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Abstract

A majorchallengefor facerecognitionalgorithmslies in
thevariancefacesundergowhilechangingpose. Thisprob-
lemis typicallyaddressedbybuilding view dependentmod-
elsbasedon faceimagestakenfrompredefinedheadposes.
However, it is impossibleto determineall headposesbe-
forehandin anunrestrictedsettingsuch asa meetingroom,
where peoplecan move and interact freely. In this paper
wepresentan approach to poseinvariant facerecognition.
WeemployGaussianmixturemodelsto characterizehuman
facesand modelposevariancewith different numbers of
mixture components.Theoptimalnumberof mixture com-
ponentsfor eachpersonisautomaticallylearnedfromtrain-
ing databy growing themixture models.Theproposedal-
gorithmis testedon real datarecordedin a meetingroom.
Theexperimentalresultsindicatethat thenew methodout-
performsstandard eigenfaceand Gaussianmixture model
approaches.Our algorithmachievedasmuch as42%error
reductioncomparedto thestandard eigenfaceapproach on
thesametestdata.

1 Introduction

While significant progresshas been made with face
recognitionsystemsin the last decade[11], the applica-
tion areasarestill severelylimited. Mosteffortsconcentrate
on the“Facein theCrowd” problemwherea probefaceis
matchedagainsta potentiallyhugegalleryof known faces.
Theinput imagesareusuallyof highqualitywith controlled
lighting conditionsdisplayingfacesin a restrictednumber
of views. While thegalleriescontainfacesof thousandsof
differentpeople,individual modelsareusuallybuilt using
only a few pictures.Only recentlyresearchershave begun
to work onsystemsto identify peoplefrom videosequences
[7, 9]. Asidefrom theincreasedcomputationaldemandsof

a real-timesystem,this taskis challengingdueto thevari-
ancecreatedby the interactionof peoplewith eachother
andthe surroundingenvironment.We areinterestedin the
specificcontext of a meetingroomfor which we developed
a novel facerecognitionalgorithm[6]. In this work we ad-
dressthe problemof poseinvariant facerecognition. We
proposea new algorithm for the controlledgrowing of a
GaussianMixture Model (GMM) which usesinput images
labeledwith only thefaceidentity. Thealgorithmlearnsthe
optimalnumberof mixturecomponentsautomaticallyfrom
trainingdata.

The remainderof the paperis structuredasfollows. In
Section2 wegiveanoverview of themeetingroomenviron-
ment.Section3 introducesthealgorithmusedto build face
modelsof themeetingparticipants.Section4 describesthe
databaseof faceimagescollectedin our meetingroomand
theresultsof our experiments.Section5 concludeswith a
summaryof thepresentedwork.

2 Meeting Room Environment

At the Interactive SystemsLabs we are developing a
multimodalmeetingarea[5] to continuouslytrack,capture
andintegratethe importantaspectsof a meetingusingthe
JANUS speechrecognizerandamultimodalpersonidentifi-
cationmodule[13]. Theidentityof ameetingparticipantis
currentlydeterminedusingspeaker identificationandcolor
appearanceidentification. We expectthat we canincrease
therobustnessof thepersonidentificationsystemby adding
facerecognition.

The automaticrecognitionof facesconstitutesa partic-
ularly challengingpatternrecognitiontask. This is dueto
the substantialchangesin appearancefacesundergo with
different illumination, orientation,scaleandfacial expres-
sions. The possibilitiesof restrictingthis variancein our
meetingroom arelimited sincewe do not want to instruct
themeetingparticipantsto follow a specificbehavior. The
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taskof performingcontinuousfacerecognitionin a room
with morethanonepersoncreatesa numberof challenges:

� Low quality video input
Given a set numberof camerasin fixed locations,a
wideviewing anglehasto beusedin orderto coverthe
whole scene.This resultsin relatively low resolution
imagesof thefaces.

� Illumination
Dependingon theheadposeandthepositionof a per-
sonrelative to theoverheadlights, the illumination of
thefacechangesdramatically.

� Unrestricted head pose and changing facial expres-
sions
Givenby thedynamicnatureof a meetingalmostany
naturalheadposeand facial expressioncanandwill
occur.

� Occlusion
Peopleconstantlymove their headsandhandsduring
a meeting. This may result in part or the whole face
beingobstructedby a hand,a pieceof paperor other
objectsat times.

Comparedwith the remarkablehumanperformancein
recognizingfacesfrom pictures[14] it is surprisingto note
thathumansstruggleto identify peopleonlow qualityvideo
if they arenot familiarwith thefacesthey aregivento iden-
tify [2].

3 Growing Gaussian Mixture Models

3.1 PCA Based Face Recognition

Amongthenumerousfacerecognitionalgorithmsintro-
ducedin recentyears,theeigenfaceapproachproposedby
Turk andPentland[12] is oneof themostinfluentialones.
A faceimage,if interpretedasa vector, definesa point in
a high dimensionalspace. Different faceimagessharea
numberof similarities with eachother, so the points rep-
resentingtheseimagesarenot randomlydistributedin the
imagespace.Thekey ideaof the recognitionprocessis to
mapthefaceimagesinto anappropriatelychosenlowerdi-
mensionalsubspaceandperformclassificationby distance
computation.If we restrictourselvesto a lineardimension-
ality reduction,theoptimalsolutionis providedby principal
componentanalysis[1]. The basisfunctionsof the lower
dimensional“f acespace”areformedby theeigenvectorsof
the covariancematrix of the setof training imagescorre-
spondingto the largesteigenvalues. In the context of face
recognitiontheseeigenvectorsarecalled“eigenfaces”.

3.2 Pose Invariant Face Recognition

The eigenfaceapproachworks reasonablywell only in
‘mugshot’ settingswhere the input spaceis restrictedto
frontal faceimages. An extensionby Pentlandet. al [10]
dealswith theproblemof multiple headposesby building
separateeigenspacesfor ninedifferentviews. In therecog-
nition stagethey first determinethesubspacewhich is most
representative for the test imageand thenfind the closest
matchbetweenthis imageanda model in the chosensub-
space.

A different approachwas proposedby Graham and
Allinson [4]. They built a commoneigenspacefrom faces
of all views andobserved that a facewhich continuously
changesposebetweenthetwo profileviewsformsaconvex
curve in the subspace.Using a radial basisfunction net-
work they wereableto exploit this factandrecognizefaces
in previouslyunseenviews.

Cooteset. al [3] proposedActive AppearanceModels,
which combineshapeandgray-level appearance.During
localizationagenericfacemodelis deformedto fit theinput
face.

For all methodsthetrainingstagerequiresimagesof the
subjectsfrom various predefinedviews. In our meeting
room environmentthe headmovementsof the participants
arecompletelyunrestricted.In orderto avoid alengthyreg-
istrationprocessatthebeginningof ameetingwerequirean
automaticlearningprocedurewhich useswhatever images
areavailableof a person. We would like to train the sys-
temwith a shortsequenceof imagesfrom thebeginningof
themeetingandthenupdatetherecognizerduringruntime
within ourmultimodalpeopleidentificationframework.

3.3 Growing Gaussian Mixture Models

Givenafaceimage� andclasses��� weareinterestedin
theprobability �	�
���� ��� , that � belongsto class ��� , where
eachclassrepresentsa differentperson.UsingBayes’rule
we link theposteriorprobability �	�
����� ��� to theclasscon-
ditional probability �	����� ����� . Assumingequalclasspriors
we candeterminethemostlikely classfor animage � with
amaximumlikelihoodestimation

����� ������������ �	�
��� � ���
! ������������ �	����� �����

We modeltheclassconditionalprobability �	����� ����� with a
Gaussianmixturemodel:

�	����� � � �"�
#$
%'&	( ���)�*� +,�.-��/+,� (1)
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whereeachmixturecomponent�	�)�*� +,� is a Gaussiandistri-
butionwith mean0 % andcovariancematrix 1 % :

���)�*� +,�"� 2�43657�98:;� 1 % �
<:	=�> <:�?/@ >�ACB
D�EGF;H <B ?I@ >JACB

D
(2)

Given a predefinednumberof mixtures K the models
canbe trainedusing the EM algorithm [1]. The problem
lies in the determinationof K . The input to the recog-
nizeris comprisedof astreamof faceimagescapturedin the
meetingroom. As peoplemove freely aboutthe roomany
headposecanoccur. The numberof differentmodelcate-
goriesandthereforethe optimal choiceof K is unknown.
To addressthis problema growing schemefor the GMM
wasimplemented.

The processis initialized with a singlemixture compo-
nentfor eachmodelcomputedfrom the samplemeanand
covariancematrix of the training set. In order to reduce
thenumberof parametersthathave to beestimatedin each
step,diagonalcovariancematrices1 % �ML;N%PO areused.As
we performprincipal componentanalysisprior to recogni-
tion wecanassumethatthedifferentfeaturedimensionsare
uncorrelated.

Thealgorithmthenproceedsin two steps.During boot-
strappingthetrainingsamplesareevaluatedusingthemodel
for the respective classonly. Froma pool of sampleswith
low probability we randomlydraw a vectoranduseit asa
seedpoint for a Gaussianmixture. Thetrainingsetis clus-
teredaccordingto thepreviousmeanandthenew seedpoint
usingneuralgasclustering[8], which is anextensionto k-
meansclustering.

The model parametersare then re-estimatedusing the
EM algorithm. After two bootstrappingiterationsthe al-
gorithm trains the modelsdiscrimatively. It evaluatesthe
trainingsamplesusingall modelsandrecordsthosewhich
aremisclassified.From the misclassifiedsamplesthe ex-
amplewith the highestprobability is usedas the starting
point for a new Gaussianmixture. The sameprocedureof
re-clusteringandparameterre-estimationis theniteratively
applieduntil a local minimumin the numberof misclassi-
fied samplesfor eachmodel is found. Figure1 shows an
overview over thetrainingprocedure.

Set
Training Bootstrapping

Class 1

Class N

Class 2Iterative
Reclustering

Class 1

Class N

Class 2

Figure 1. Overview of the training procedure .

4 Experiments

In orderto evaluateourapproachwerecordedaninternal
groupmeetingandhand-labeledthe facelocationof seven
participants. Someexamplesof the imagesacquiredare
shown in Figure2.

Figure 2. Examples from the dataset.

Theimagesin thedatasetvaryin sizebetween18x24and
38x50pixels.Prior to featureextractionandrecognitionthe
imagesarenormalizedfor sizeusingbilinear interpolation
andprocessedwith standardpreprocessingprocedures(his-
togramequalization,lighting correction,normalizationto
zero meanand unit variance). The imagesare then pro-
jectedinto a lower dimensionaleigenspaceusinga setof
genericeigenfaces.We build non-overlappingtrainingand
testsetsof faceimagesfrom the beginningandthe endof
themeetingsimulatingtheplanneduseof thesystem.

Table 1 comparesthe recognition rates of the grow-
ing Gaussianmixture modelwith two standardalgorithms
basedon 500 training and200 test imagesfor eachof the
seven models. The first alternative procedureimplements
the conventionaleigenfaceapproachwherethe eigenspace
representationsof all trainingimagesareaveragedto a sin-
gle model vector. The secondalgorithm usesa “static”
Gaussianmixture model with a varying, fixed numberof
mixtures.Our algorithmoutperformsbothmethods.

Figure 3 shows the recognitionratesfor variousnum-
bersof mixture componentsfor the static Gaussianmix-
ture model comparedwith the other algorithms. For all
numbersof mixturecomponentsthediscriminativly grown
GMM achieveshigherrecognitionratesthanthestaticmix-
ture model. Finally, in Figure 4 the recognitionratesfor
differentnumbersof training imagesareshown. Our algo-
rithm consistentlyperformsbest.

5 Summary

This paper presenteda new algorithm for growing a
Gaussianmixturemodelto recognizefaceimagesacquired
in a realworld environment.Resultsobtainedon datacol-
lected in our meetingroom demonstratethat the new al-
gorithm outperformstraditional approaches.Futurework
will combinethis algorithmwith our previously introduced
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Algorithm RecognitionRate

Growing GMM 75.79%
GMM (11 Mixtures) 70.14%
StandardEigenface 58.07%

Table 1. Recognition rates for the diff erent al-
gorithms.
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Figure 3. Recognition rates for diff erent num-
bers of mixture components in a conventional
Gaussian Mixture Model.

facerecognitionalgorithm[6] andevaluateit on faceim-
ageswith varying degreesof occlusion,as typically seen
in our meetingroom environment. Work is underway to
integratebothalgorithmswith a facetrackerandour multi-
modalpeopleidentificationsystem[13].
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