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Abstract

We presenttwo methodsusing mixtures of linear sub-
spacedor facedetectionn gray levelimages. Onemethod
usesa mixture of factor analyzes to concurently perform
clusteringand, within ead cluster performlocal dimen-
sionality reduction. The parametes of the mixture model
are estimatedusingan EM algorithm. A faceis detected
if the probability of an input sampleis above a predefined
threshold. The other mixture of subspacesnethoduses
Kohonens self-oiganizing map for clusteringand Fisher
Linear Discriminantto find the optimal projectionfor pat-
ternclassificationanda Gaussiardistributionto modelthe
class-conditionablensityfunction of the projectedsamples
for eath class.Theparametesof theclass-conditionatien-
sity functionsare maximunlikelihoodestimatesandthede-
cision rule is also basedon maximumlikelihood. A wide
range of faceimagesincludingonesin differentposeswith
differentexpressionsandunderdifferentlighting conditions
are usedasthetraining setto captute the variationsof hu-
manfaces. Our methodshavebeentestedon three setsof
225imageswhich contain871faces. Experimentakesults
on thefirsttwo datasetshowthat our methodperformas
well as the bestmethodsin the literature, yet have fewer
falsedetects.

1 Introduction

Imagesof humanfacesare centralto intelligenthuman
computerinteraction.Much researchs beingdoneinvolv-
ing faceimages,including facerecognition,facetracking,
poseestimation,expressiorrecognitionandgesturerecog-
nition. However, most existing methodson thesetopics
assumehumanfacesin an imageor an image sequence
have beenidentified andlocalized. To build a fully auto-
matedsystemthat extractsinformationfrom imagesof hu-
manfacesit is essentiato developrobustandefficient al-
gorithmsto detecthumanfaces.Givenasingleimageor a
sequencef images,the goal of facedetectionis to iden-

tify andlocateall of thehumanfacesregardlesof their po-
sitions, scales orientations posesand lighting conditions.
This is a challengingproblem becausehumanfacesare
highly non-rigid objectswith a high degreeof variability in

size,shapecolorandtexture. Mostrecentmethoddgor face
detectioncan only detectupright, frontal facesundercer

tain lighting conditions. In this paper we presentwo face
detectionmethodsthat usemixturesof linear subspaceto

detectfaceswith differentfeaturesandexpressionsin dif-

ferentposesandunderdifferentlighting conditions.

Sincethe imagesof a humanfacelie in a complex sub-
setof the image spacethat is unlikely to be modeledby
a single linear subspacewe usea mixture of linear sub-
spacedo modelthe distribution of faceand nonface pat-
terns. The first detectionmethodis an extensionof factor
analysis.FactoranalysigFA), astatisticalmethodfor mod-
eling the covariancestructureof high dimensionadataus-
ing a small numberof latentvariables,hasanaloguewith
principalcomponenganalysiSPCA). However PCA, unlike
FA, doesnotdefineaproperdensitymodelfor thedatasince
the costof codinga datapointis equalanywherealongthe
principalcomponensubspacé.e., thedensityis unnormal-
ized alongthesedirections). Further PCA is not robustto
independenhoisein thefeaturesof the datasincethe prin-
cipal componentsnaximizethevariance®f theinputdata,
therebyretainingunwantedvariations. Hinton et al. have
appliedFA to digit recognitionandthey comparethe per
formanceof PCA and FA models[10]. A mixture model
of factoranalyzershasrecentlybeenextended[7] and ap-
pliedto facerecognition6]. Bothstudiesshaw thatFA per
formsbetterthanPCA in digit andfacerecognition.Since
pose orientationgxpressionandlighting affecttheappear
anceof a humanface the distribution of facesin theimage
spacecanbe betterrepresentedby a mixture of subspaces
whereeachsubspaceapturesertaincharacteristicef cer
tain faceappearancesWe presenta probabilisticmethod
thatusesamixtureof factoranalyzerdMFA) to detectfaces
with wide variations.The parameterin the mixture model
areestimatedisingan EM algorithm.

The secondmethodthat we presentusesFisherLinear



Discriminant(FLD) to projectsamplefrom a high dimen-
sionalimage spaceto a lower dimensionalfeaturespace.
Recently the Fisherbice methodhas beenshowvn to out-
performthe widely usedEigenfacemethodin facerecog-
nition [2]. The reasonfor this is that FLD providesa bet-
ter projectionthan PCA for patternclassification. In the
secondproposedmethod,we decomposehe training face
andnonfacesamplesnto several classesusing Kohonens
Self OrganizingMap (SOM). From theselabeledclasses,
thewithin-classandbetween-classcattematricesarecom-
puted,therebygeneratinghe optimal projectionbasedon
FLD. For eachsubspacewe usea Gaussiarto modeleach
class-conditionadlensityfunctionwherethe parameterare
estimatedbasedon maximum likelihood [5]. To detect
faceseachinputimageis scannedvith a rectangulamin-
dow in which the class-dependetrobability is computed.
Themaximumlik elihooddecisionruleis usedto determine
whetherafaceis detectedr not.

To capturethevariationsin facepatternswe usea setof
1,681faceimagesfrom Olivetti [20], UMIST [8], Harvard
[9], Yale[2] andFERET[15] databaseBothmethods$have
beentestedusingthedatabasew [18] [22] to comparédheir
performancesvith othermethods Ourexperimentaresults
onthedatasetsusedin [18] [22] (which consistof 225im-
ageswith 619facesshav thatour methodgperformaswell
asthereportednethodsn theliterature yetwith fewerfalse
detects.To furthertestour methodswe collecta setof 80
imagescontaining252 faces. This datasetis ratherchal-
lenging sinceit containsprofile faces,faceswith expres-
sionsandfaceswith heary shadavs. Our methodsareable
to detectmostof thesefacesregardlessof their poses fa-
cial expressionsandlighting conditions. Furthermorepur
methodshave fewer falsedetectdhanothermethods.

2 Redated Work

Numerousintensity-basednethodshave beenproposed
recentlyto detecthumanfacesin a singleimageor a se-
guenceof images. In this section,we give a brief review
of intensity-basedacedetectionmethods. See[23] for a
comprehensie surwey on facedetection. Sungand Pog-
gio [22] reportan example-basetkarningapproacHor lo-
cating vertical frontal views of humanfaces. They usea
numberof Gaussiarclustersto modelthe distributions of
face and nonface patterns. For computationalefficiency,
a subspacespannedy eachclusters eigervectorsis then
usedto computethe evidenceof a face. A small window
is movedover all portionsof animageto determinepased
on distancemetricsmeasuredn the subspacesyhethera
faceexistsin eachwindow. In [16], a detectionalgorithm
is proposedhat combinestemplatematchingandfeature-
baseddetectionmethodusinghierarchicalMarkov random
fields(MRF) andmaximuma posterioriprobability (MAP)

estimation.The watershedalgorithmis usedto sgmentan
imageat somefixed scalesandto generateanimagepyra-
mid. To reducethe searcha heuristicis usedto selectar
easwherefacesmay appear Layeredprocessesre used
in a MRF to reflecta priori knowledgeaboutthe spatial
relationshipsbetweenfacial features(eye, mouth and the
wholeface)which areidentifiedby templatematchingand
gradientof intensity Detectiondecisionis basedon MAP
estimation.ColmenareandHuang[3] apply Kullbackrel-
ative informationfor maximaldiscriminationbetweerpos-
itive and negative examplesof faces. They usea family
of discreteMarkov processe$o modelthe faceandback-
ground patternsand estimatethe density functions. De-
tectionof afaceis basedon the likelihoodratio computed
during training. Moghaddamand Pentland12] proposea
probabilisticmethodthatis basedon densityestimationin
a high dimensionalspaceusing an eigenspacelecomposi-
tion. In [18], Rowley etal. useanensemblef neuralnet-
worksto learnfaceandnonfacepatterndor facedetection.
Schneidermaret al. describea probabilisticmethodbased
onlocal appearancandprincipalcomponenanalysig21].
Theirmethodgivessomepreliminaryresultson profileface
detection.Finally, hiddenMarkov models[17], higheror-
derstatistic§17], andsupportvectormachinegSVM) [13]
[14] have alsobeenappliedto facedetectionand demon-
stratedsomesuccesi detectinguprightfrontalfacesunder
certainlighting conditions.

3 Mixtureof Factor Analyzers

In thefirst method wefit themixturemodelof factoran-
alyzersto thetraining samplesusingan EM algorithmand
obtaina distribution of facepatterns.To detectfaces,each
inputimageis scannedvith arectangulawindow in which
the probability of the currentinput being a facepatternis
calculated. A faceis detectedf the probability is above
a predefinedhreshold.We briefly describefactoranalysis
andamixtureof factoranalyzersn this section.Thedetails
of thesemodelscanbefoundin [1] [7].

3.1 Factor Analysis

Factor analysisis a statisticalmodelin which the ob-
sened vectoris partitionedinto an unobsered systematic
part and an unobsered error part. The systematicpartis
taken asa linear combinationof a relatively smallnumber
of unobseredfactorvariableswhile thecomponent®f the
errorvectorareconsideredasuncorrelatedr independent.
Fromanothemoint of view, factoranalysisgivesa descrip-
tion of theinterdependencef a setof variablesn termsof
thefactorswithoutregardto theobsenedvariability. In this
model,a d-dimensionakeal-valuedobsenable datavector
z is modeledusing a p-dimensionalvector of real-valued



factorsz wherep is generallymuch smallerthand. The
generatie modelis givenby:

z=Az+u (1)

whereA is known asthefactor loadingmatrix. Thefactors
z areassumedo be A/ (0, I) distributed (zero-mearinde-
pendentnormalswith unit variance). The d-dimensional
randomvariablew is distributed A/ (0, ¥) where¥ is a di-
agonalmatrix, dueto theassumptiorthatthe obsenedvari-
ablesareindependengiventhe factors. Accordingto this
model,z is thereforedistributedwith zeromeanandcovari-
anceX = AAT+¥. Thegoalof factoranalysigs to find the
A and¥ thatbestmodelthe covariancestructureof z. The
factorvariablesz modelcorrelationsbetweerthe elements
of z, while the u variablesaccountfor independennoise
in eachelementz. The p factorsplay the samerole asthe
principalcomponentin PCA, i.e.,they areinformative pro-
jectionsof the data. Given A and ¥, the expectedvalue of
thefactorscanbe computedhroughthelinearprojections:

Elz|a] = fz (2)

E[227|z] = T — BA + Bz T BT (3)
whereg = ATR1,

3.2 Mixture Model

In this section,we considera mixture of m factoran-
alyzers(indexed by f;,5 = 1,...,m) whereeachfactor
analyzerhasthe samenumberof p factorsand eachfac-
tor analyzerhasa differentmeany;. The generatre model
obeys the mixture distribution:

P@) =Y [ Pals 5)PELPUE @)

where

P(z|f;) = P(z) = N(0,1) (5)
P(z|z, fj) = N(uj + Ajz, ) (6)

The parametersf this mixture modelare{(u;, A;)7,, ,
¥} wherer is the vectorof adaptablemixing proportions,
m; = P(f;). Thelatentvariablesin this modelarethefac-
tors z andthe mixtureindicatorvariable f;, where f; = 1
whenthedatapointis generatedby thefirst factoranalyzer

Givena setof trainingimages.the EM algorithm[4] is
usedto estimate{ (u;, A;)7,, 7, ¥}. For theE-stepof the
EM algorithm,we needto computeexpectationsof all the
interactionsof the hiddenvariablesthat appearin the log
likelihood,

Elfjz|zi] = E[f;|2:] El2|f;, 2] (7)

E(fjz2"|xi] = E[fjlzi]E[z2"|f;, @:] (8)
Defining

hz'j = E[fjldiz] o P(l‘z’, f]) = WjN(:E,' - ,LLJ',AJ'A? + \I/)
9)
andusingequationg2) and(6), we obtain

Elfjz|zi] = hi;Bi(zi — pj) (10)

whereg; = AT(A;A7)~!. Similarly, usingequationg(3)
and(8), we obtain

E[f;z2" |i] = hij (I — BiAj + B (wi — pj) (@i — Mj)T(ﬂf))

11
The EM algorithmfor mixture of factoranalyzerscan be
statedasfollows:

e E-step: ComputeE|[f;|z;], E[z | £, z:] and E[z2T|
f;, ;] for all datapointss and mixture components
J

o M-step: Solveasetof linearequationdor «;, Aj, u;
and¥.

The mixture of factoranalyzerds essentiallya reduceddi-

mensionalitymixture of Gaussians.Eachfactoranalyzer
fits a Gaussiarto a portion of the data, weightedby the
posteriorprobabilities h;;. Sincethe covariancematrix for

eachGaussiarnis specifiedthroughthe lower dimensional
factorloadingmatricesthemodelhasmpd + d, ratherthan
md(d + 1) /2 parametersledicatedo modelingcovariance
structurein high dimensions.

3.3 Detecting Face Patterns

To detectfacesgachinputimageis scannedvith arect-
angularwindow in which the probability of therebeinga
facepatternis estimatedasgivenin equation(4). A faceis
detectedf the probability is above a predefinedhreshold.
In orderto detectfacesof differentscales.eachinputim-
ageis repeatedlysubsamplethy afactorof 1.2andscanned
throughfor 10 iterations.

4 Mixtureof Linear SpacesUsing Fisher Lin-
ear Discriminant

In the secondmixture model, we first use Kohonens
self-omganizingmap [11] to divide the face and nonface
samplesnto ¢; faceclassesndc, nonfaceclassesthereby
generatingabelsfor the samples.Next, Fisherprojection
is computedbasedon all ¢; + ¢2 classego maximizethe
ratio of the between-classcatter(varianceandthe within-
classscatter(variance).Thenow labeledtrainingsetis pro-
jectedfrom a high dimensionaimagespaceto a lower di-
mensionafeaturespaceanda Gaussiamlistributionis used



to model the class-conditionaldensity function for each
classwherethe parametersare estimatedusing the maxi-
mum likelihood principle. For detection,the conditional
probability of eachsamplegiven eachclassis computed
andthe maximumlik elihoodprinciple is usedto decideto
which classthe samplebelongs. In our experiments,the
reasorthatwe choose25 faceand25 nonfaceclassess be-
causeof the size of training set. If the numberof classes
is too small, the clusteringresultsmay be poor. On the
otherhand,we may not have enoughsamplego estimate
the class-conditionatlensity function well if we choosea
largenumberof classes.

4.1 Labeling Samples Using SOM

In applyingFisherLinear Discriminantto find a projec-
tion, we needto know the classlabel of eachtraining sam-
ple. However, suchinformationis not availablein thetrain-
ing samplesThereforewe useKohonens Self-Omganizing
Map [11] to divide face samplesinto a finite number of
classesIn our experimentswe divide the facesampleim-
agesinto 25 classesAfter training, the final weightvector
for eachnodeis the centroidof theclass,i.e., the prototype
vector, which correspondgo the prototypeof eachclass.
Thesameprocedureas appliedto nonfacesamplesFigurel
shavsthe prototypicalfaceof eachclass.lt is clearthatthe
samplefaceimageswith differentposesandunderdifferent
lighting conditions(intensityincrease$rom the lower right
cornerto theupperleft corner)have beenclassifiednto dif-
ferentclassesNotethatthe SOM algorithmalsoplacesthe
prototypesin the two dimensionalfeaturemap, shovn in
1, in accordancavith their topologicalrelationshipsn the
imagespaceIn otherwords,prototypevectorscorrespond-
ing to nearbypoints on the featuremap grid have nearby
locationsin the high dimensionaimagespacde.g.,nearby
prototypeshave similar intensityandpose).

4.2 Fisher Linear Discriminant

While PCA is commonlyusedto projectface patterns
from a high dimensionalimage spaceto a lower dimen-
sional featurespace,a dravback of this approachis that
it definesa subspacesuchthatit hasthe greatestvariance

of the projectedsamplevectorsamongall the subspaces.

However, suchprojectionis not suitablefor classification
sinceit may containprincipalcomponentsvhich retainun-
wantedlarge variations. Therefore the classesn the pro-
jectedspacemay notbewell clusterecandinsteadsmeared
together{2] [6] [10]. FisherLinear Discriminantis an ex-
ampleof aclassspecificmethodthatfindsthe optimalpro-
jection for classification. Ratherthanfinding a projection
that maximizesthe projectedvariance,FLD determinesa
projection,z = WL, z, that maximizesthe ratio be-

Figure 1. Prototype of each face class.

tweenthe between-classcatter(variance)andthe within-
classscatter(variance).Consequentlyclassificatioris sim-
plified in the projectedspace Recentlyit hasbeendemon-
stratedthat the Fisherbcemethodoutperformsthe Eigen-
facemethodin facerecognition[2].

Considera c-classproblem let the between-classcatter
matrix bedefinedas

Sp =" Ni(wi— p)(ui — )" 12)
=1
andthewithin-classscattermatrix be definedas
Sw=2_ > (& —p)(ex —p)" (13)

=1 zreX;

wherey is themeanof all samplesy; is the meanof class
X;, and N; is the numberof samplesin class X;. The
optimal projectionWgr p is chosemasthe matrix with or-

thonormalcolumnswhich maximizestheratio of the deter

minantof the between-classcattematrix of the projected
samplego thedeterminanbf thewithin-classscattematrix

of theprojectedsampledi.e.,

T
WFLD = argmax |W SBW'

w WISy W]| wm] (14)

=[wy wsy ...
where{w;|i = 1,2,...,m} is thesetof generalizecigen-
vectorsof Sp andSy, correspondindo them largestgen-
eralizedeigervalues{);|i = 1,2,...,m}. However, the
rank of Sg is ¢ — 1 or lessbecausat is the sumof ¢ ma-
tricesof rank oneor less. Thus, the upperboundon m is



c — 1[5]. See[2] for detailsabouta methodto overcome
singularityproblemsn computingWrerp.

4.3 Class-Conditional Density Function

OnceWrrp is computedthe now labeledtraining set
is projectedto the ¢ — 1 dimensionalfeaturespace,i.e.,
z = WZ.p =, and a Gaussiandistribution is usedto
modeleachclass-conditionatiensity(CCD) function,i.e.,
P(z|X;) = N(ux,,Xx;) wherei = 1,...,c. Theparam-
eters,fx, = (ux;,Xx;)} of eachCCD arethe maximum
likelihoodestimatesi.e.,

. 1
| X .
ZkEXz
and
N 1 N N
EXi = |X| Z (zk - /’I'Xi)(zk - NXi)T (16)
? 2L €EX;

4.4 Detecting Face Patterns

Eachinputimageis scannedvith a rectangulamwindow
to determinewhethera faceexists in the window or not.
The decisionrule for decidingwhetheran input window
containsafaceor notis basedon maximumlikelihood,

X* = argrr)lquP(z|Xi) a7)

To detectfacesof differentscaleseachinput imageis re-
peatedlysubsamplethy afactorof 1.2andscannedhrough
for 10iterations.

5 Experiments

For training,we useasetof 1,681faceimagegcollected
from Olivetti [20], UMIST [8], Harvard[9], Yale[2] and
FERET[15] databasesyhichhavewide variationsin pose,
facialexpressiorandlighting condition.In the secondnix-
ture method,we startwith 8,422 nonface examplesfrom
400imagesof landscapedrees buildings, etc. Althoughit
is extremelydifficult to collecta representatie setof non-
faceexamplesthe bootstrapmethodsimilar to [22] is used
to include more nonface examplesduring training. Each
facesampleis manuallycroppedandnormalizedsuchthat
it is alignedvertically andits sizeis 20 x 20 pixels. To
male the detectionmethodlesssensitve to scaleand ro-
tationvariation, 10 faceexamplesaregeneratedrom each
original sample.Theimagesareproducedby randomlyro-
tatingtheimagesby up to 15 degreeswith scalingbetween
80% and120%. This producesl6,810facesamples.

We test both methodson the three setsof imagescol-
lectedby Rowley [18], Sung[22] and ourseles. In our

experimentsa detectedaceis a successfutietectis if the
subimagecontainseyesandmouth. Otherwise,|it is a false
detect. The detectionrateis the ratio betweenthe number
of successfutletectandthenumberof facedn thetestset.
Table 1 shows the detectionratesof our methodsandthe
reportedresultsof several detectionmethodson the testset
in [18]. Experimentatesultsontestsetl, which consistsof

125images(483faces)excluding 5 imagesof handdrawn

faces,showv that our methodshave comparabledetection
performancewith othermethodsyet with fewer falsede-
tects. Table 1 also shaws the our experimentalresultson

the testsetof Sungand Poggio[22] which consistsof 20

imagesexcluding 3 imagesof line drawvn faces(136faces).
Bothof ourmethodsonsistentlyperformwell andhavefew

falsedetects.

Testset 3 consistsof 80 images(252 faces),collected
from the World Wide Web, with different poses,expres-
sionsand faceswith heary shadavs. The detectionrates
are 86.7% and 88.2% for MFA and FLD-basedmethods.
The numberof false detectsare 45 and 40, respectiely.
Both methodgperformequallywell in detectingthesefaces
thoughthe FLD-basednethodperformsslightly betterthan
thefirst one. Figures2 and3 shaw theresultsof our meth-
ods on sometestimages. Seethe web page mentioned
above for moreresults.Noticethatthereis afalsedetectin
theupperleft cornerof theimagein Figure2 sinceonewin-
dow resembles face.Also noticethatour methodscande-
tect,upto certaindegree profile facesandfaceswith heary
shadavs. However occluded,rotatedfacesor faceswith
sunglassesannotbe detectedeffectively by both methods
due to lack of suchexamplesin the training sets. None
of the existing detectionmethodscannoteffectively detect
thesetypesof facesexceptonerecentmethod[19] seems
to ableto detectrotatedfaces. Neverthelessthis method
cannotdetectoccludedfacesor facewith heary shadavs.

6 Discussion and Conclusion

We have describednethodsusingmixture of linearsub-
spaceanethodsto detecthumanfacesregardlessof their
poses,facial expressionsand lighting conditions. Both
methodsfind better projectionthan PCA for patternclas-
sification,therebyfacilitating detectionof faceandnonface
patterns.Thefirst methodfits a mixture of factoranalyzers
to estimatehe densityfunctionof faceimagesandthesec-
ondmethodusesSelf-OmganizingMapto partitionthetrain-
ing setinto classesand FisherLinear Discriminantto find
the optimal projectionfor classification. Experimentalre-
sultsonthreesetsof imagesdemonstrat¢hatbothmethods
performaswell asthe bestalgorithmsin detectingupright
frontal facesyetwith fewer falsedetects.

The contributions of this papercan be summarizedas
follows. First, we introduceprojectionmethodsthat per



Table 1. Experimental results on images from test set 1 (125 images with 483 faces) in [18] and test
set 2 (20 images with 136 faces) in [22] (see text for details).

TestSetl TestSet2

Method DetectRate | FalseDetects|| DetectRate | FalseDetects
Mixture of factoranalyzers 92.3% 82 89.4% 3
Fisherlineardiscriminant 93.6% 74 91.5% 1
Distribution-based22] N/A N/A 81.9% 13
Neuralnetwork [18] 92.5% 862 90.3% 42
Naive Bayes[21] 93.0% 88 91.2% 12
Kullbackrelative information([3] 98.0% 12758 N/A N/A
Supportvectormaching13] N/A N/A 74.2% 20

Figure 3. Sample experimental results using
mixture of subspaces with Fisher Linear Dis-
criminant on images from three test sets. Ev-
ery detected face is shown with an enclosing
window.

Figure 2. Sample experimental results using
mixture of factor analyzers on images from
three test sets. Every detected face is shown
with an enclosing window.



form betterthan PCA. Consequentlythe classificationre-
sultin thelinearsubspacés better Secondwe apply mix-
ture modelssuchthat the linear subspacesan bettercap-
turethevariationsof facepatterns Althoughsomemethods
[12][22] have appliedmixturemodel,they usePCAfor pro-

jectionwhich is suboptimalfor classificationn subspaces.

On the other hand, it is not clearhow SVM performsin
facedetectionsincethe studyin [13] hasappliedSVM on
arathersmalltestsetwith 136faces.It will be of greatin-
terestto compareour methodswith SVM on alargetestset
sinceSVM aimsto find the optimal hyperplanethat min-
imizesthe generalizatiorerror underthe theoreticalupper
bounds.
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