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Abstract

We presenta methodo learn modelsof humanheadsfor
the purposeof detectionfrom different viewing angles.We
focuson a modelwhele objectsare representeds constel-
lations of rigid featutes(parts). Variability is represented
by a joint probability densityfunction(pdf) on the shapeof
theconstellation.In a first stage, the methodautomatically
identifiesdistinctivefeaturesin thetraining setusinganin-
terestopemator followedby vectorquantization. The setof
modelparametes, including the shapepdf, is thenlearned
using expectationmaximization. Experimentsshowgood
genealizationperformanceo novel viewpointsandunseen
faces.Performanceas above 90% correctwith lessthan1s
computatiortime perimage.

1 Intr oduction and Related Work

The humanheadandfacearethe mostvaluableobjects
thata computenision systemmay detect trackandrecog-
nize. Amongstthesetasks,detectionis perhapsthe most
challengingwhile recognitionandtrackinghave registered
considerablerogresduring the last decadedetectionhas
sofareludedtheefforts of computewnisionresearcherslhe
main sourceof hopecomesfrom observingthe humanvi-
sualsystemjt candetectreliably andquickly humanheads
in clutter: independenthyof scale,viewpoint, in a large va-
riety of lighting conditions androbustly with respecto oc-
clusion.

A numberof studieshave addressedetectionin simpli-
fied scenarios:Sungand Poggio[8], Baluja, Rowley and
Kanade[5], have proposedneural-network approacheso
detectingunoccludedrontal views of the face. Schneider
manandKanade[7] have proposedan approachbasedon
histogramsof featuredetectorsto addresshe sameprob-
lem. Burl, Leung, Weberand Perona[1] additionally ad-
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dressthe issueof occlusion. All thesesystemsusesuper

visedtraining wherethe training examplesare normalized
andalignedby hand. In the systemby Burl etal. anoper

atorindicatesthe main featuresof the facesby clicking on

themwith amouse.

It is difficult to asses&nd comparethe performanceof
thesesystemssinceno commonbenchmarlexists. Baluja
et al. madetheir systemavailablefor testingon the inter-
net [6]. On realistic datasetghe detectionratesof these
systemss above 80% of frontally viewed faceswith false
alarmratesin therangeof 0 — 10 in clutter The computa-
tional time is implementation-dependeahdrangesrom 1
to 100 secondgerimage. Training on large datasetsang-
ing from 102 to 10* imagesis required.

We addresserethe problemof detectinghumanheads
in clutteridependentlyof their orientationaroundthe verti-
calaxis. We seekto achievethisinvariancewhile preserving
therobustnesso occlusionof Burl etal. andthe mild train-
ing supervisiorrequiredoy the neural-netwrk approaches.
Our starting point is the schemeproposedby Burl et al.
whichwe extendalongtwo directions:(a) we obtainview-
pointinvarianceusingtwo distinctmethodsztraininga sin-
gle detectoron multiple views, andcombiningthe outputof
multiple detectordrainedondifferentviews, (b) we wealen
the training paradigmrequiring no image normalization,
registrationor manualdetectionof features: We develop
ideasfor automatidfeatureselectionandshaperaining.

2 Overview of the Approach

We model object classedollowing the work of Burl et
al. [1]. An objectis composedf parts and shape where
parts are image patcheswvhich may be detectedand char
acterizecby appropriatedetectorsandshapedescribeghe
geometryof the mutual position of the partsin a way that
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Figure 1. Overview of our method

is invariantwith respecto rigid and,possibly affine trans-
formations[4]. A joint probability densityon partappear

anceandshapemodelsthe objectclass.Objectdetectionis

performedby first runningpartdetectorsontheimage,thus
obtainingasetof candidatgartlocations.Thesecondstage
consistof forming likely objecthypotheses, e. constella-
tions of appropriatdeatureqe.g. eyes,nose,mouth,ears);
both completeand partial constellationsare consideredin

orderto allow for partialocclusion.Thethird stageconsists
of usingthe objectsjoint probability densityfor eithercal-

culatingthe likelihoodthat ary hypothesisarisesfrom an

object(objectdetection)or thelik elihoodthatonespecific
hypothesisrisesfrom anobject(objectlocalization).In or-

derto train a modelwe needto decideon the key partsof

the object, identify thosepartsin the training imagesand
estimatethe joint probability densityfunction on part ap-

pearance&ndshape.The methodwe presenhereperforms
all threestepsautomatically A block diagramis shovn in

Fig. 1.

Our techniquefor selectingpotentiallyinformative fea-
tures/rgionsis composeaf two stepsfirst highly textured
regionsare detectedn the training imagesby meansof a
standardnterestopeator or keypoint detector The num-
ber of thosepotentialfeaturesis thenreducedin an unsu-
pervisedclusteringstep.Appropriatefeaturedetectorsmay
betrainedusingtheresultingclusters.

The secondstepof our proposedmodel learningalgo-
rithm simultaneouslyestimatesvhich onesof the features
actually are the mostinformative, and what is the proba-
bilistic descriptiorof theconstellatiorthatthey tendto form
whenthey areassociatedo anobjectof interest. This pro-
cesgequiredteratingfour operations{a) choosingatenta-
tive modelstructur, i.e. thecollectionof featureqor parts)
that are associatedo the object, (b) establishinga corre-
spondenceébetweenhomologousparts acrossthe training
set,andsimultaneousljabellingas‘background’or ‘noise’
all partsthatarenot putin suchcorrespondencéc) estimat-
ing thejoint modelprobability densityfrom sucha labelled
trainingset,(d) assessinthe performancef suchamodel.

In our method,operationgb) and (c) are performedonly
implicitly in a“soft” way, usingexpectationmaximization

The bestperformingmodelgeneratedn suchfashionis
in theendselectedas“the model”.

Outline of the Paper

In Section3 we discussour feature selectionprocedure
basednvectorquantization Sectiord introducegheprob-
abilistic model, explainsMAP classificationand discusses
how the EM algorithmis usedto learnthemodelparameters
from exampleimages.In Section5 we reporton theresults
of experimentsthat testthe ability of the modelto gener
alize to unseenviewing angles. The appendixcompletes
the theorywith somedetailedformulasof the learningal-
gorithm.

3 Automatic Feature Selection

The problemof selectingdistinctive and well localize-
ablefeaturesis intimately relatedto the methodchosento
detectthesefeatures. Sincewe needto evaluatea large
numberof potentialfeaturesandthus,detectorsye settled
onnormalizedcorrelationasfeaturedetectiormethod.Fur-
thermore extensie experimentdeadusto believe thatthis
method offers comparableperformanceover mary more
elaboratedetectionmethods.

With correlationbasedietectiongvery patternin asmall
neighborhoodn the training imagesdefinesa featurede-
tector The purposeof the proceduredescribedhereis to
reducethis potentiallyhugesetof featureso a reasonable
numbersuchthatthemodellearningalgorithmdescribedn
the next sectioncanthenselecta few mostusefulfeatures.
We useatwo-stepprocedurgo accomplistthis.

In thefirst step,we identify pointsof interestin thetrain-
ing images(seeFig. 2). Thisis doneusingthe interestop-
eratorproposedy Forstnerin [3], which is capableof de-
tectingcornerpoints,intersectionof two or morelines,as
well ascenterpointsof circular patterns.Thesepatternare



Figure 2. Points of interest identified on a hu-
man head using Fdorstner’s method. Crosses
denote corner-type patterns while circles mark
circle-type patterns.

easyto localize,sincetheinterestoperatorassureshatthey
containpointsof largeimagegradientsn morethanonedi-
rection. This stepproducesabout50 featurecandidateper
trainingimage.

A significantreductionof the numberof featurescanbe
achievedby the secondstepof the selectionprocessyhich

consistsan performingvectorquantizationon the patterns.

To thisend,we useastandard:-meansclusteringalgorithm
[2], which we tunedto producea setof about100-150 pat-
terns.

In orderto further eliminate redundanciesywe remove
patternswhich are simlilar to othersafter a shift of up to
two pixelsin anarbitrarydirection.

Duetotherestrictionto pointsof interestandthefactthat
the training imagescontainonly humanheadsthe pattern
setexhibitsinterestingstructure ascanbe seenn Figure3.
The patternsshavn representhe centersof the respectie
clustersandareobtainedasaverageof about20-500 orig-
inal patterns Sincewe segmentthe headsrom thetraining

imagesandoverlay themon white andblack backgrounds,

the mostcommonpatternsare simple cornerswhich stem
mostly from the silhouetteof the heads.But onecanalso
readily identify true facial featuressuchas eyes, nostrils,
earlobesmouthcornersandsoforth.

4 Model Training

In orderto train an objectmodelwe needto solve two
problems. Firstly, we needto decideon a small subsetof
the selectedeaturesto be usedaspartsin the model, i.e.
definethe modelconfigumation. Secondlywe needto learn
the parametersf the statisticalpartof the model. Thefirst
problemis solved in an outerloop throughoutwhich dif-
ferentpromisingconfigurationsare evaluated. The model
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Figure 3. An example of a set of patterns ob-
tained using k-means clustering (vector quan-
tization) of small image patches. The left set
was obtianed from frontal views, the right one
from semi-profile views.

parameterare estimatedvithin the loop usingexpectation
maximization([EM). After eachiteration,the detectionper
formanceof the modelis evaluatedusinga validationdata
set(disjoint from the testset). Basedon the performance,
afeaturein the configurationrmight be exchangedagainsta
morepromisingone.

In the remainderof this sectionwe discussthe problem
of estimatingthe parameter®f the statisticalobjectclass
model,givenafixedmodelconfiguration.

We assumehatwe have at our disposalT’ trainingim-
ages,identified by subscripts . We first apply all feature
detector=of the given configurationto the training images
and retain only the positionsat which the detectorshave
maximal responsg(locally). The only training data ex-
tractedfrom the imagesare thesecandidatelocations In
orderto achieve a high recognitionperformancewe then
optimizefor themaximumniikelihoodfit of our objectmodel
to thetrainingdata,usingthe EM algorithm.

4.1 Notation

We assumehat a modelconfiguration,comprisedof F'
featureshasbeenchosent As a simplification, we derive
the learningalgorithmfor a Gaussiandensity of part po-
sitionsin the image. The necessarghangedo obtainthe
translationinvariant versionusedin the experimentsare
minor.?

All information extractedfrom a training image, I;, is

1Althoughan objectcould,in principle, exhibit several featuresof the
sametype,we assumdor now, thatevery detectoiis includedin themodel
atmostonce,to avoid furthercomplicationof the notation. The extension
to multiple featuresof the sametypeis straightforvard.

2This is dueto the fact that switchingto a representationvherefea-
ture positionsaredescribedelative to a referenceeatureinvolvesonly a
lineartransformatiorandthereis thusno needto departfrom the classof
Gaussiarpdf's.



representedh the following “matrix” of featurecandidate
positions,
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wherethe superscripto’ indicatesthat thesepositionsare
obsenedin the image,asopposedo beingunobseredor
missing whichwill beindicatedby ‘m’. Thus,the ft" row
containsthe (two-dimensional)locationsof detectionsof
featuretype f.

We will usethe following randomvariables which rep-
resenteitherobsenedor hiddeninformationin images,

D, = {Xz?7x£naniahiabi}-

The entire set, X?, of featurecandidatescan be divided
into candidateswvhich are the true featuresof the object
(theforeground andnoisefeaturescomingfrom the badk-
ground This non-obsereablefactis cornveyedby theran-
dom variable h, a setof indices, which is also called a
hypothesis—for reasonsto becomeevident later  Thus,
h; = 3, j > 0, meanghatpoint z;; is aforegroundpoint.
If thetrue objectfeatureshasbheenmissedaltogetheiby the
correspondingletector the correcthypothesiswill have a
zero-entryat this position. We denoteby b a binary vec-
tor which hasentryb; = 1if hy > 0 andzerootherwise,
indicating whetherthe relevant featureis hypothesizedo
be detected1) or not (0). The positionsof the missed(or
occluded¥oregroundfeaturesarerepresentetly a separate
vectorx™. The dimensionof x™ variesbetween0 and F’
dependingnthe numberof unobseredfeaturesFinally n
denoteghe numberof backgroundietections’

All variables,exceptX°, arehiddenfrom direct obser
vation.

4.2 Classification

For theexperimentsn this paperour objectiveis to clas-
sify imagesinto the classes’head present’(classC;) and
“headabsent’(classCy). Givenaprobabilitydensityfor the
obsened data, p(X°), the optimal decision—minimizing
the total error probability—is madeby choosingthe class
which hasthe maximuma posterioriprobability (MAP ap-
proach,seee.g.[2]). It is thereforecorvenientto consider
thefollowing ratio,

p(C1]X?)
p(Co| X?)

Zh p(Xoa hlcl)
p(X°,hg|Co)

(1)

3Althoughthis representatiois redundantb is entirelydeterminedy
h while n is obtainedirom h andthetotal numberof detectionsN), it al-
lows usto putthepartsof theprobabilisticmodelinto correspondencsith
the underlyingphysicalprocesseswhile accuratelyreflectingthe natural
dependencielsetweertherandomvariables.

wherehg denoteghenull hypothesisvhich explainsall fea-
turesasbackgrounadoise.For corvenienceye omittedthe
variablesb = sign(h) (with sign(0) = 0) andn = N —b,
which arefunctionsof h. Noticethattheratio ggg;g canbe
absorbednto a decisionthreshold.The sumin the numer
ator includesall hypothesisjncluding the null hypothesis,
sincethe objectcould be presentout remainundetectedy
ary featuredetector In thedenominatortheonly consistent
hypothesigo explain “object absent’is, of course the null
hypothesis.

4.3 The Model

For a giventrainingimage, I;, we canwrite the proba-
bility densityfunctionmodelingthe dataas:

p(sz7X;n7 hia niybi) =
p(X7,x{"|h;, n;, b;) p(hi|n;, b;) p(n;) p(b;).

The probability densityover the numberof backgroundie-
tectionscanbe modeledby a Poissofi distribution,

Lo

p(n) = H — (My)™e M,
F=1 Ny

whereM; is the averagenumberof backgroundietections
perimage. Admitting a different M for every featureal-
lows usto modeldifferentdetectorstatistics.

The binary vectorb encodesnformation aboutwhich
featureshave beendetectecandwhich have beenmissedor
occluded.The correspondingrobability, p(b), is modeled
explicitely by a table of size 2¥ which equalsthe number
of possiblebinary vectorsof length F'. If F' is large, the
explicit probabilitytablemightbecomeunreasonabliarge.
In this casewe canassumeéndependencbetweerthe fea-
ture detectorandmodelp(b) by a productof independent
densitiesp(b) = Hf;l p(bs). Thenumberof parameters
is reducedn thatcasefrom 2F to F.

Thedensityp(h|n, b) is modeledby,

— 1 heH
p(hjn,b) = TI5_ N/
0 otherh

where?y, denoteghe setof all hypothesesonsistentvith

b andn, and N; denotesthe total numberof detections

of featuref. This expresseshe factthatall consistenty-

pothesesthe numberof which is H?:l N]'Zf, are equally

likely in theabsencef informationonthefeaturelocations.
Finally, we use

p(Xo7 Xmlh) Il) = pfg(X07 Xm) pbg(xbg)7

4Giventhatwe aredealingwith adiscretesetof pixel locations,abino-
mial distribution might seemmore natural. However, sincethe Gaussian
foregrounddensityis definedover a continuumof partpositionsthe Pois-
sondistributionis the naturalcounterparfor the backgroundrocess.



wherewe definedx° x™] asthecoordinate®f thehypothe-
sizedforegrounddetectiongobsenedandmissing)andxs,
asthe coordinatef the backgroundietections.The den-
Sity pge(x°,x™) is modeledasajoint Gaussiarwith mean
p andcovarianceX. The positionsof the backgroundde-
tectionsaremodeledby a uniform density

oo
Pog(Xpg) = H ok
f=1

whereA istheareacoveredby theimage.Thisalsocorveys
our assumptiorthat individual backgrounddetectionsare

independenof eachotherandof theforegrounddetections.

4.4 Learning

To estimatethe parametersf thegeneratre model,§ =
{p, £, p(b), M}, wewill usethe expectationmaximiza-
tion (EM) algorithmto find theirmaximumlik elihood(ML)
solutions. The EM algorithmis particularly suitedfor our
problemsincethevariablesn, b, h andx™ areunobsered
and must be inferred from the obsened data X°. In the
following we will omit referenceto the variablesn andb
becausehey are simplefunctionsof h (seeprevious sec-
tion).

In standardE M fashion,we attemptto maximizethe
log-likelihoodof the obseneddata,whichis givenas

N
LX) = 3o 10g Y [ p(X? P hil6)
i=1 h;

Sincemaximizingsumsandintegralsof a logarithmis dif-
ficult in practice,we chooseto iteratively optimize a se-
guenceof costfunctions—agairin standard® M fashion:

N
Q(0k|0k—1) = Ep_1[log p(X7, %7, hy|64)],
i=1

wherek countsiterationsand Ej,_,[.] denotesexpectation
with respectto the posteriordensityp(h;, xJ*|X?, 05—_1).

Formally, the E-stepamountso the calculationof this pos-
terior density(or certainsufficient statisticsthereof),while

the M-stepmaximizesQ (6 |0x—1) over 6y, giventhis pos-
terior densitywith parametergrom the previousiteration,
0r—1. It canbe shown thatthe EM algorithmcorvergesto

a local maximumof the log-likelihood. The respectre M-

andE-stepdor our modelareincludedin theappendix.

5 Experiments

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

eachfor only oneparticularviewing direction(frontal, pro-
file andsemi-profile).In the secondexperiment threemod-
els were provided with training imagesfrom segmentsof
width 30°. Finally, we traineda singlemodelon the entire
guadranfrom frontalto profile view.

Performancevasmeasuredh aclassificatiortaskwhere
imageshadto be labeledaseithercontaininga faceor not
containingaface.

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 resortedto a synthetic blending of head
images with backgroundscenes. Subjectswere pho-
tographedn front of a blue backgroundacing9 different
viewing directions(—15°,0°(= frontal), 15°,...,90°(=
profile), 105°). The backgroundvasthensubtractedrom
the imageswhich were corvertedto grayscale;and the
backgroundwas replacedwith entirely white or black re-
gionsto producetrainingimages(seeFig. 4 top), aswell as
with randomscenego producetestimages(seeFig. 4 bot-
tom). Fromthesamesetof backgroundcenesmagesvere
selectecitrandonmto sene asnegative exampledn theclas-
sificationtask. Overall, we usedmagef 22 subjectsThis
setwasdividedinto two non-overlapping equallylargesets
for training andtesting. Four picturesweretaken of each
subjectat every viewing direction.

The setof backgroundscenesontainedl 50 picturesof
landscapesyutdoorscene®f buildingsandcars,aswell as
indoor scenesf office andlaboratoryervironments. This
setwasdividedinto two setsof 75 picturesfor trainingand
testing.

The resolutionof the trainingimageswas suchthat the
distancefrom top of the headto chin spannedibout80 pix-
els.

5.2 Automatic Feature Selection

Featureswere automaticallyselectedaccordingto the
proceduredescribedin Sec.3. The Forstnerinterestop-
eratorwasappliedto trainingimageswith blackandwhite
backgroundtaken from the sameviewing direction(s)as
wereusedto subsequentlyrain the model.

The ideaunderlyingthe choiceof pureblackandwhite
backgroundss that points on the silhouetteof the face
mightbeusefulfeaturesif thereis areasonablehancehat
the faceis seen,at detectiontime, againsta fairly uniform
backgroundvhichis eitherdarker or brighterthanthe head
itself. Sincewe usednormalizedcorrelation,it is only nec-
essarythatthebackgroundeslightly differentin brightness
from thehead sinceary differencein alocal regionwill be
amplifiedthroughthe normalization.

We performedvectorquantizationon grayscalgpatches
of size11 x 11 pixels, cut out at the points of interest. A



Figure 4. Examples from the image database.
Training images (top), background test im-
ages (center) and faces synthetically blended
into different backgrounds (bottom) are shown.
The latter were used for testing and validation.

differentcodebookwasproducedor everyexperimentand
samplesareshown in Figure3.

5.3 Model Training

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

We initialized the modelconfigurationwith a smallran-
domly drawn set and estimatedthe model parametersdy
runningEM on the datafrom imageswith blackandwhite
background¢22 imagesperviewing directionwere used).
Asidefrom thefactthatblackandwhite backgroundsvere
usedin thefeatureselectionstep,they areusedhereagain,
in orderto avoid biasingthe model towardsbackgrounds
darker or brighterthantheforeground.

Thenumberof featuresn all modelswaslimited to three
sincewe foundthat,duethelimited numberof trainingim-
agesthelearningalgorithmwasoverfittingthetrainingdata
whenfour or morefeaturesvereused.Evenwith threefea-
turemodels thetrainingerrorwasoftencloseto zero,while
the testerror was significantly larger  This indicatesthat
someoverfitting remainedand that the amountof training
datawasnot sufficientto estimateall degreesof freedomof
the model. Reducingthe degreesof freedomby allowing
only diagonalcovariancematricesin the statisticalshape
modeldid not solve this problem. For a larger setof train-
ing images,we expectboth errorsto approacha common
limit, somavherebetweerthe obsenedtestandtraininger
rors.

We foundthe EM algorithmto corvergein 10-100 iter-
ations. Oneiterationtook about0.2 secondsising a Mat-
lab implementation.The entiretraining procesgook about
threehourson a stateof the art PC and,on average about
250 modelconfigurationswveretried in the caseof a three
featuremodel.

5.4 Performance Evaluation

Ratherthanclassifyingevery imageby applyinga fixed
decisionthresholdaccordingto Equationl, we computed
recever operatingcharacteristic§ROCs) basedon the ra-
tio of posteriorprobabilities. We determinedhe point on
the ROC curve correspondingo an equalfraction of mis-
classifiedforegroundandbackgroundmagesandusedthis
errorrateasa performancaneasure Error ratesareshavn
for differentviewing directionsin the tuning curvesin Fig-
ure5.

Onecanobsenre thatthe modelstrainedunderonly one
viewing direction have indeednarraov tuning characteris-
tics. Also, thesemodelsare not superiorto more broadly
trainedmodelswithin their designatediiewing range.This
suggestghat a more diversetraining setis generallyben-
eficial. The modelstrainedover 30° seggmentsshav the
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bestdetectionperformanceanda very goodgeneralization
capability Thelikely reasorfor the somavhatdisappoint-
ing performanceof the modeltrainedon the entireviewing
rangeis that the learningalgorithmis not able to identify
consistenfeaturearrangementwell in a very diversedata
set. We have alsoobseneda tendeng of the configuration
selectionstratey to getstuckin local extremain this case.
The computationarequirement®f our methodfor de-
tectionarerathersmall. The bulk of the processindime is
usedto filter theimageswith the featuretemplateswhich
takesabout0.2 secondsn Matlabfor three-featurenodels
andimagesof size160 x 120 pixels.
Detectionresultsareillustratedin Figure6.

6 Discussionand Conclusion

The systemwe describeimproves upon previous work
on faceand headdetectionon two counts. It is viewpoint
invariant,ratherthanrestrictedto frontal views of theface.
Furthermoreno direct supervisionis requiredfor training
the system unlike previouswork wherean operatoradto
alignandnormalizethetrainingsetand/orclick onthemost
distinctive facial featuresof eachtraining example. More-
over: it detectsefficiently the headamongstlutter (around
0.3 secondperimageon a Pentium400MHz) andit is ro-
bustwith respecto occlusion.

Ourexperimentdndicatethatorientationinvariancemay
beachievedbothby combiningthe outputof differentmod-
els that were trained on specificviews, and by training a
single modelon all views. Bestperformances achieved
by training on 30° viewpoint intervals, possiblyachiesing
the optimumin a tradeof betweennumberof training ex-
amplesand model specificity Performancen that caseis
above 90% whentrainingandtestingon headsielongingto
differentpeople.

Figure 6. Examples of correctly and incorrectly
classified images for models trained on 0° (left),

45° (center), and 90° (right) views. Models
are comprised of three features. Feature can-
didates are labeled accordingly with three dif-
ferent markers. Markersize indicates the prob-
ability of a feature candidate to correspond to
the foreground object. This information can be
used to locate the heads. Classification errors
result mostly from failure to detect enough fea-
tures, due to large tilt/slant or scale difference.



Many aspectof the systemare susceptibleof improve-
ment. Thechoiceof thefeatureds far from optimal: it may
be noticedin Figure 2 that a numberof featuresis edge-
like ratherthan cornerlik e indicating that our implemen-
tation of the Forstnerinterestoperatorin connectionwith
the clusteringmethodneedso beimproved. Anotherissue
concerningeatureselection:it shouldnot berestrictedo a
singlescalebut ratherfeaturesshouldbe choserat multiple
scalesof resolutionin orderto incorporatebothfine details
andcoarse'lowpass’aspectof the face. On modeltrain-
ing: ourgreedyalgorithmis notnecessarilpptimal. Lastly,
it is likely thatthe performancef the systemwould further
improve if more and more diversetraining exampleswere
used.

A M-step and E-step

Taking the derivative of Q(6|0x—1) with respecto the
parameterg:;, 3, p(b), M andequatingthis to zeropro-
ducesgthefollowing updaterules,

1 N
AT Z By [zi]7
N i=1

Br =
1 N
Y = N;Ek—1[ziz;fr]—ﬂkﬂkTa
_ 1 X
pe(b) = N;Ekfl[%,s],
1 N
M, = NZEk—l[ni];
i=1
where zT = (x° x™) and Ej_1[] denotestaking

the expectation with respectto the posterior density
p(h;, x| X?,0,_1). Theseupdaterulesconstitutethe M-

step. The E-stepamountgo the calulationof the sufficient
statisticsE|z;], E[z;z;], E[dy, 5] andE[n;]. The posterior
densityis givenby,

_ p(hiaxzmaXio|6)
o S p(hi,x7", X2|0) dxi*

wherewe omittedagainthe dependencenb(h) andn(h).
Thedenominatoin the expressiorabore, p(X?), is calcu-
lated asfollows. Choosea hypothesisconsistentwith the
obsened data. Integrate out the missingdatain that hy-
posthesid Calculateb(h) andn(h) andinserttheminto
thejoint density Now repeatthis operation summingover
all possiblehypothesis. The expectationsof the statistics
are calculatedin a similar fashion. E[dy, 3] is calculated

p(hiaX?L'Xz?ao)

SIntegrating out dimensionsof a Gaussiaris simply doneby deleting
themeansandcovariancef thosedimensions

by summingonly over thosehypothesesonsistenwith b
in the numeratoranddividing by p(X?). Similarly, E[n;]
is calculatedby averagingn(h) over all hypotheses.For
E[z] = (x° E[x™]) weneed

/ X™ Gzl o) dx™ = p™ + TR0 (x0 — ),

wherewe definedy = (u° p™) anda similar decomposi-
tion for X. For the calculationof E[zz”] we needin addi-
tion to theabove equatiorthefollowing result

E[xmme] — yymm _ Em0200712m0T +E[Xm]E[Xm]T.
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