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Abstract

Wepresenta methodto learnmodelsof humanheadsfor
thepurposeof detectionfrom differentviewing angles.We
focuson a modelwhere objectsare representedasconstel-
lations of rigid features(parts). Variability is represented
by a joint probability densityfunction(pdf) on theshapeof
theconstellation.In a first stage, themethodautomatically
identifiesdistinctivefeaturesin thetrainingsetusingan in-
terestoperator followedby vectorquantization.Thesetof
modelparameters, includingtheshapepdf, is thenlearned
using expectationmaximization. Experimentsshowgood
generalizationperformanceto novelviewpointsandunseen
faces.Performanceis above �
	 % correctwith lessthan � s
computationtimeper image.

1 Intr oduction and RelatedWork

Thehumanheadandfacearethemostvaluableobjects
thata computervision systemmaydetect,trackandrecog-
nize. Amongstthesetasks,detectionis perhapsthe most
challenging;while recognitionandtrackinghaveregistered
considerableprogressduring the lastdecade,detectionhas
sofareludedtheeffortsof computervisionresearchers.The
main sourceof hopecomesfrom observingthe humanvi-
sualsystem;it candetectreliablyandquickly humanheads
in clutter: independentlyof scale,viewpoint, in a largeva-
riety of lighting conditions,androbustlywith respectto oc-
clusion.

A numberof studieshaveaddresseddetectionin simpli-
fied scenarios:SungandPoggio[8], Baluja, Rowley and
Kanade[5], have proposedneural-network approachesto
detectingunoccludedfrontal views of the face.Schneider-
manandKanade[7] have proposedan approachbasedon
histogramsof featuredetectorsto addressthe sameprob-
lem. Burl, Leung,WeberandPerona[1] additionallyad-

dressthe issueof occlusion. All thesesystemsusesuper-
visedtraining wherethe training examplesarenormalized
andalignedby hand. In thesystemby Burl et al. anoper-
ator indicatesthemain featuresof thefacesby clicking on
themwith a mouse.

It is difficult to assessandcomparethe performanceof
thesesystemssinceno commonbenchmarkexists. Baluja
et al. madetheir systemavailablefor testingon the inter-
net [6]. On realistic datasetsthe detectionratesof these
systemsis above �
	 % of frontally viewedfaces,with false
alarmratesin therangeof 	�����	 in clutter. Thecomputa-
tional time is implementation-dependentandrangesfrom �
to ��	
	 secondsper image.Trainingon largedatasetsrang-
ing from ��	
� to ��	
� imagesis required.

We addressheretheproblemof detectinghumanheads
in clutteridependentlyof their orientationaroundtheverti-
calaxis.Weseekto achievethisinvariancewhilepreserving
therobustnessto occlusionof Burl etal. andthemild train-
ing supervisionrequiredby theneural-network approaches.
Our startingpoint is the schemeproposedby Burl et al.
which we extendalongtwo directions:(a) we obtainview-
point invarianceusingtwo distinctmethods:traininga sin-
gledetectoronmultipleviews,andcombiningtheoutputof
multipledetectorstrainedondifferentviews,(b) weweaken
the training paradigmrequiring no image normalization,
registrationor manualdetectionof features: We develop
ideasfor automaticfeatureselectionandshapetraining.

2 Overview of the Approach

We modelobjectclassesfollowing the work of Burl et
al. [1]. An object is composedof parts andshape, where
parts are imagepatcheswhich may be detectedandchar-
acterizedby appropriatedetectors,andshapedescribesthe
geometryof the mutualpositionof the partsin a way that



Operator
Interest

EM

Validation

Features

Images

Images

Feature Selection

Features

Background

Foreground

>10,000
VQ

Model Learning
~150

<10
Features

Model

Test
Model

Background
Test Images

Foreground
Test Images

Features
Select/Update

<10 Features

Final Model

��� ������� ��!#"%$
�&�'$&� �
(*),+-)��.�0/1�
243.)65
is invariantwith respectto rigid and,possibly, affine trans-
formations[4]. A joint probabilitydensityon partappear-
anceandshapemodelstheobjectclass.Objectdetectionis
performedby first runningpartdetectorsontheimage,thus
obtainingasetof candidatepartlocations.Thesecondstage
consistsof forming likely objecthypotheses,i.e. constella-
tionsof appropriatefeatures(e.g. eyes,nose,mouth,ears);
bothcompleteandpartial constellationsareconsidered,in
orderto allow for partialocclusion.Thethird stageconsists
of usingtheobject’s joint probabilitydensityfor eithercal-
culating the likelihood that any hypothesisarisesfrom an
object(objectdetection),or thelikelihoodthatonespecific
hypothesisarisesfrom anobject(objectlocalization).In or-
der to train a modelwe needto decideon the key partsof
the object, identify thosepartsin the training imagesand
estimatethe joint probability densityfunction on part ap-
pearanceandshape.Themethodwe presenthereperforms
all threestepsautomatically. A block diagramis shown in
Fig. 1.

Our techniquefor selectingpotentiallyinformative fea-
tures/regionsis composedof two steps:first highly textured
regionsaredetectedin the training imagesby meansof a
standardinterestoperator or keypoint detector. The num-
ber of thosepotentialfeaturesis thenreducedin an unsu-
pervisedclusteringstep.Appropriatefeaturedetectorsmay
betrainedusingtheresultingclusters.

The secondstepof our proposedmodel learningalgo-
rithm simultaneouslyestimateswhich onesof the features
actuallyare the most informative, and what is the proba-
bilistic descriptionof theconstellationthatthey tendto form
whenthey areassociatedto anobjectof interest.This pro-
cessrequiresiteratingfour operations:(a)choosingatenta-
tivemodelstructure, i.e. thecollectionof features(or parts)
that are associatedto the object, (b) establishinga corre-
spondencebetweenhomologouspartsacrossthe training
set,andsimultaneouslylabellingas‘background’or ‘noise’
all partsthatarenotputin suchcorrespondence,(c) estimat-
ing thejoint modelprobabilitydensityfrom sucha labelled
trainingset,(d) assessingtheperformanceof suchamodel.

In our method,operations(b) and (c) areperformedonly
implicitly in a “soft” way, usingexpectationmaximization.

Thebestperformingmodelgeneratedin suchfashionis
in theendselectedas“the model”.

Outline of the Paper

In Section3 we discussour featureselectionprocedure
basedonvectorquantization.Section4 introducestheprob-
abilistic model,explainsMAP classificationanddiscusses
how theEM algorithmis usedto learnthemodelparameters
from exampleimages.In Section5 we reporton theresults
of experimentsthat test the ability of the model to gener-
alize to unseenviewing angles. The appendixcompletes
the theorywith somedetailedformulasof the learningal-
gorithm.

3 Automatic Feature Selection

The problemof selectingdistinctive andwell localize-
ablefeaturesis intimately relatedto the methodchosento
detectthesefeatures. Sincewe needto evaluatea large
numberof potentialfeaturesandthus,detectors,we settled
onnormalizedcorrelationasfeaturedetectionmethod.Fur-
thermore,extensiveexperimentsleadusto believe that this
methodoffers comparableperformanceover many more
elaboratedetectionmethods.

With correlationbaseddetection,everypatternin asmall
neighborhoodin the training imagesdefinesa featurede-
tector. The purposeof the proceduredescribedhereis to
reducethis potentiallyhugesetof featuresto a reasonable
number, suchthatthemodellearningalgorithmdescribedin
thenext sectioncanthenselecta few mostusefulfeatures.
We usea two-stepprocedureto accomplishthis.

In thefirst step,weidentify pointsof interestin thetrain-
ing images(seeFig. 2). This is doneusingthe interestop-
eratorproposedby Förstnerin [3], which is capableof de-
tectingcornerpoints,intersectionsof two or morelines,as
well ascenterpointsof circularpatterns.Thesepatternare
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easyto localize,sincetheinterestoperatorassuresthatthey
containpointsof largeimagegradientsin morethanonedi-
rection.This stepproducesabout d
	 featurecandidatesper
trainingimage.

A significantreductionof thenumberof featurescanbe
achievedby thesecondstepof theselectionprocess,which
consistsin performingvectorquantizationon the patterns.
To thisend,weuseastandarde -meansclusteringalgorithm
[2], which we tunedto producea setof about ��	
	 – ��d
	 pat-
terns.

In order to further eliminateredundancies,we remove
patternswhich aresimlilar to othersafter a shift of up to
two pixelsin anarbitrarydirection.

Dueto therestrictiontopointsof interestandthefactthat
the training imagescontainonly humanheads,the pattern
setexhibits interestingstructure,ascanbeseenin Figure3.
The patternsshown representthe centersof the respective
clustersandareobtainedasaveragesof about f\	 –d
	
	 orig-
inal patterns.Sincewesegmenttheheadsfrom thetraining
imagesandoverlaythemon white andblackbackgrounds,
the mostcommonpatternsaresimplecornerswhich stem
mostly from the silhouetteof the heads.But onecanalso
readily identify true facial featuressuchas eyes, nostrils,
earlobes,mouthcornersandsoforth.

4 Model Training

In order to train an objectmodelwe needto solve two
problems.Firstly, we needto decideon a small subsetof
the selectedfeatures,to be usedaspartsin the model,i.e.
definethemodelconfiguration. Secondly, we needto learn
theparametersof thestatisticalpartof themodel.Thefirst
problemis solved in an outer loop throughoutwhich dif-
ferentpromisingconfigurationsareevaluated. The model
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parametersareestimatedwithin the loop usingexpectation
maximization(EM). After eachiteration,thedetectionper-
formanceof themodelis evaluatedusinga validationdata
set(disjoint from the testset). Basedon the performance,
a featurein theconfigurationmight beexchangedagainsta
morepromisingone.

In the remainderof this sectionwe discusstheproblem
of estimatingthe parametersof the statisticalobject class
model,givenafixedmodelconfiguration.

We assumethat we have at our disposal� training im-
ages,identifiedby subscripts� . We first apply all feature
detectorsof the given configurationto the training images
and retain only the positionsat which the detectorshave
maximal response(locally). The only training data ex-
tractedfrom the imagesare thesecandidatelocations. In
order to achieve a high recognitionperformance,we then
optimizefor themaximumlikelihoodfit of ourobjectmodel
to thetrainingdata,usingtheEM algorithm.

4.1 Notation

We assumethata modelconfiguration,comprisedof �
features,hasbeenchosen.1 As a simplification,we derive
the learningalgorithm for a Gaussiandensityof part po-
sitions in the image. The necessarychangesto obtainthe
translation invariant versionusedin the experimentsare
minor.2

All informationextractedfrom a training image, �4� , is

1Althoughanobjectcould,in principle,exhibit several featuresof the
sametype,weassumefor now, thateverydetectoris includedin themodel
at mostonce,to avoid furthercomplicationof thenotation.Theextension
to multiple featuresof thesametypeis straightforward.

2This is due to the fact that switching to a representationwherefea-
turepositionsaredescribedrelative to a referencefeatureinvolvesonly a
lineartransformationandthereis thusno needto departfrom theclassof
Gaussianpdf’s.



representedin the following “matrix” of featurecandidate
positions, �I��l� ����� �6�C�A�9� �
�O���O�<� �6�]�v�� � �A� ���
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wherethe superscript‘ � ’ indicatesthat thesepositionsare
observed in the image,asopposedto beingunobservedor
missing, which will beindicatedby ‘ � ’. Thus,the ����� row
containsthe (two-dimensional)locationsof detectionsof
featuretype � .

We will usethefollowing randomvariables,which rep-
resenteitherobservedor hiddeninformationin image� ,� � ��� �I�� ���< � �C¡ � ��¢ � ��£ �Y¤ �
The entire set,

� �� , of featurecandidatescan be divided
into candidateswhich are the true featuresof the object
(the foreground) andnoisefeaturescomingfrom theback-
ground. This non-observeablefact is conveyedby theran-
dom variable ¢ , a set of indices, which is also called a
hypothesis—for reasonsto becomeevident later. Thus,¥ � �§¦ � ¦J¨ 	 , meansthatpoint � �E© is a foregroundpoint.
If thetrueobjectfeatureshasbeenmissedaltogetherby the
correspondingdetector, the correcthypothesiswill have a
zero-entryat this position. We denoteby £ a binary vec-
tor which hasentry ª4« � � if

¥ « ¨ 	 andzerootherwise,
indicating whetherthe relevant featureis hypothesizedto
be detected( � ) or not ( 	 ). The positionsof the missed(or
occluded)foregroundfeaturesarerepresentedby aseparate
vector �   . The dimensionof �   variesbetween0 and �
dependingon thenumberof unobservedfeatures.Finally ¡
denotesthenumberof backgrounddetections.3

All variables,except
� �

, arehiddenfrom direct obser-
vation.

4.2 Classification

For theexperimentsin thispaperourobjectiveis to clas-
sify imagesinto the classes“headpresent”(class ¬ � ) and
“headabsent”(class¬,­ ). Givenaprobabilitydensityfor the
observed data, ®#¯ � �O° , the optimal decision—minimizing
the total error probability—ismadeby choosingthe class
which hasthemaximuma posterioriprobability (MAP ap-
proach,seee.g. [2]). It is thereforeconvenientto consider
thefollowing ratio,®�¯±¬ �\² � �4°®�¯±¬ ­ ² � � °m³µ´·¶ ®#¯ � � ��¢ ² ¬ � °®#¯ � � �C¢ ­ ² ¬ ­ ° � (1)

3Althoughthis representationis redundant( ¸ is entirelydeterminedby¹
while º is obtainedfrom

¹
andthetotalnumberof detections,» ), it al-

lowsusto putthepartsof theprobabilisticmodelinto correspondencewith
the underlyingphysicalprocesses,while accuratelyreflectingthe natural
dependenciesbetweentherandomvariables.

where¢ ­ denotesthenull hypothesiswhichexplainsall fea-
turesasbackgroundnoise.For convenience,weomittedthe
variables£ �§¼ ��½,¾¿¯ ¢ ° (with ¼ �^½,¾¿¯À	 ° � 	 ) and ¡ �·Á � £ ,
which arefunctionsof ¢ . Noticethattheratio ÂcÃ>Ä �]ÅÂcÃ>ÄOÆ Å canbe
absorbedinto a decisionthreshold.Thesumin thenumer-
ator includesall hypothesis,including the null hypothesis,
sincetheobjectcouldbepresentbut remainundetectedby
any featuredetector. In thedenominator, theonly consistent
hypothesisto explain “object absent”is, of course,thenull
hypothesis.

4.3 The Model

For a given training image, �O� , we canwrite the proba-
bility densityfunctionmodelingthedataas:®#¯ � �� �]�  � ��¢ � ��¡ � ��£ � ° �®#¯ �I�� �]�< � ² ¢ � ��¡ � ��£ � ° ®#¯ ¢ � ² ¡ � �]£ � ° ®#¯ ¡ � ° ®#¯ £ � ° �
Theprobabilitydensityover thenumberof backgroundde-
tectionscanbemodeledby a Poisson4 distribution,®�¯ ¡ ° � �Ç«�È � �¾ «.É ¯�ÊË« °]Ì
ÍcÎ
Ï6Ð%Í �
where ÊÑ« is theaveragenumberof backgrounddetections
per image. Admitting a different ÊÑ« for every featureal-
lowsusto modeldifferentdetectorstatistics.

The binary vector £ encodesinformation aboutwhich
featureshavebeendetectedandwhichhavebeenmissedor
occluded.Thecorrespondingprobability, ®�¯ £ ° , is modeled
explicitely by a tableof size f � which equalsthe number
of possiblebinary vectorsof length � . If � is large, the
explicit probabilitytablemightbecomeunreasonablylarge.
In this casewe canassumeindependencebetweenthe fea-
turedetectorsandmodel ®�¯ £ ° by a productof independent
densities,®#¯ £ ° �ÓÒ �«�È � ®�¯�ª « ° . Thenumberof parameters
is reducedin thatcasefrom f � to � .

Thedensity®#¯ ¢ ² ¡;��£ ° is modeledby,®#¯ ¢ ² ¡;��£ ° �ÕÔ �Ö � Í�× � �-Ø ÍÍ ¢ÑÙ~ÚUÛ	 other ¢
whereÚUÛ denotesthesetof all hypothesesconsistentwith£ and ¡ , and Ü « denotesthe total numberof detections
of feature � . This expressesthe fact thatall consistenthy-
potheses,the numberof which is Ò � «�È � ÜIÝ Í« , areequally
likely in theabsenceof informationonthefeaturelocations.

Finally, weuse®�¯ � � �]�   ² ¢Þ��¡ ° � ®�ßáà�¯ � � �]�   ° ® Û à�¯ � Ý�â ° �
4Giventhatwearedealingwith adiscretesetof pixel locations,abino-

mial distribution might seemmorenatural. However, sincethe Gaussian
foregrounddensityis definedover acontinuumof partpositions,thePois-
sondistribution is thenaturalcounterpartfor thebackgroundprocess.



wherewedefinedã � � �  �ä asthecoordinatesof thehypothe-
sizedforegrounddetections(observedandmissing)and � ÝÀâasthe coordinatesof the backgrounddetections.The den-
sity ®�ßåà�¯ � � �]�   ° is modeledasa joint Gaussianwith meanæ andcovarianceç . The positionsof the backgroundde-
tectionsaremodeledby a uniformdensity,® Û à�¯ � ÝÀâ ° � �Ç«�È � �è Ì
Í �
where

è
is theareacoveredby theimage.Thisalsoconveys

our assumptionthat individual backgrounddetectionsare
independentof eachotherandof theforegrounddetections.

4.4 Learning

To estimatetheparametersof thegenerativemodel, é �� æ � ç � ®�¯ £ ° �Þê ¤ , we will usetheexpectationmaximiza-
tion (EM) algorithmto find theirmaximumlikelihood(ML)
solutions. The EM algorithmis particularlysuitedfor our
problemsincethevariables¡Þ�]£ë��¢ and �   areunobserved
and must be inferred from the observed data

� �
. In the

following we will omit referenceto the variables¡ and £
becausethey aresimple functionsof ¢ (seeprevious sec-
tion).

In standardìmÊ fashion,we attemptto maximizethe
log-likelihoodof theobserveddata,which is givenasí ¯ �G� ² é ° � �î �áÈ �Vïáð
ñ î ¶
òmó ®�¯ �I�� �]�< � ��¢ � ² é °?ô �< � �
Sincemaximizingsumsandintegralsof a logarithmis dif-
ficult in practice,we chooseto iteratively optimize a se-
quenceof costfunctions—againin standardìmÊ fashion:õ ¯öé\÷ ² éc÷ Ï � ° � �î �áÈ � ì�÷ Ï � ã ïáð
ñ ®�¯ � �� ���  � ��¢ � ² éc÷ ° ä �
where e countsiterationsand ì ÷ Ï � ã � ä denotesexpectation
with respectto the posteriordensity ®�¯ ¢ � ���  � ² � �� � é ÷ Ï � ° .
Formally, theE-stepamountsto thecalculationof this pos-
terior density(or certainsufficient statisticsthereof),while
theM-stepmaximizes

õ ¯öé\÷ ² é\÷ Ï � ° over é\÷ , giventhis pos-
terior densitywith parametersfrom the previous iteration,éc÷ Ï � . It canbeshown that theEM algorithmconvergesto
a local maximumof the log-likelihood. The respective M-
andE-stepsfor ourmodelareincludedin theappendix.

5 Experiments

We performedthreeexperimentsin orderto evaluatethe
performanceof the methodand, in particular, the ability
of the facedetectorsto generalizeto unseenviewing di-
rections. In the first experiment,we trainedthreemodels,

eachfor only oneparticularviewing direction(frontal,pro-
file andsemi-profile).In thesecondexperiment,threemod-
els were provided with training imagesfrom segmentsof
width ø
	
ù . Finally, we traineda singlemodelon theentire
quadrantfrom frontal to profileview.

Performancewasmeasuredin aclassificationtaskwhere
imageshadto be labeledaseithercontaininga faceor not
containinga face.

5.1 Training and TestImages

In order to producea large set of imageswith dif-
ferent but known head orientations, a sufficient num-
ber of subjects, as well as different, cluttered back-
grounds, we resorted to a synthetic blending of head
images with backgroundscenes. Subjects were pho-
tographedin front of a blue backgroundfacing � different
viewing directions( �s�úd
ù � 	
ù
¯ �Xûöü ð
ý&þCÿ
ï ° � ��d
ù ���O�O�V� �
	&ù\¯ �� ü ð � ï � ° � ��	&d
ù ). The backgroundwasthensubtractedfrom
the imageswhich were converted to grayscale;and the
backgroundwas replacedwith entirely white or black re-
gionsto producetrainingimages(seeFig. 4 top),aswell as
with randomscenesto producetestimages(seeFig. 4 bot-
tom). Fromthesamesetof backgroundscenesimageswere
selectedatrandomto serveasnegativeexamplesin theclas-
sificationtask.Overall,weusedimagesof f
f subjects.This
setwasdividedinto two non-overlapping,equallylargesets
for training andtesting. Four picturesweretaken of each
subjectateveryviewing direction.

Thesetof backgroundscenescontained��d\	 picturesof
landscapes,outdoorscenesof buildingsandcars,aswell as
indoor scenesof office andlaboratoryenvironments.This
setwasdividedinto two setsof �
d picturesfor trainingand
testing.

The resolutionof the training imageswassuchthat the
distancefrom top of theheadto chinspannedabout�
	 pix-
els.

5.2 Automatic FeatureSelection

Featureswere automaticallyselectedaccordingto the
proceduredescribedin Sec.3. The Förstnerinterestop-
eratorwasappliedto training imageswith blackandwhite
background,taken from the sameviewing direction(s)as
wereusedto subsequentlytrain themodel.

The ideaunderlyingthechoiceof pureblackandwhite
backgroundsis that points on the silhouetteof the face
mightbeusefulfeatures,if thereis areasonablechancethat
the faceis seen,at detectiontime, againsta fairly uniform
backgroundwhich is eitherdarkeror brighterthanthehead
itself. Sincewe usednormalizedcorrelation,it is only nec-
essarythatthebackgroundbeslightlydifferentin brightness
from thehead,sinceany differencein a local regionwill be
amplifiedthroughthenormalization.

We performedvectorquantizationon grayscalepatches
of size �
��� �
� pixels, cut out at the pointsof interest. A
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differentcodebookwasproducedfor everyexperiment,and
samplesareshown in Figure3.

5.3 Model Training

Theexperimentsdescribedherewerecarriedoutusinga
translationinvariantversionof the EM learningalgorithm.
The algorithm could have beenusedas describedabove,
but carewould have hadto betakento registerthetraining
images.

We initialized themodelconfigurationwith a small ran-
domly drawn set and estimatedthe model parametersby
runningEM on thedatafrom imageswith blackandwhite
backgrounds( f
f imagesperviewing directionwereused).
Asidefrom thefactthatblackandwhite backgroundswere
usedin thefeatureselectionstep,they areusedhereagain,
in order to avoid biasingthe model towardsbackgrounds
darkeror brighterthantheforeground.

Thenumberof featuresin all modelswaslimited to three
sincewe foundthat,duethelimited numberof trainingim-
ages,thelearningalgorithmwasoverfittingthetrainingdata
whenfour or morefeatureswereused.Evenwith threefea-
turemodels,thetrainingerrorwasoftencloseto zero,while
the test error was significantly larger. This indicatesthat
someoverfitting remainedandthat the amountof training
datawasnotsufficient to estimateall degreesof freedomof
the model. Reducingthe degreesof freedomby allowing
only diagonalcovariancematricesin the statisticalshape
modeldid not solve this problem.For a largersetof train-
ing images,we expectboth errorsto approacha common
limit, somewherebetweentheobservedtestandtraininger-
rors.

We foundtheEM algorithmto convergein ��	 - ��	
	 iter-
ations. Oneiterationtook about 	 � f secondsusinga Mat-
lab implementation.Theentiretrainingprocesstook about
threehourson a stateof theart PCand,on average,aboutf
d
	 modelconfigurationsweretried in the caseof a three
featuremodel.

5.4 PerformanceEvaluation

Ratherthanclassifyingevery imageby applyinga fixed
decisionthresholdaccordingto Equation1, we computed
receiver operatingcharacteristics(ROCs)basedon the ra-
tio of posteriorprobabilities. We determinedthe point on
the ROC curve correspondingto an equalfraction of mis-
classifiedforegroundandbackgroundimagesandusedthis
errorrateasa performancemeasure.Error ratesareshown
for differentviewing directionsin thetuningcurvesin Fig-
ure5.

Onecanobserve that themodelstrainedunderonly one
viewing direction have indeednarrow tuning characteris-
tics. Also, thesemodelsarenot superiorto morebroadly
trainedmodelswithin their designatedviewing range.This
suggeststhat a morediversetraining set is generallyben-
eficial. The modelstrainedover ø
	&ù segmentsshow the
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bestdetectionperformanceanda very goodgeneralization
capability. The likely reasonfor the somewhatdisappoint-
ing performanceof themodeltrainedon theentireviewing
rangeis that the learningalgorithmis not able to identify
consistentfeaturearrangementswell in a very diversedata
set.We have alsoobserveda tendency of theconfiguration
selectionstrategy to getstuckin localextremain this case.

The computationalrequirementsof our methodfor de-
tectionarerathersmall. Thebulk of theprocessingtime is
usedto filter the imageswith the featuretemplates,which
takesabout 	 � f secondsin Matlabfor three-featuremodels
andimagesof size ���
	��G��f
	 pixels.

Detectionresultsareillustratedin Figure6.

6 Discussionand Conclusion

The systemwe describeimprovesuponprevious work
on faceandheaddetectionon two counts. It is viewpoint
invariant,ratherthanrestrictedto frontal views of theface.
Furthermore,no direct supervisionis requiredfor training
thesystem,unlike previouswork whereanoperatorhadto
alignandnormalizethetrainingsetand/orclick onthemost
distinctive facial featuresof eachtrainingexample. More-
over: it detectsefficiently theheadamongstclutter(around
0.3 secondsper imageon a Pentium400MHz)andit is ro-
bustwith respectto occlusion.

Ourexperimentsindicatethatorientationinvariancemay
beachievedbothby combiningtheoutputof differentmod-
els that were trainedon specificviews, and by training a
single model on all views. Best performanceis achieved
by training on ø
	
ù viewpoint intervals,possiblyachieving
the optimumin a tradeoff betweennumberof training ex-
amplesandmodelspecificity. Performancein that caseis
above �
	�� whentrainingandtestingonheadsbelongingto
differentpeople.
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Many aspectsof thesystemaresusceptibleof improve-
ment.Thechoiceof thefeaturesis far from optimal: it may
be noticedin Figure 2 that a numberof featuresis edge-
like ratherthan corner-like indicating that our implemen-
tation of the Förstnerinterestoperatorin connectionwith
theclusteringmethodneedsto beimproved.Anotherissue
concerningfeatureselection:it shouldnotberestrictedto a
singlescalebut ratherfeaturesshouldbechosenatmultiple
scalesof resolutionin orderto incorporatebothfine details
andcoarse‘lowpass’aspectsof the face. On model train-
ing: ourgreedyalgorithmis notnecessarilyoptimal.Lastly,
it is likely thattheperformanceof thesystemwould further
improve if moreandmorediversetraining exampleswere
used.

A M-step and E-step

Taking thederivative of
õ ¯Àé ÷ ² é ÷ Ï � ° with respectto the

parametersæ � ç � ®#¯ £ ° �yê andequatingthis to zeropro-
ducesthefollowing updaterules,æ ÷ � �Ü �î �áÈ � ì�÷ Ï � ã �
� ä �ç ÷ � �Ü �î �áÈ � ì ÷ Ï � ã � � ���� ä � æ ÷ æ � ÷ �® ÷ ¯� £ ° � �Ü �î �áÈ � ì ÷ Ï � ã ! Û#"%$Û ä �ê ÷ � �Ü �î �áÈ � ì�÷ Ï � ã ¡ � ä �
where � � � ¯ � � �   ° and ì�÷ Ï � ã � ä denotes taking
the expectation with respect to the posterior density®#¯ ¢ � ���  � ² � �� � é\÷ Ï � ° . Theseupdaterulesconstitutethe M-
step.TheE-stepamountsto thecalulationof thesufficient
statisticsìUã �
� ä � ìUã �
�&�
� ä � ìUã ! Û'" $Û ä and ìUã ¡ � ä . Theposterior
densityis givenby,®�¯ ¢ � ���< � ² �I�� � é ° � ®�¯ ¢ � ���  � � � �� ² é °´ ¶ ( ®#¯ ¢ � �]�  � � � �� ² é °Vô �  � �
whereweomittedagainthedependenceon £ ¯ ¢ ° and ¡ ¯ ¢ ° .
Thedenominatorin theexpressionabove, ®�¯ � �� ° , is calcu-
latedasfollows. Choosea hypothesisconsistentwith the
observed data. Integrateout the missingdatain that hy-
posthesis5. Calculate£ ¯ ¢ ° and ¡ ¯ ¢ ° andinsert theminto
thejoint density. Now repeatthis operation,summingover
all possiblehypothesis.The expectationsof the statistics
are calculatedin a similar fashion. ìUã ! Û'" $Û ä is calculated

5Integratingout dimensionsof a Gaussianis simply doneby deleting
themeansandcovariancesof thosedimensions

by summingonly over thosehypothesesconsistentwith  £
in the numeratoranddividing by ®�¯ � �� ° . Similarly, ìUã ¡ � ä
is calculatedby averaging ¡ ¯ ¢ ° over all hypotheses.ForìUã � ä � ¯ � � ìUã �   ä ° we need

ó �  *) ¯+� ² æ �-, °vô �   � æ  /. ç   � ç ���cÏ � ¯ � � � æ � ° �
wherewe definedæ � ¯ æ � æ   ° anda similar decomposi-
tion for ç . For thecalculationof ìUã ��� � ä we needin addi-
tion to theaboveequationthefollowing resultìUã �< ��<  � ä � ç  y  �|ç   � ç �C�úÏ � ç   � � . ìLã �<  ä ìLã �<  ä � �
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