( ) is straightforvard.



modeledasa binomial distribution. However, sincewe will modelthe foregroundde-
tectionsover a continuougangeof positionswe chosethe Poissordistribution, which
is the continuoudimit of the binomialdistribution. Admitting adifferent  for every
parttypeallows usto modelthe differentdetectorstatistics.

Dependingon the numberof parts, , we canmodelthe probability eitheras
anexplicit table(of length ) of joint probabilitiesor, if islarge,as independent
probabilities,governingthe presencer absencef anindividual modelpart. The joint
treatmentouldleadto a morepowerful model,e.qg.,if certainpartsareoftenoccluded
simultaneously

Thedensity is modeledby,
other

where denoteghe setof all hypothesesonsistenwith and ,and  de-
notesthe total numberof detectionf thetype of part . This expresseshe factthat
all consistenhypotheseshe numberof which is , areequallylikely in the
absencef informationon the partlocations.

Finally, we use
wherewe de ned asthe coordinatesf all foregrounddetections

(obsenedandmissing)and asthe coordinatef all backgroundietectionsHere

we have madetheimportantassumptiorthattheforegrounddetectionsareindependent

of thebackgroundln ourexperiments, is modeledasajoint Gaussiamvith mean
andcovariance .

Notethat, sofar, we have modeledonly absolutepart positionsin the image.This
is of little use,unlesstheforegroundobjectis in the samepositionin everyimage.We
can,however, obtainatranslationinvariantformulationof our algorithm(asusedin the
experimentsn this paper)by describingall partpositionsrelative to the positionof one
referencegpart. Underthis modi cation, will remaina Gaussiardensity andthere-
fore notintroduceary fundamentadlif culties. However, the formulationis someavhat
intricate, especiallywhen consideringmissingparts.Hence,for further discussiorof
invariancethereadetis referredto [3].

The positionsof the backgroundietectionsaremodeledby a uniform density

where isthetotalimagearea.

3.3 Classi cation

Throughouthe experimentgresentedn this paper our objectiveis to classifyimages
into the classes'object present’(class ) and“object absent”(class ). Giventhe
obseneddata, , theoptimaldecision—minimizingthe expectedtotal classi cation



erro—is madeby choosingthe classwith maximuma posterioriprobability (MAP
approachseee.g.[7]). It is thereforecornvenientto considerthefollowing ratio,

(3)

where  denotesthe null hypothesisvhich explains all partsas backgroundnoise.
Noticethattheratio —— is omitted,sinceit canbeabsorbednto a decisionthreshold.
The sumin the numeratorincludesall hypothesesalsothe null hypothesissincethe
objectcouldbe presenbut remainundetectedby arny partdetectorin thedenominator
theonly consistenhypothesigo explain “object absent’is the null hypothesis.

Although we are hereconcernedvith classi cation only, our framework is by no
meangestrictedo this problem.For instancepbjectlocalizationis possibleby identi-
fying thoseforegroundpartsin animage,which have the highestprobability of corre-
spondingo anoccurrencef thetargetobject.

4 Automatic Part Selection

The problemof selectingdistinctive andwell localizeableobjectpartsis intimately re-
lated to the methodusedto detectthesepartswhenthe recognitionsystemis nally
put to work. Sincewe needto evaluatea large numberof potentialpartsandthus,de-
tectorswe settledon normalizedcorrelationasanef cient partdetectiormethod.Fur-
thermore extensive experimentdeadusto believe that this methodoffers comparable
performancever mary moreelaborataletectionrmethods.

With correlationbasedletectiongvery patternin asmallneighborhoodh thetrain-
ing imagescould be usedasa templatefor a prospectie partdetector The purposeof
the proceduredescribechereis to reducethis potentiallyhugesetof partsto a reason-
ablenumber suchthatthe modellearningalgorithmdescribedn the next sectioncan
thenselecta few mostusefulparts.We useatwo-stepprocedurdo accomplishthis.

In the rst step,we identify pointsof interestin the training images(seeFig. 3).
This is doneusingthe interestoperatorproposedy Forstner[9], which is capableof
detectingcornerpoints,intersectionf two or morelines, aswell ascenterpoints of
circularpatternsThis stepproducesabout  partcandidatepertrainingimage.

A signi cant reductionof thenumberof partscanbe achierzedby the secondstepof
the selectionprocesswhich consistdn performingvectorquantizatioron the patterns
(a similar procedurewas usedby Leung and Malik in [13]). To this end, we usea
standard -meansclusteringalgorithm([7], which we tunedto producea setof about

patterns Eachof thesepatternsrepresentshe centerof a clusterandis obtained
asthe averageof all patternsin the cluster We only retain clusterswith at least
patternsWe imposethis limit, sinceclusterscomposecf very few examplestendto
represenpatternsvhichdo notappeain asigni cant numberof trainingimagesThus,
we obtainpartswhich areaveragedacrosgheentiresetof trainingimages.

In orderto furthereliminateredundanciesye remove patternsvhich aresimlilar to
othersafterasmallshift ( — pixels)in any anarbitrarydirection.

Due to the restrictionto points of interestthe setof remainingpatternsexhibits
interestingstructure,ascanbe seenin Figure 3. Someparts,suchashumaneyes,can



Fig. 3. Pointsof interest(left) identi ed on a trainingimageof a humanfacein clutteredback-

groundusing Forstners method.Crosseslenotecornertype patternswhile circlesmark circle-

typepatternsA sampleof the patternobtainedusingk-mean<lusteringof smallimagepatches
is shawn for facegcenter)andcars(right). Thecarimageswerehigh-passltered beforethepart

selectiorprocessThetotal numberof patternsselectedvere  for facesand  for cars.

be readily identi ed. Otherparts,suchassimple corners resultasaveragesof larger
clusterspftencontainingthousandsf patterns.

This proceduredramaticallyreduceshe numberof candidateparts. However, at
this point, partscorrespondingo the backgroundoortionsof the training imagesare
still present.

5 Model Learning

In orderto train an objectmodelon a setof images,we needto solve two problems.
Firstly, we needto decideon asmallsubsebf the selectegpartcandidateso be usedin

themodel,i.e. de ne themodelcon guration. Secondlywe needto learnthe parame-
tersunderlyingthe probability densitiesWe solve the rst problemusinganiterative,

“greedy” stratgy, underwhich we try differentcon gurations.At eachiteration,the

pdfsareestimatedisingexpectatiormaximization EM).

5.1 GreedyModel Con guration Search

An importantquestionto answeris with how manypartsto endav our model.As the
numberof partsincreasegnodelsgaincompleity anddiscriminatorypower. It isthere-
fore a good stratey to startwith modelscomprisedof few partsandadd partswhile
monitoringthe generalizatiorerrorand,possibly a criterionpenalizingcompleity.

If we startthe learningprocesswith few parts,say , we arestill facingthe
problemof selectingthe bestout of possiblesetsof parts,where is thenumber
of partcandidateproducedasdescribedn Sec.4. We do this iteratively, startingwith
arandomselection At every iteration,we testwhetherreplacingone modelpartwith
arandomlyselectene,improvesthe model.We thereforerst estimateall remaining
modelparameterérom the trainingimages,asexplainedin the next section,andthen
assestheclassi cationperformancen avalidationsetof positive andnegativesexam-
ples.If the performancemproves,thereplacemenpartis kept. This processs stopped
whenno moreimprovementsarepossible We mightthenstartover afterincreasinghe
total numberof partsin themodel.



It is possibleo rendetthis processnoreef cient, in particularfor modelswith mary
parts,by prioritizing partswhich have previously shavn agoodvalidationperformance
whenusedin smallermodels.

5.2 Estimating Model Parametersthr ough Expectation Maximization

We now addresghe problemof estimatingthe model pdfs with a given setof model
parts,from asetof trainingimages.

Sinceour detectionmethodrelieson the maximuma posteriori probability (MAP)
principle,it is ourgoalto modeltheclassconditionaldensitiesasaccuratelyaspossible.
We thereforeemploy the expectationmaximization(EM) algorithmto producemaxi-
mumlik elihoodestimate®f themodelparameters, .EMiswell
suitedfor our problem,sincethevariables and  aremissingandmustbeinferred
from theobseneddata, . In standardEM fashionwe proceedoy maximizingthe
likelihoodof the obseneddata,

with respecto the modelparametersSincethis is dif cult to achiesein practice,EM
iteratively maximizesa sequencef functions,

where refersto the expectationwith respectto the posterior
Throughoutthis section,a tilde denotesparametersve are optimizing for, while no
tilde impliesthatthe valuesfrom the previousiterationaresubstitutedEM theory[6]
guaranteethatsubsequentaximizationof the convergesto alocal maximum
of

We now derive updaterulesthatwill be usedin the M-step of the EM algorithm.
Theparametersve needo considerarethoseof the Gaussiamgoverningthedistribution
of theforegroundparts,.e. and ,thetablerepresenting  andtheparameter
governingthe backgrounddensitieslt will be helpfulto decompose into four parts,
following the factorizationin Equation(2).

Only the rst threetermsdependbn parametershatwill be updatedduringEM.



Updaterule for  Sinceonly  depend®n , takingthederivative of the expected
likelihoodyields

where accordingto our de nition above. Settingthe derivative to
zeroyieldsthefollowing updaterule

Update rule for Similarly, we obtainfor the derivative with respecto the inverse
covariancematrix

Equatingwith zeroleadsto

Update rule for To nd theupdaterule for the  probability masse®f ,
we needto consider , theonly termdependingon theseparametersTakingthe
derivative with respecto , the probability of observingonespeci c vector , we
obtain

where shall denotethe Kronecler delta. Imposingthe constraint , for

instanceby addinga Lagrangemultiplier term,we nd the following updaterule for

Update rule for Finally, we noticethat is the only term containinginfor-
mationaboutthe meannumberof backgroundointsperparttype . Differentiating
with respecto  we nd,

Equatingwith zeroleadsto theintuitively appealingesult



Computing the Suf cient Statistics All updaterulesderived above areexpressedn
termsof sufcient statistics and which arecalculatedn
the E-stepof the EM algorithm.We thereforeconsiderthe posteriordensity

Thedenominatoin theexpressiorabove,whichis equalto , is calculatedby ex-
plicitly generatingandsummingover all hypothesesyhile integratingout? the missing
dataof eachhypothesisThe expectationsare calculatedn a similar fashion:

is calculatedby summingonly over thosehypothesegonsistenwith  anddividing

by . Similarly, is calculatedby averaging over all hypothesesThe
caseof is slightly more complicated.For every hypothesiswe regroup
andnotethat . For oneneeddo calculate,

wherewe de ned,

Summingover all hypothesisanddividing by establishesheresult.Finally we
needto calculate

Here,only thepart hasnotyetbeenconsideredintegratingoutthe missing
dimensions, , now involves,

Looping throughall possiblehypothesesnd dividing by againprovidesthe
desiredresult.This concludeghe E-stepof the EM algorithm.

6 Experiments

In orderto validate our method,we testedthe performanceunderthe classi cation
taskdescribedn Sect.3.3,0n two datasets:imagesof rearviews of carsandimages
of humanfaces.As mentionedn Sec.3, the experimentsdescribedbelor have been
performedwith atranslationnvariantextensionof ourlearningmethod All parameters
of thelearningalgorithmweresetto the samevaluesin bothexperiments.

2 |ntegratingoutdimension®f aGaussiaris simply doneby deletingthemeansandcovariances
of thosedimensionandmultiplying by the suitablenormalizationconstant.
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Fig. 4. Resultsof the learningexperiments On the left we shav the bestperformingcar model
with four parts.Theselecteghartsareshavn ontop.Below, ellipsesindicatinga one-stddeviation
distancerom the meanpartpositions,accordingto the foregroundpdf have beensuperimposed
onatypicaltestimage.They have beenalignedby handfor illustrative purposessincethemodels
aretranslationnvariant.In thecentemwe shav thebestfour-partfacemodel.Theplot ontheright
shavs averagetrainingandtestingerrorsmeasure@s ,where istheareaunder
the correspondindROC curve. For both models,one obseres moderateover tting. For faces,
the smallesttesterroroccursat parts.Hence for the given amountof training data,this is the
optimalnumberof parts.For cars, or morepartsshouldbeused.

Training and TestImages For eachof the two objectclasseswe took images
shaving a target objectat an arbitrarylocationin clutteredbackgroundFig. 1, left).
We alsotook imagesof backgroundscenedrom the sameernvironment,exclud-
ing the target object (Fig. 1, right). No imageswere discardedby handprior to the
experiments.The faceimageswere taken indoorsaswell asoutdoorsand contained

differentpeople(male and female). The car imageswere taking on public streets
andparkinglots wherewe photographedehiclesof differentsizes,colorsandtypes,
suchassedanssportutility vehicles,and pick-up trucks. The carimageswere high-
passltered in orderto promoteinvariancewith respecto the differentcar colorsand
lighting conditions.All imagesweretakenwith a digital camerathey werecorverted
to agrayscaleepresentatioanddownsampledo aresolutionof pixels.

Eachimagesetwasrandomlysplit into two disjointsetsof trainingandtestimages.
In thefaceexperimentno singlepersorwaspresenin bothsets.
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Fig. 5. Multiple useof parts:Thethree-parmodelontheleft correctlyclassi edthefour images
ontheright. Partlabelsare: ="A, =°B', ='C'. Notethatthe middle part(C) exhibits
a high variancealongthe vertical direction. It matchesseveral locationsin theimages,suchas
thebumper licenseplateandroof. In our probabilisticframevork, no decisionis madeasto the
correctmatd. Ratherevidenceis accumulate@crossall possiblematches.



Automatically SelectedParts Partswereautomaticallyselectedaccordingto the pro-
ceduredescribedn Sec.4. The Forstnerinterestoperatoiwasappliedto the unla-
beledanduns@mentedrainingimagescontaininginstance®f thetargetobjectclass.
We performedvectorquantizatioron grayscalgatchesf size pixels,extracted
aroundthe pointsof interest.A differentsetof patternswasproducedor eachobject
classasshovnin Figure3.

Model Learning We learnedmodelswith , , ,and partsfor bothdatasets.Since
the greedycon guration searchaswell asthe EM algorithmcanpotentiallycorverge
to local extrema,we learnedeachmodelup to times,recordingthe averageclassi-
cation error.

All modelswerelearnedirom the entiresetof selectegarts.Hence noknowledge
from the training of small modelsaboutthe usefulnes®f partswasappliedduringthe
training of the larger models.This wasdonein orderto investigateto what extentthe
samepartswerechoseracrosanodelsizes.

We foundthe EM algorithmto corvergein about  iterationswhich corresponds
to lessthan s for a modelwith two partsandabout min for a ve-partmodel.We
useda Matlabimplementatiorwith subroutinesvrittenin "C' anda PCwith
Pentiumll processafThenumberof differentpartcon gurationsevaluatedvariedfrom
about — ( parts)to — ( parts).

Results Insteadof classifyingevery imageby applyinga x eddecisionthresholdac-
cordingto (3), we computedrecever operatingcharacteristic§ROCs) basedon the
ratio of posteriorprobabilities.In orderto reducesensitvity to noisedueto thelimited
numberof training imagesandto averageacrossall possiblevaluesfor the decision
thresholdwe usedthe areaunderthe ROC curve asa measuref the classi cationper
formancedriving the optimizationof the model con guration. In Figure 4, we showv
two learnedmodelsaswell asthis errormeasureasa functionof the numberof parts.

Examplesf successfullyandwrongly classi edimagedrom thetestsetsareshavn
in Fig. 6.

Wheninspectingthe modelsproducedwe were able to make several interesting
obsenations.For example,in thecaseof faceswe foundcon rmation thateye corners
arevery goodparts.But ourintuition wasnotalwayscorrect.Featureglongthehairline
turnedoutto bevery stable while partscontainingnosesverealmostnever usedin the
models.

Beforewe introduceda high-passlter asapreprocessingtep,thecarmodelscon-
centratedbn the dark shadev underneaththe carsas moststablefeature.Researchers
familiar with the problemof tracking carson freevays con rmed that the shadav is
oftenthe easiestvay to detecta car.

Oftentimesthe learningalgorithmtook advantageof the factthatsomepartdetec-
tors respondwell at multiple locationson the target objects(Fig. 5). This effect was
mostpronouncedor modelswith few parts.It would bedif cult to predictandexploit
this behaior whenbuilding amodel“by hand'

Sinceweranthelearningprocessnary times,we wereableto assesghelik elihood
of convergingto local extrema.For eachsize,modelswith differentpartchoiceswere
producedHowever, eachchoicewasproducedat leasta few times.Regardingthe EM
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Fig. 6. Examplesof correctlyandincorrectly classi ed imagesfrom the testsets,basedon the
modelsin Fig. 4. Partlabelsare: ="A', ='B, =°'C, ='D. foregroundand
backgroundmageswereclassi ed in eachcase.The decisionthresholdwassetto yield equal
errorrateon foregroundandbackgroundmages.n the caseof faces, of all imageswere
classi edcorrectly comparedo in themoredif cult carexperiment.

algorithmitself, we only obsenedoneinstancewherea givenchoiceof partsresulted
in several differentclassi cation performancesThis leadsusto concludethatthe EM
algorithmis extremelyunlikely to getstuckin alocal maximum.

Uponinspectionof the differentparttypesselectedacrossmodelsizes,we noticed
thatabouthalf of all partschoserataparticularmodelsizewerealsopresenin smaller
models.This suggestshatinitializing the choiceof partswith partsfoundin well per
formingsmallemodelss agoodstrateyy. However, oneshouldstill allow thealgorithm
to alsochoosdrom partsnot usedin smallermodels.

7 Discussionand Futur e Work

We have presenteddeasfor learningobjectmodelsin an unsupervisedetting.A set
of unsgmentedandunlabeledmagescontainingexamplesof objectsamongstlutter
is supplied;our algorithmautomaticallyselectdistinctive partsof the objectclass,and
learnsthejoint probability densityfunctionencodingthe object's appearanceThis al-
lows theautomaticconstructiorof anef cient objectdetectomwhichis robustto clutter
andocclusion.

We have demonstratethatour modellearningalgorithmworkssuccessfullyn two
differentdatasets:frontal views of facesandrearviews of motorcars.In the caseof
faces,discriminationof imagescontainingthe desiredobjectvs. backgroundmages
exceeds % correctwith simple modelscomposedf 4 parts.Performanceon cars
is correct.While training is computationallyexpensve, detectionis ef cient, re-
quiring lessthana secondn our C-MatlabimplementationThis suggestshattraining
shouldbe seerasanoff-line processwhile detectiormaybeimplementedn real-time.

The main goal of this paperis to demonstratehat it is feasibleto learn object
modelsdirectly from unsgmentedclutteredimages,andto provide ideason how one
may do so.Many aspect®f ourimplementatioraresuboptimalandsusceptiblef im-
provement.To list afew: we implementedhe partdetectorsusingnormalizedcorrela-
tion. More sophisticatedietectionalgorithms,involving multiscaleimageprocessing,
multiorientation-multiresolutionters, neuralnetworks etc. shouldbe consideredand
tested.Moreover, in our currentimplementatioronly part of the informationsupplied



by the detectorsj.e. the candidatepart's location, is used;the scaleand orientation
of the imagepatch,parametersiescribingthe appearancef the patch,aswell asits
likelihood, shouldbe incorporated Our interestoperatoras well asthe unsupervised
clusteringof the partshave not beenoptimizedin ary respectthe choiceof the algo-
rithmsdeseresfurtherscrutiry aswell. An importantaspectvhereourimplementation
falls shortof generalityis invariancethe modelswe learnedandtestedaretranslation
invariant,but not rotation,scaleor af ne invariant. While thereis no conceptualimit
to this generalizationthe straightforward implementatiorof the EM algorithmin the
rotationandscaleinvariantcaseis slow, andthereforempracticalfor extensie experi-
mentation.
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