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Abstract
We proposea methodto learn heterogeneousmodelsof

objectclassesfor visual recognition. Thetraining images
containa preponderanceof clutterandlearningis unsuper-
vised. Our modelsrepresentobjectsas probabilistic con-
stellationsof rigid parts (features). Thevariability within
a classis representedby a joint probability densityfunc-
tion on the shapeof the constellationand the appearance
of the parts. Our methodautomaticallyidentifiesdistinc-
tive featuresin the training set. Thesetof modelparame-
ters is thenlearnedusingexpectationmaximization(seethe
companionpaper[11] for details).Whentrainedon differ-
ent,unlabeledandunsegmentedviewsof a classof objects,
each componentof the mixture modelcan adapt to repre-
senta subsetof the views. Similarly, different component
modelscan also “specialize” on sub-classesof an object
class.Experimentson imagesof humanheads,leavesfrom
differentspeciesof trees,andmotor-cars demonstrate that
themethodworkswell over a widevarietyof objects.

1 Intr oduction and RelatedWork
Whenwe look at the first few imagesof Fig. 1 we see

‘cars.’ We maybeunableto namea specificcarmodel,but
we caneasilyrecognizea carassuch.‘Cars’ is anabstract
object classthat we have constructedthroughexperience
andwhich we mayusefor labellingpreviously unseenob-
jects.

We are interestedin the problem of learning object
classesfrom unsupervisedvisualexperience:giventheim-
agesof Fig. 1, can the visual conceptof ‘car’ be learned
automatically?The main challengewe faceis identifying
the relevant objectsamongsta preponderantamountof ir-
relevantclutter. Unfortunately, we do not evenknow in ad-
vancewhat to look for: the conceptof ‘car’ will emerge
from theprocess—forall thatwe know our trainingimages
coulddepictshoesor sometypeof deep-seafish.

Thisproblemhasnotyetbeentackledin thecomputervi-
sion literature. Traditionally, objectrecognitionstartswith
a training setwherethe salientpartsof eachobjectare in

roughgeometricalcorrespondence.This is eitherobtained
by segmentationand warping/alignmentof eachobject’s
picture,or by directmanualidentificationof themain fea-
tures.In eithercaseinterventionof anoperatorand/orcon-
trolled imagingconditionsarerequired[9, 2, 3, 4, 6, 1].

In a companionpaperwe proposea method[11] for
learningobject classesfrom clutteredimageswithout su-
pervision. The modelsthatwe useareGaussiandensities,
appropriatefor reasonablyhomogeneoustrainingexamples.
We expectthat in mostpracticalapplicationsthe datawill
be multi-modal; variability in the datacould be dueto the
presenceof objectsfrom several distinct classes,a single
objectclassbeingseenfrom differentviewpoints,or visu-
ally distinctsub-classesof thesameobject.In thispaperwe
extendourmethodto handlesuchdiversity.

2 Overview of the Approach
We modelobjectclassesfollowing the work of Burl et

al. [3]. An object is composedof parts andshape, where
‘parts’ areimagepatcheswhich maybedetectedandchar-
acterizedby appropriatedetectors,and‘shape’describesthe
geometryof themutualpositionof thepartsin away thatis
invariantwith respectto rigid and,possibly, affine transfor-
mations[10]. A joint probabilitydensityonpartappearance
andshapemodelsthe objectclass. In this paperwe show
that, usingmixturesof probabilisticmodelsof this type, it
is possibleto modelobjectclassesexhibiting a largedegree
of variability.

Objectdetectionis performedby first runningpart de-
tectorson the image,thusobtaininga setof candidatepart
locations.Thesecondstageconsistsof forming likely ob-
jecthypotheses,i.e. constellationsof appropriateparts(e.g.
eyes, nose,mouth, ears); both completeand partial con-
stellationsareconsidered,in order to allow for partial oc-
clusion. Thethird stageconsistsof usingtheobject’s joint
probabilitydensityfor eithercalculatingthelikelihoodthat
any hypothesisarisesfrom an object(objectdetection),or
the likelihood that one specifichypothesisarisesfrom an
object(objectlocalization).

In orderto train a modelwe needto decideon the key
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Someof theimagescontaininstancesof objectclasses

(carsand leaves), otherscontainonly “background.” How cana
machinelearnto recognizetheseobjectswithoutany furtherinfor-
mation?

partsof the object, selectcorrespondingparts(e.g. eyes,
noseetc.) on a numberof training images,and lastly we
needto estimatethe joint probability densityfunction on
partappearanceandshape.Burl et al. [2] performthefirst
andsecondact by hand,while our methodsautomatethe
first andsecondstepsaswell.

Our techniquefor selectingpotentiallyinformative fea-
tures/regionsis composedof two steps:first highly textured
regionsaredetectedin the training imagesby meansof a
standard‘interest operator’or keypoint detector. An un-
supervisedclusteringstepfavoring large clusterswill tend
to selectfeaturesthat correspondto the objectsof interest
ratherthanthe background.Appropriatefeaturedetectors
maybetrainedusingtheseclusters.This methodhasbeen
describedin detail in [11] andwill not bediscussedhere.

In orderto learnanobjectclassmodelfrom asetof train-
ing images,weneedto decideonasmallsubsetof theparts
selectedby the featureselectionmethodandwe thenneed
to learnthe parametersof the statisticalmodel. We solve
both problemsby iteratively trying out promisingsubsets
of parts. During eachiteration, the modelparametersare
estimatedusingexpectationmaximization(EM). At theend
of eachiteration,thedetectionperformanceof themodelis
evaluatedusinga validationdataset. Basedon the perfor-
mance,a part in the modelmight be exchangedagainsta
morepromisingone.

Thebestperformingmodelgeneratedin suchfashionis
in theendselectedas‘the model’.

Outline of the Paper

In Section3 we review the theoryunderlyingour prob-
abilistic objectmodelbeforewe introducetheextensionto
mixturemodels.In Section4 experimentalresultsarepro-
videdfor threedatasets:cars,leavesandhumanheads.Ex-
plicit updaterulesfor mixture model learningaregiven in
theappendix.

3 Mixtur esof Probabilistic Object Models
In thissection,wefirst giveabrief descriptionof ourba-

sicobjectmodelbeforeintroducingtheextensionto mixture
models.We thenprovide detaileddefinitionsof thediffer-
entmodelcomponents.

3.1 BasicGenerative Model

We modelobjectsascollectionsof rigid parts[3]. Dur-
ing recognition,eachparttypeis detectedby a correspond-
ing detector. After the part detectionstage,an entire im-
ageis thusreducedto a collectionof partsaswell. Some
of thosepartsmight correspondto an instanceof the tar-
get object class(the foreground), while othersstemfrom
backgroundclutteror aresimply falsedetections(theback-
ground). Throughoutthis paper, theonly informationasso-
ciatedwith anobjectpartis its positionin theimageandits
identity or part type. We assumethat thereare � different
typesof parts.Thepositionsof all partsextractedfrom one



imagearecollectedin a “matrix,”
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wherethe superscript‘ : ’ indicatesthat thesepositionsare
observeablein animage,asopposedto beingunobserveable
or missing, whichwill bedenotedby ‘ ; .’ Thus,the <>=@? row
containsthe locationsof detectionsof part type < , where
every entry,  1ACB , is a two-dimensionalvector. If we now
assumethat an object is composedof D different parts,1

we alsoneedto indicatewhich partsin
� �

correspondto
the foreground(theobjectof interest).For this we usethe
vector E , a setof indices,with F A �HG ' GJILK

, indicating
thatpoint  1ACB is a foregroundpoint. If anobjectpart is not
containedin

� �
, becauseit is occludedor otherwiseun-

detected,thecorrespondingentry in E will be zero. When
presentedwith an unseenimage,we do not know which
partscorrespondto the foregound.Therefore,E is not ob-
serveableandwewill treatit ashiddenor missingdata.We
call E ahypothesis, sinceit expresseswhichpartsof

� �
are

hypothesizedto belongto the foregroundobject. It is also
convenientto representthepositionsof any unobservedob-
jectpartsin aseparatevectorM,N whichis,of course,hidden
aswell. Wecanthendefineagenerativeprobabilisticmodel
throughthejoint probabilitydensityO9P � � ' M N ' E0Q ) (1)

Beforewe give a detaileddefinitionof this density, we ex-
plainhow we constructmixturesbasedon thismodel.

3.2 Mixtur e Model
We assumethata mixturemodelconsistsof R different

components.Eachcomponentis a completemodelof the
type introducedin the previous section. Our learningand
detectionalgorithmsaresetup suchthat, during recogni-
tion, thesemixture componentswill “compete”for the ex-
planationof an input image. Thus, an imagecontaining
an instanceof anobjectclasscanonly begeneratedor ex-
plainedby a singlemixturecomponent.We follow, in this
respect,thespirit of the“mixture of experts”framework in-
troducedin [7]. However, we do not usea truemixtureof
expertsmodel,in which a separategating networkis typi-
cally usedto divide the input spaceinto regionsof respon-
sibility for eachexpert.

Onecanalso imaginean approachunderwhich model
components“collaborate.” Eachcomponentcouldthenex-
plainonly asubsetof theobjectpartsin theentireimageand
several expertsneedto be “active” for a given image. For
a moredetaileddiscussionof competitivevs. collaborative
learningsee[8].

1To simplify notation,we only considerthecasewhere SUTWV . The
extensionto thegeneralcase( S�XYV ) is straightforward.

We canwrite our completemodelasO9P � � ' M N ' E0Q � Z[\^] ! O4P � � ' M N ' E`_ abQ O4P abQ )
TheconditionaldensityO9P � � ' M,N ' E`_ abQ representscompo-
nentmodel a . Every componentmodelis basedon its own
setof parameters,explaining how the partsin

� �
canbe

arrangedspatiallyin animage.However, not everycompo-
nentneedsto make useof all part typesin orderto model
the foreground. Hence,undercertaincomponentmodels,
part candidatesof certaintypescanonly be accountedfor
asbackgroundclutter.

The probabilitiesO9P abQ expressour a priori expectation
of explainingthedatawith componentmodel a .
3.2.1 Model Details

In orderto provide a detailedparametrizationof (1), we
introducetwo auxiliaryvariables,c and d . Thebinaryvec-
tor c encodesinformationaboutwhich featureshave been
detectedandwhich have beenmissedor occluded.Hence,e6f �hg

if F f IiK
and

e*f �jK
otherwise.The variable d

is alsoa vector, where k$l shalldenotethenumberof back-
ground candidatesincludedin the < =@? row of

� �
. Since

bothvariablesarecompletelydeterminedby E andthesize
of
� �

, we have O9P � � ' M,N ' E0Q � O4P � � ' M,N ' E ' d ' c0Q . We
cannow decomposein thefollowing wayO9P ��� ' M N ' E ' d ' c ' abQ � O9P ��� ' M N _ E ' d ' abQ`mO9P E`_ d ' c ' abQ O9P d0Q O4P c`_ abQ O9P abQ ) (2)

The probabilitydensityover thenumberof background
detectionscanbemodeledby aPoissondistribution,O4P d0Q � 5nl ] ! gk l#o Pqp l Q&r7s�t(u"vws '
where p l is theaveragenumberof backgrounddetections
of type < perimage.Notethat thebackgroundstatisticsare
assumedindependentof themodelcomponenta .

Dependingon thenumberof features,D , we canmodel
theprobability O4P c�_ abQ eitherasanexplicit table(of lengthxzy

) of joint probabilities,or, if D is large,as D independent
probabilities,governingthepresenceof anindividualmodel
feature.

It is importantto realizethat the probability O4P c�_ abQ for
a vector c which is not consistentwith model a (e.g. it
hypothesizesafeaturetypeto bedetectedwhich is notused
for the foregroundin this componentmodel) is definedto
bezero.

ThedensityO4P E{_ d ' c ' abQ is modeledby,O9P E`_ d ' c ' abQ �}| !~w��-� / .�� �� E���� P c ' d ' abQK
other E

where � P c ' d ' abQ denotesthesetof all hypothesesconsis-
tent with c , d and a , and � f denotesthe total number



of detectionsof the type of feature � . This expressesthe
fact thatall consistenthypotheses,the numberof which is� y f ] ! ��� �f , areequallylikely in theabsenceof information
on thefeaturelocations.

Finally, weuseO9P ��� ' M N _ E ' d ' abQ � O����1P M � ' M N _ abQ O��(��P M �q� Q '
wherewe defined � M � M,N�� as the coordinatesof all fore-
grounddetections(observed and missing)and M �@� as the
coordinatesof the backgrounddetections. In our experi-
ments,O�����P M � ' M,NY_ abQ is modeledasa joint Gaussianwith
mean � \ and covariance � \ . The positionsof the back-
grounddetectionsaremodeledby auniformdensity,O �7� P M �q� Q � 5nl ] ! g� r s '
where

�
is thetotal imagearea.

3.3 Classification
Throughoutthe experimentspresentedhere,our objec-

tive is to classify imagesinto the classes“object present”
(class � ! ) and “object absent”(class �^� ). Given the ob-
serveddata,

� �
, theoptimaldecision—minimizingtheex-

pectedtotal classificationerror—is madeby choosingthe
class with maximum a posteriori probability (MAP ap-
proach,seee.g. [5]). It is thereforeconvenientto consider
thefollowing ratio,O4P � ! _ � � QO4P � � _ � � Q������^� \ O4P � � ' E ' aw_ � ! Q� \ O4P � � ' E � ' aw_ � � Q ' (3)

whereE4� denotesthenull hypothesiswhichexplainsall fea-
turesasbackgroundnoise. The sumin the numeratorin-
cludesall hypotheses,alsothenull hypothesis,sincetheob-
ject couldbepresentbut remainundetectedby any feature
detector. In thedenominator, theonly consistenthypothesis
to explain “objectabsent”is thenull hypothesis.

Althoughwearehereconcernedwith classificationonly,
our framework is by no meansrestrictedto this problem.
For instance,object localizationis possibleby identifying
thoseforegroundfeaturesin animage,whichhavethehigh-
estprobabilityof correspondingto anoccurrenceof thetar-
getobject.
3.4 Model Learning

A detaileddescriptionof our learning methodcan be
foundin [11] for thecaseof single-componentmodels.We
do not have spaceto reproducethemethodhere.However,
explicit updaterulesof our learningalgorithmfor thecase
of mixturemodelshavebeenincludedin theappendix.

4 Experiments
We choseto validateourmethodundertheclassification

problemdefinedin Section3.3, using threedifferentdata
sets: imagesof rearandsideviews of cars,imagesof hu-
manheads,taken over a rangeof viewing directionsfrom
frontal to profile, and imagesof a sampleof leaves from
threedifferentspeciesof trees.

Sincethe objectsto be learnedwere in a different,un-
known location in every training image, we employed a
translationinvariant extensionof our method(see[2] for
a discussionon invarianceto planartransformations).We
tried, however, to assertthat the objectshadthe samesize
in all images,sincewe have not yet implementedscalein-
variantlearning.

4.1 Training and TestImages
Human Heads: In order to producea large set of im-
ageswith differentbut known headorientations,asufficient
numberof subjects,as well as different, clutteredback-
grounds,we resortedto a syntheticblendingof headim-
ageswith backgroundscenes.Subjectswerephotographed
in front of a blue background,facing � different viewing
directions(

K¡  P£¢£¤-¥(¦(§#¨z© Q ' g«ª7  '*)*)+),'-¬ K(  P£­�¤�¥z®�©�¯ Q ). The back-
groundwas thensubtractedfrom the images(which were
convertedto grayscale)andreplacedwith entirelywhite or
black regions to producetraining images,aswell aswith
randomscenesto producetestimages(seeFig. 2).2 Similar
scenes,without superimposedheads,wereusedasnegative
examples.We used

g°K
subjectsfor trainingand

g°K
different

subjectsfor testing. Four picturesweretakenof eachsub-
jectateveryviewing direction.Subjectswereaskedto keep
astraightfaceandheadorientationfor thefirst two images.
For theothertwo they wereallowedto tilt theirhead,rotate
it within the planeof view andperformfacial expressions
of their choice. The resolutionof the training imageswas
suchthat thedistancefrom top of theheadto chin spanned
about± K pixels.

Thesetof backgroundscenescontained² ªzK picturesof
landscapes,outdoorscenesof buildings, aswell asindoor
scenesof office andlaboratoryenvironments.This setwas
divided into two setsof

g � ª pictureseachfor training and
testing.

Leaves: We usedcompletelyunlabeledandunsegmented
imagesthroughoutthe leaf (andcar)experiments.We col-
lectedsix leavesfrom eachof threedifferentspeciesof trees
andphotographedeachleaf

g+K
timesin front of anarbitrary

background,producing
g ± K images(seeFig.1 bottom).An-

other
g«ªzK

imagesfrom thesameindoorlaboratoryenviron-
mentweretakenasnegative examples.As in theotherex-
periments,bothsetsweredividedinto anindependenttrain-
ing andtestset.

Cars: We took ² K(K images(
g«ªzK

rearviews and
g°ª7K

side
views) on public streetsand parking lots showing carsin
front of a clutteredbackground(Fig. 1 bottom). We also
took

x K(K
imagesof backgroundscenesfrom the sameen-

vironment. We photographedvehiclesof different sizes,
colorsandtypes,suchassedans,sportutility vehicles,and
pick-uptrucks.

2Althoughwe have demonstratedthatour methodcanlearnmodelsof
humanheadsfrom entirelyunlabeledclutteredscenes,wemadeuseof this
segmentationstepin orderto speedup the training process.Eliminating
thebackgroundhelpedby reducingthenumberof featuresto betried and
by speedingup the convergenceof the EM stagedue to the absenceof
backgrounddetections.
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Examplesfrom thehumanheaddatabase.Segmented

headsaresuperimposedonblackandwhite backgroundsfor train-
ing (top), andon randombackgroundscenesfor testing(center).
For half of the images,subjectswereallowed to make facial ex-
pressionsandto tilt or rotatetheirheadaroundthecameraaxis.On
the bottomwe show randombackgroundscenesusedasnegative
testexamples.

Thecarandleaf imageswerehigh-passfiltered in order
to promoteinvariancewith respectto differentcolorsof cars
and different lighting conditions. All imageswere taken
with a digital camera;they wereconvertedto a grayscale
representationanddownsampledto a resolutionof

xµ´ K mg+¶7K
pixels. No imageswerediscardedby handprior to the

experiments.
The EM modellearningwascarriedout on the positive

trainingimages.In orderto optimizefor themodelconfigu-
ration,theclassificationperformanceof themodelwaseval-
uatedaftereachpassof EM, usingthepositiveandnegative
training images.No individual car/head/leave waspresent
in thetestandtrainingsetat thesametime. Thefinal model
wastestedon thepreviously unseentargetandbackground
images.

4.2 Automatically SelectedParts
Partswereautomaticallyselectedaccordingto theproce-

duredescribedin [11]. The Förstnerinterestoperatorwas
appliedto the positive training images.We thenextracted
patchesof size

g7g m g7g
aroundthe points of interestand

clusteredthoseusingvectorquantization.A differentsetof
patternswasproducedfor eachobjectclass(Fig. 3).
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A sampleof the patternsobtainedfrom our feature

selectionmethod(basedon k-meansclustering)is shown for cars
(left), heads(center)and leaves (right). The leaf andcar images
were high-passfiltered beforefeatureselection. The total num-
berof patternsselectedwas ¸-¹#º for heads(acrossa »2¼6½ rangeof
viewing directions),¾2» for cars(acrosstwo orthogonalviewing di-
rections)and ¾°¸ for leaves.

4.3 Results
ClassificationPerformance

To assessclassificationperformance,we learnedmodels
with two mixturecomponentsof threefeatureseach.

We found the EM algorithm to converge in about
g+K7K

iterations.Oneiterationtook about
x K(Kz¿ÁÀ

usinga Matlab
implementationwith subroutineswritten in ‘C’. Theentire
training processtook severalhourson a PC with

´ ªzK(ÂÄÃÆÅ
PentiumII processor.

Ratherthanclassifyingevery imageby applyinga fixed
decisionthresholdaccordingto Equation3, we computed
receiveroperatingcharacteristics(ROCs)basedon theratio
of posteriorprobabilities. In order to reducesensitivity to
noisedueto thelimited numberof trainingimages,weused
the areaunderthe ROC curve asa measureof the classi-
ficationperformancedriving theoptimizationof themodel
configuration.In Figure5, we reporttotal classificationer-
rorswhich arecomputedby choosinga decisionthreshold
suchthatthesameerrorrateonforegroundandbackground
imagesis obtained. The differencesbetweentraining and
testerrorsin theCarsandLeavesexperimentssuggestthat
we have experienceda certaindegreeof overfitting. The
asymptoticalclassificationerrorfor aninfinitely largetrain-
ing set lies somewherebetweenour observed training and
testerror.

Onemightalsobesurprisedby thelimited improvement
of the mixture modelsover the singlecomponentmodels.
The reasonfor this is the remarkableperformanceof sin-
gle componentmodelswhich,e.g.,in thecaseof headsare
often ableto work realiablyover a large rangeof viewing
directions(seealsoFig. 4).

Examplesof misclassificationsareshown in Fig. 7.
Tuning of Mixtur e Components

For this experiment,we learnedmodelswith two (cars),
three(leaves), and four (heads)componentsof threefea-
tureseach,exhaustingthe entiresetof availabledata. We
then investigatedthe tuning propertiesof the individual
componentmodelsbyassigningeverytrainingimageto that
particularcomponent,a0Ç , for which the “responsibility,”O4P a Ç _ � � Q , wasmaximal. If no componenthada respon-
sibility of morethan ± K¡È , we assignedthe corresponding
imageto an“undecided”category. Wewereableto observe
cleartuningcharactersticsfor all threedatasets.In thecase
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Analysisof a four-componentmixture modelwith

threefeaturesper component.This modelwastrainedon the en-
tire setof availablesata.We show thethreepartsselectedfor each
component(left) by our training algorithm. Ellipsesindicatinga
three-standarddeviation distancefrom themeanpartpositionsac-
cordingto theGaussianpdfgoverningtheforegroundpartpositions
areshown (center).They have beensuperimposedon anarbitrary
imagefor which thecorrespondingcomponenthadahigh“respon-
sibility.” Sinceour modelsare translationinvariant, the models
havebeenalignedwith theimageby handfor illustrative purposes.
Ontheright weshow asecondarbitrarilyselectedimage,alsowith
a high responsibilityof the correspondingcomponent. Detected
candidatepart locationsareshown only for the threepart typesof
therespective component( Ë = ‘A’, Ì = ‘B’, Í = ‘C’). Notethatthe
modelcomponentsareableto representtheheadsoverafairly large
rangeof viewing directions—aboutÎ6º ½ in this case—mainlydue
to the stability of the chosenfeatures.This effect waseven more
pronouncedwhen we trainedmodelswith only two components
over a »2¼ ½ viewing range. In this case,singlecomponentswere
oftenableto detectaheadover theentirerange.Hence,thedataset
couldbeconsiderednot difficult enoughfor themixturemodels.

Cars Heads Leaves
# comp. 1 2 1 2 Î6Ï 1 2 Ð2Ï
train 17% 12% 14% 13% 5% 8% 8% 6%
test 18% 16% 14% 13% n/a 16% 16% n/a
ZFA-DR 46% 54% 57% 61% n/a 59% 60% n/a
1� 
����>��Ñ$�

Testandtrainingperformancefor thedetectionexper-
iments. We show the total misclassificationerror, obtainedat the
decisiontresholdwhereanequalnumberof positive andnegative
imagesis misclassified.We alsoreport the detectionrateat zero
falsealarms(ZFA-DR). Thisperformanceis importantfor applica-
tionssuchasdigital library searches.Ï Modelswith three(leaves)
andfour (heads)componentsweretrainedonall availabledatafor
thetuningexperiments.

of leaves,only amodelwith threecomponentsshowedtun-
ing characteristics,but not with two. In the headexperi-
mentwe only observedtuningfor modelswith at leastfour
components.Figure6 shows histogramsillustrating these
findings. In bothcases,eachmodelcomponentis between
two andfour timesas likely to detecta particularview or
sub-classthanany other.
SeparatelyTrained Components

In anotherexperiment, we trained single component
modelsseparatelyon labeledsideandbackviews of cars.
We repeatedthis experiments

g°K
times, to avoid local ex-

tremaandobtainedanaverageperformanceof ± x È correct
for back views and ± ¶ÒÈ correctfor side views. We then
mergedthosemodelsinto two-componentmodels,choos-
ing O4P abQ �HK ) ª for bothcomponents.Theperformanceof
theresultingmodelswasonly � ¶¡È correcton averageand,
therefore,significantlyworsethanthoseof two-component
modelstrainedon unlabeleddatawith our algorithm for
mixture model learning. Hence, it appearsthat training
componentssimultaneouslyis vital to exploit the benefits
of ourmixturemodels.

5 Discussionand Future Work
We have presentedideasfor learningmixturemodelsof

objectsfrom inhomogeneoustraining imagesin an unsu-
pervisedsetting. A setof unsegmentedandunlabeledim-
ages(in the caseof leavesandcars)containingexamples
of objectsamongstclutter is supplied;our algorithmauto-
maticallyselectsdistinctivefeaturesof theobjectclass,and
learnsthe joint probability density function encodingthe
object’s appearance.This allows the automaticconstruc-
tion of anefficientobjectdetectorwhich is robustto clutter
andocclusion.

We have demonstratedthat our model learning algo-
rithm works successfullyon threedifferentdatasets: hu-
manheadsviewedover a ¬ K   rangeof viewing directions,
carsseenfrom the rearand the side,and imagesof three
differentspeciesof leaves.In thecaseof heads,discrimina-
tion of imagescontainingthedesiredobjectvs. background
imagesapproaches¬ KÒÈ correctwith simplemodelscom-
posedof 2 componentswith 3 featureseach.Performance
on carsis ± ´ È correctandon leaveswe obtained± ª(È cor-
rectlyclassifiedtestimages.Thedetectionrateatzerofalse
alarmswasconsistentlyabove50%–andoftensignificantly
higher–which is promisingfor content-basedsearchingof
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Histogramsshowing tuningpropertiesof themixture

modelsmodels.For everycomponentmodelthenumberof images
for which it is “responsible”is plotted. The right-mostgroupof
barsshow “undecided”images,wherenomodelreachedavalueof
morethan ¾2¼6Õ probability. The numberof componentswastwo
(cars),three(leaves)andfour (heads).Headmodelswerefoundto
be partially tunedto headorientationbut alsoto small remaining
differencesin headsizesin our datasets.

large imagedatabases.We demonstratedthat our method
is capableof identifying differentsub-classesamongstthe
unlabeledtrainingimages.Thesesub-classesaredueto dif-
ferentviewpoints(cars,heads)or genuinelydifferentsub-
categories(leaves).

While training is computationallyexpensive, requiring
several hoursof computertime on training setscomposed
of approximately100images,detectionis efficient, requir-
ing lessthan half a secondin our hybrid ‘C’-Matlab im-
plementation.This suggeststhat trainingshouldbeseenas
anoff-line process,while detectionmaybeimplementedin
real-time.

Many aspectsof our implementationaresuboptimaland
susceptibleof improvement. To list a few: we imple-
mented the part detectorsusing normalizedcorrelation.
More sophisticateddetectionalgorithms, involving mul-
tiscale image processing,multiorientation-multiresolution
filters,neuralnetwork etc.shouldbeconsideredandtested.
Moreover, in our currentimplementationonly part of the
information suppliedby the detectors,i.e. the candidate
feature’s location, is used;the scaleandorientationof the
imagepatch,parametersdescribingthe appearanceof the
patch,aswell asits likelihood,shouldbeincorporated.Our
interestoperatoraswell as the unsupervisedclusteringof
the featureshave not beenoptimized in any respect;the
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choiceof the algorithmsdeservesfurther scrutiny aswell.
An importantaspectwhereour implementationfalls short
of generalityis invariance:themodelswelearnedandtested
are translationinvariant, but not rotation, scaleor affine
invariant. Thereis no conceptuallimit to this generaliza-
tion, althoughthe computationalcost grows significantly.
We also needto explore a principled way of decidingon
the numberof mixture components.This could be done
by monitoringthe generalizationerror asa functionof the
numberof components.Finally, thepossibility to trade-off
the numberof componentsagainstthe numberof partsin
everycomponentshouldbeinvestigated.

Acknowledgements
Fundedby the NSF EngineeringResearchCenter for

NeuromorphicSystemsEngineering(CNSE) at Caltech
(NSF9402726),and an NSF National Young Investigator
Award to P.P. (NSF9457618).M. Welling was supported
by theSloanFoundation.



We are also very grateful to Rob Fergus, Catharine
Stebbinsand JustinSmith for helping with collecting the
databases.We aregrateful to ThomasLeung,Mike Burl,
JitendraMalik and David Forsyth for many helpful com-
ments.

A M-step and E-step
For detailson the derivationof our basiclearningalgo-

rithm thereaderis referedto [11], wherewe derive theup-
daterulesfor a singlecomponentmodel.

We employ theEM algorithmto optimizethelikelihood
of theobserveddata,× P ��� _ Ø(Q � Ù[ A ] ! ©Ú¥(Û [�7Ü�� \ Ü

Ý O9P ���A ' M NA ' E A ' a A _ Ø(Q^Þ(M NA '
with respect to the model parameters, Ø �ß � \ ' � \ 'àO9P c�_ abQ 'âáL'ÁO9P abQ#ã . Since this is difficult
to achieve analytically, EM iteratively maximizes a
sequenceof costfunctions,ä P°åØ1_ Ø¡Q � Ù[ A ] !çæ � ©Ú¥(ÛçO9P � �A ' M NA ' E A ' a A _ åØ(Q>� )
Taking the derivative of

ä P°åØ�_ Ø(Q with respectto theparam-
etersand equatingto zero producesthe following update
rules, å� \ � � ÙA ] ! O9P aw_ � �A Q æ \ � è A �� ÙA ] ! O9P aw_ � �A Q '

å� \ � � ÙA ] ! O9P aw_ � �A Q æ \ � è A è 5A �� ÙA ] ! O4P aw_ � �A Q é å� \ å� 5\ '
åOçP*êc�_ abQ � � ÙA ] ! O4P aw_ � �A Q æ \ � ë � Ü��Cì� �� ÙA ] ! O4P aw_ � �A Q '
åá � g� Ù[ A ] ! [ \ O4P aw_ � �A Q æ \ � d A � 'åOçP abQ � g� Ù[ A ] ! O4P aw_ � �A Q '

where è 5 � � M � M,Nw� and æ \ � ) � denotes taking
the expectation with respect to the posterior densityO4P E A ' M,NA _ � �A ' a ' Ø¡Q . Theseupdaterulesconstitutethe M-
step.

The E-stepamountsto the calulationof the sufficient
statisticsæ \ � èµ� ' æ \ � è7èµ� ' æ \ � ë � �Cì� � ' æ \ � dç� andthe poste-
rior density O9P aw_ ���A Q � O4P � �A _ abQ O4P abQ� \ O4P � �A _ abQ O4P abQ '
with O9P � �A _ abQ � [

� Ü
Ý O4P E A-' M NA ' � �A _ a ' Ø(Q,Þ(M NA )

Explicitely, O4P � �A _ abQ is calculatedasfollows. Chooseahy-
pothesisconsistentwith the observed data. Integrateout
themissingdataby eliminatingtheappropriatedimensions
from the Gaussianforeground pdf. Calculate c P E0Q andd P E9Q and insert them into the joint density. Finally, sum
overall possiblehypotheses.Theexpectationsof thestatis-
tics arecalculatedin a similar fashion. æ \ � ë � �íì� � is calcu-
lated by summingonly over thosehypothesesconsistent
with êc in the numeratorand dividing by O4P � �A _ abQ . Sim-
ilarly, æ \ � d,� is calculatedby averaging d P E0Q over all hy-
potheses.For æ \ � èµ� � P M � æ \ � M,Nw�£Q we needÝ M N�î P è�_ � \ ' � \ Q4Þ7M N � � N\ðï � N �\ � ���\ u ! P M � é � �\ Q '
wherewe defined� \ � P � �\ � N\ Q anda similar decompo-
sition for � \ . For thecalculationof æ \ � è7è 5 � we needthe
following resultæ � M N M N 5 � � � N`N\ é � N �\ � �-�\ u ! � N �\ 5 ï æ \ � M N � æ \ � M N � 5 )
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