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Abstract

We presenttwo methodsusing mixtures of linear sub-
spacesfor facedetectionin gray level images.Onemethod
usesa mixture of factor analyzers to concurrentlyperform
clusteringand, within each cluster, perform local dimen-
sionality reduction. Theparameters of the mixture model
are estimatedusingan EM algorithm. A face is detected
if the probability of an input sampleis abovea predefined
threshold. The other mixture of subspacesmethoduses
Kohonen’s self-organizingmap for clusteringand Fisher
Linear Discriminantto find theoptimalprojectionfor pat-
ternclassification,anda Gaussiandistributionto modelthe
class-conditionaldensityfunctionof theprojectedsamples
for each class.Theparametersof theclass-conditionalden-
sityfunctionsaremaximumlikelihoodestimatesandthede-
cision rule is also basedon maximumlikelihood. A wide
rangeof faceimagesincludingonesin differentposes,with
differentexpressionsandunderdifferentlighting conditions
are usedasthetraining setto capture thevariationsof hu-
manfaces.Our methodshavebeentestedon threesetsof
225 imageswhich contain871 faces.Experimentalresults
on thefirst two datasetsshowthat our methodsperformas
well as the bestmethodsin the literature, yet havefewer
falsedetects.

1 Introduction

Imagesof humanfacesarecentralto intelligent human
computerinteraction.Much researchis beingdoneinvolv-
ing faceimages,including facerecognition,facetracking,
poseestimation,expressionrecognitionandgesturerecog-
nition. However, most existing methodson thesetopics
assumehumanfacesin an image or an image sequence
have beenidentifiedand localized. To build a fully auto-
matedsystemthatextractsinformationfrom imagesof hu-
manfaces,it is essentialto developrobustandefficient al-
gorithmsto detecthumanfaces.Givena singleimageor a
sequenceof images,the goal of facedetectionis to iden-

tify andlocateall of thehumanfacesregardlessof theirpo-
sitions,scales,orientations,posesandlighting conditions.
This is a challengingproblem becausehumanfacesare
highly non-rigidobjectswith a highdegreeof variability in
size,shape,colorandtexture.Most recentmethodsfor face
detectioncanonly detectupright, frontal facesundercer-
tain lighting conditions.In this paper, we presenttwo face
detectionmethodsthatusemixturesof linear subspacesto
detectfaceswith differentfeaturesandexpressions,in dif-
ferentposes,andunderdifferentlighting conditions.

Sincethe imagesof a humanfacelie in a complex sub-
set of the imagespacethat is unlikely to be modeledby
a single linear subspace,we usea mixture of linear sub-
spacesto model the distribution of faceandnonfacepat-
terns. The first detectionmethodis an extensionof factor
analysis.Factoranalysis(FA), astatisticalmethodfor mod-
eling thecovariancestructureof high dimensionaldataus-
ing a small numberof latentvariables,hasanaloguewith
principalcomponentanalysis(PCA).HoweverPCA,unlike
FA, doesnotdefineaproperdensitymodelfor thedatasince
thecostof codinga datapoint is equalanywherealongthe
principalcomponentsubspace(i.e.,thedensityis unnormal-
ized alongthesedirections).Further, PCA is not robust to
independentnoisein thefeaturesof thedatasincetheprin-
cipal componentsmaximizethevariancesof theinput data,
therebyretainingunwantedvariations. Hinton et al. have
appliedFA to digit recognitionandthey comparethe per-
formanceof PCA andFA models[10]. A mixture model
of factoranalyzershasrecentlybeenextended[7] andap-
pliedto facerecognition[6]. Bothstudiesshow thatFA per-
formsbetterthanPCA in digit andfacerecognition.Since
pose,orientation,expression,andlighting affect theappear-
anceof a humanface,thedistribution of facesin theimage
spacecanbe betterrepresentedby a mixture of subspaces
whereeachsubspacecapturescertaincharacteristicsof cer-
tain faceappearances.We presenta probabilisticmethod
thatusesamixtureof factoranalyzers(MFA) to detectfaces
with wide variations.Theparametersin themixturemodel
areestimatedusinganEM algorithm.

The secondmethodthat we presentusesFisherLinear



Discriminant(FLD) to projectsamplesfrom a high dimen-
sional imagespaceto a lower dimensionalfeaturespace.
Recently, the Fisherfacemethodhas beenshown to out-
performthe widely usedEigenfacemethodin facerecog-
nition [2]. The reasonfor this is thatFLD providesa bet-
ter projectionthan PCA for patternclassification. In the
secondproposedmethod,we decomposethe training face
andnonfacesamplesinto several classesusingKohonen’s
Self OrganizingMap (SOM). From theselabeledclasses,
thewithin-classandbetween-classscattermatricesarecom-
puted,therebygeneratingthe optimal projectionbasedon
FLD. For eachsubspace,we usea Gaussianto modeleach
class-conditionaldensityfunctionwheretheparametersare
estimatedbasedon maximum likelihood [5]. To detect
faces,eachinput imageis scannedwith a rectangularwin-
dow in which theclass-dependentprobability is computed.
Themaximumlikelihooddecisionrule is usedto determine
whethera faceis detectedor not.

To capturethevariationsin facepatterns,weuseasetof
1,681faceimagesfrom Olivetti [20], UMIST [8], Harvard
[9], Yale[2] andFERET[15] databases.Bothmethodshave
beentestedusingthedatabasesin [18] [22] to comparetheir
performanceswith othermethods.Ourexperimentalresults
on thedatasetsusedin [18] [22] (which consistof 225im-
ageswith 619faces)show thatourmethodsperformaswell
asthereportedmethodsin theliterature,yetwith fewerfalse
detects.To further testour methods,we collecta setof 80
imagescontaining252 faces. This dataset is ratherchal-
lenging sinceit containsprofile faces,faceswith expres-
sionsandfaceswith heavy shadows. Our methodsareable
to detectmostof thesefacesregardlessof their poses,fa-
cial expressionsandlighting conditions.Furthermore,our
methodshavefewer falsedetectsthanothermethods.

2 Related Work

Numerousintensity-basedmethodshave beenproposed
recentlyto detecthumanfacesin a single imageor a se-
quenceof images. In this section,we give a brief review
of intensity-basedfacedetectionmethods. See[23] for a
comprehensive survey on facedetection. Sungand Pog-
gio [22] reportanexample-basedlearningapproachfor lo-
catingvertical frontal views of humanfaces. They usea
numberof Gaussianclustersto model the distributionsof
faceand nonfacepatterns. For computationalefficiency,
a subspacespannedby eachcluster’s eigenvectorsis then
usedto computethe evidenceof a face. A small window
is movedover all portionsof an imageto determine,based
on distancemetricsmeasuredin the subspaces,whethera
faceexists in eachwindow. In [16], a detectionalgorithm
is proposedthat combinestemplatematchingandfeature-
baseddetectionmethodusinghierarchicalMarkov random
fields(MRF) andmaximuma posterioriprobability(MAP)

estimation.Thewatershedalgorithmis usedto segmentan
imageat somefixedscalesandto generatean imagepyra-
mid. To reducethe search,a heuristicis usedto selectar-
easwherefacesmay appear. Layeredprocessesareused
in a MRF to reflect a priori knowledgeaboutthe spatial
relationshipsbetweenfacial features(eye, mouth and the
wholeface)which areidentifiedby templatematchingand
gradientof intensity. Detectiondecisionis basedon MAP
estimation.ColmenarezandHuang[3] applyKullbackrel-
ative informationfor maximaldiscriminationbetweenpos-
itive and negative examplesof faces. They usea family
of discreteMarkov processesto model the faceandback-
groundpatternsand estimatethe density functions. De-
tectionof a faceis basedon the likelihoodratio computed
during training. MoghaddamandPentland[12] proposea
probabilisticmethodthat is basedon densityestimationin
a high dimensionalspaceusingan eigenspacedecomposi-
tion. In [18], Rowley et al. useanensembleof neuralnet-
worksto learnfaceandnonfacepatternsfor facedetection.
Schneidermanet al. describea probabilisticmethodbased
on localappearanceandprincipalcomponentanalysis[21].
Theirmethodgivessomepreliminaryresultsonprofileface
detection.Finally, hiddenMarkov models[17], higheror-
derstatistics[17], andsupportvectormachines(SVM) [13]
[14] have alsobeenappliedto facedetectionanddemon-
stratedsomesuccessin detectinguprightfrontalfacesunder
certainlighting conditions.

3 Mixture of Factor Analyzers

In thefirst method,wefit themixturemodelof factoran-
alyzersto thetrainingsamplesusinganEM algorithmand
obtaina distribution of facepatterns.To detectfaces,each
input imageis scannedwith a rectangularwindow in which
the probability of the currentinput beinga facepatternis
calculated. A faceis detectedif the probability is above
a predefinedthreshold.We briefly describefactoranalysis
andamixtureof factoranalyzersin thissection.Thedetails
of thesemodelscanbefoundin [1] [7].����� �	��
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Factor analysisis a statisticalmodel in which the ob-
served vectoris partitionedinto an unobservedsystematic
part andan unobserved error part. The systematicpart is
takenasa linear combinationof a relatively small number
of unobservedfactorvariableswhile thecomponentsof the
errorvectorareconsideredasuncorrelatedor independent.
Fromanotherpointof view, factoranalysisgivesa descrip-
tion of theinterdependenceof a setof variablesin termsof
thefactorswithoutregardto theobservedvariability. In this
model,a � -dimensionalreal-valuedobservabledatavector� is modeledusinga � -dimensionalvectorof real-valued



factors � where � is generallymuch smallerthan � . The
generativemodelis givenby:�! #" �%$'& (1)

where" is known asthe factor loadingmatrix. Thefactors� areassumedto be (*)�+-,/.10 distributed(zero-meaninde-
pendentnormalswith unit variance). The � -dimensional
randomvariable & is distributed (*)�+2,4350 where 3 is a di-
agonalmatrix,dueto theassumptionthattheobservedvari-
ablesareindependentgiven the factors. Accordingto this
model,� is thereforedistributedwith zeromeanandcovari-
ance6  #"7"78 $93 . Thegoalof factoranalysisis to find the" and 3 thatbestmodelthecovariancestructureof � . The
factorvariables� modelcorrelationsbetweentheelements
of � , while the & variablesaccountfor independentnoise
in eachelement� . The � factorsplay the samerole asthe
principalcomponentsin PCA,i.e.,they areinformativepro-
jectionsof thedata.Given " and 3 , theexpectedvalueof
thefactorscanbecomputedthroughthelinearprojections::<; �>= �-?@ BAC� (2):<; �1� 8 = �2?@ .ED AC" $ AC�
� 8 A 8 (3)

whereA� #" 8 6%F@G .����H IJ��KL��MN�1OPIQ�	RNOS�
In this section,we considera mixture of T factoran-

alyzers(indexed by UWVX,�Y  [Z ,]\^\]\^,_T ) whereeachfactor
analyzerhasthe samenumberof � factorsand eachfac-
tor analyzerhasa differentmeaǹ>V . Thegenerativemodel
obeys themixturedistribution:

a ) � 0  cbdV_e G
f a ) � = �
,/U^VW0 a )��S= U^V^0 a )�U^VW0g��� (4)

where a )��>= U V 0  a )��h0  (*)�+-,i.h0 (5)a ) � = �
,/U V 0  (*)�` V $ " V �2,j350 (6)

Theparametersof this mixturemodelare k-)�` V , " V 0 bV_e G , l ,3Em where l is thevectorof adaptablemixing proportions,l-V  a )nU^V^0 . Thelatentvariablesin this modelarethefac-
tors � andthemixture indicatorvariable U^V , where U^V  oZ
whenthedatapoint is generatedby thefirst factoranalyzer.

Givena setof training images,the EM algorithm[4] is
usedto estimatek5)p`>VX, " VW0 bV_e G , l , 3Em . For theE-stepof the
EM algorithm,we needto computeexpectationsof all the
interactionsof the hiddenvariablesthat appearin the log
likelihood, :q; U^V^�S= �
rs?@ :<; U^V1= �
r�? :q; �S= UWVt, �
r�? (7)

:<; U^V]��� 8 = �
r�?@ :q; U^V1= �
r�? :<; �1� 8 = UWVX, �
r�? (8)

Definingu r V  :q; U^V1= �
r�?Sv a ) �wr ,4U^VW0  l2V_(*) �wr Dx`>VX, " V " 8V $y350
(9)

andusingequations(2) and(6), weobtain:q; U^V]�S= �wrp?@ u r V A V�) �wr Dx`>VW0 (10)

where A V!z "78V ) " V "78V 0 F�G . Similarly, usingequations(3)
and(8), weobtain:<; U^V^��� 8 = �
r�?S u r V1)�.{D A V " V�$ A V�) �wr D|`>VW0j) �wr D|`>V]0 8 A 8V 0

(11)
The EM algorithm for mixture of factoranalyzerscanbe
statedasfollows:} E-step: Compute

:q; U^V1= �
r�? , :<; �q= U^VX, �wrp? and
:<; ��� 8 =U^VX, �wrp? for all datapoints ~ andmixture componentsY .} M-step: Solveasetof linearequationsfor l2V , " V , `>V

and 3 .

Themixtureof factoranalyzersis essentiallya reduceddi-
mensionalitymixture of Gaussians.Eachfactor analyzer
fits a Gaussianto a portion of the data,weightedby the
posteriorprobabilities,

u r V . Sincethecovariancematrix for
eachGaussianis specifiedthroughthe lower dimensional
factorloadingmatrices,themodelhasT9�>�N$�� , ratherthanT|�>)���$ Z 0_�X� parametersdedicatedto modelingcovariance
structurein high dimensions.���p� ��O
��Ow
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To detectfaces,eachinput imageis scannedwith a rect-
angularwindow in which the probability of therebeinga
facepatternis estimatedasgivenin equation(4). A faceis
detectedif the probability is above a predefinedthreshold.
In order to detectfacesof differentscales,eachinput im-
ageis repeatedlysubsampledby afactorof 1.2andscanned
throughfor 10 iterations.

4 Mixture of Linear Spaces Using Fisher Lin-
ear Discriminant

In the secondmixture model, we first use Kohonen’s
self-organizing map [11] to divide the face and nonface
samplesinto � G faceclassesand �j� nonfaceclasses,thereby
generatinglabelsfor the samples.Next, Fisherprojection
is computedbasedon all � G $��j� classesto maximizethe
ratioof thebetween-classscatter(variance)andthewithin-
classscatter(variance).Thenow labeledtrainingsetis pro-
jectedfrom a high dimensionalimagespaceto a lower di-
mensionalfeaturespace,andaGaussiandistributionis used



to model the class-conditionaldensity function for each
classwherethe parametersareestimatedusing the maxi-
mum likelihood principle. For detection,the conditional
probability of eachsamplegiven eachclassis computed
andthemaximumlikelihoodprinciple is usedto decideto
which classthe samplebelongs. In our experiments,the
reasonthatwechoose25 faceand25 nonfaceclassesis be-
causeof the sizeof training set. If the numberof classes
is too small, the clusteringresultsmay be poor. On the
otherhand,we may not have enoughsamplesto estimate
the class-conditionaldensityfunction well if we choosea
largenumberof classes.�	��� ������OS�����	���L�������nOw���'�����N���7��I

In applyingFisherLinearDiscriminantto find a projec-
tion, we needto know theclasslabelof eachtrainingsam-
ple. However, suchinformationis notavailablein thetrain-
ing samples.Therefore,we useKohonen’sSelf-Organizing
Map [11] to divide facesamplesinto a finite numberof
classes.In our experiments,we divide thefacesampleim-
agesinto 25 classes.After training,thefinal weightvector
for eachnodeis thecentroidof theclass,i.e., theprototype
vector, which correspondsto the prototypeof eachclass.
Thesameprocedureis appliedto nonfacesamples.Figure1
showstheprototypicalfaceof eachclass.It is clearthatthe
samplefaceimageswith differentposesandunderdifferent
lighting conditions(intensityincreasesfrom thelower right
cornerto theupperleft corner)havebeenclassifiedinto dif-
ferentclasses.NotethattheSOM algorithmalsoplacesthe
prototypesin the two dimensionalfeaturemap, shown in
1, in accordancewith their topologicalrelationshipsin the
imagespace.In otherwords,prototypevectorscorrespond-
ing to nearbypointson the featuremapgrid have nearby
locationsin thehigh dimensionalimagespace(e.g.,nearby
prototypeshavesimilar intensityandpose).�	��H �9�����	O>�������NOw�����'�n�X
w�1�������	���C�

While PCA is commonlyusedto project facepatterns
from a high dimensionalimagespaceto a lower dimen-
sional featurespace,a drawback of this approachis that
it definesa subspacesuchthat it hasthe greatestvariance
of the projectedsamplevectorsamongall the subspaces.
However, suchprojectionis not suitablefor classification
sinceit maycontainprincipalcomponentswhich retainun-
wantedlarge variations. Therefore,the classesin the pro-
jectedspacemaynotbewell clusteredandinsteadsmeared
together[2] [6] [10]. FisherLinear Discriminantis an ex-
ampleof a classspecificmethodthatfindstheoptimalpro-
jection for classification.Ratherthanfinding a projection
that maximizesthe projectedvariance,FLD determinesa
projection, �  ���8�� 2¡ � , that maximizesthe ratio be-

¢w£ ¤S¥2¦¨§ª©2«	¬L¦¨­-®4­-®g¯h°w§q­h±�§�²h³�´|±�²h³µ§|³�¶·²1¸4¸t«
tweenthe between-classscatter(variance)andthe within-
classscatter(variance).Consequently, classificationis sim-
plified in theprojectedspace.Recently, it hasbeendemon-
stratedthat the Fisherfacemethodoutperformsthe Eigen-
facemethodin facerecognition[2].

Considera � -classproblem,let thebetween-classscatter
matrixbedefinedas¹�º  »d r e G�¼ r )�` r Dx`�0j)p` r D�`�0 8 (12)

andthewithin-classscattermatrix bedefinedas¹�½  »d r e G
d¾t¿WÀ�ÁÃÂ ) �>Ä D�` r 0j) �wÄ Dx` r 0 8 (13)

where ` is themeanof all samples,̀ r is themeanof classÅ r , and ¼ r is the numberof samplesin class
Å r . The

optimalprojection � �� 2¡ is chosenasthe matrix with or-
thonormalcolumnswhich maximizestheratioof thedeter-
minantof thebetween-classscattermatrix of theprojected
samplesto thedeterminantof thewithin-classscattermatrix
of theprojectedsampled,i.e.,

� �� 2¡  #Æ�Ç_ÈLÉ<ÆXÊË = ��8 ¹ º � == � 8 ¹�½ � =  ; Ì G Ì �ª\^\]\ Ì b ? (14)

where k Ì r = ~  �Z ,4�h,]\^\]\j,iTÍm is thesetof generalizedeigen-
vectorsof

¹ º
and

¹ ½
, correspondingto the T largestgen-

eralizedeigenvalues kXÎ r = ~  ÏZ ,4�h,]\^\]\4,iTÍm . However, the
rank of

¹�º
is ��D Z or lessbecauseit is the sumof � ma-

tricesof rank oneor less. Thus,the upperboundon T is



�%D Z [5]. See[2] for detailsabouta methodto overcome
singularityproblemsin computing� �� 2¡ .�	�p� ÐÑ�����X�tÒµÐ!�Ã�	R������n�C�N���E��OS�N�����^�Ó�7MN�N
2�1���Ã�

Once � �� 2¡ is computed,the now labeledtraining set
is projectedto the �ÔD Z dimensionalfeaturespace,i.e.,�  c��8�� 2¡ � , and a Gaussiandistribution is usedto
modeleachclass-conditionaldensity(CCD) function, i.e.,a )��S= Å r 0  (*)�` ÁÃÂ ,46 ÁÃÂ 0 where ~  ÕZ ,^\]\^\j,i� . Theparam-
eters,Ö ÁÃÂ  )�` ÁCÂ ,46 ÁÃÂ 0_m of eachCCD arethe maximum
likelihoodestimates,i.e.,×` Á Â  Z= Å r = dØ ¿ À�Á Â � Ä (15)

and ×6 ÁÃÂ  Z= Å r = dØ ¿ À�Á Â )�� Ä D ×` ÁÃÂ 0])�� Ä D ×` ÁCÂ 0 8 (16)

�	�s� �'O
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Eachinput imageis scannedwith a rectangularwindow

to determinewhethera faceexists in the window or not.
The decisionrule for decidingwhetheran input window
containsa faceor not is basedonmaximumlikelihood,ÅxÙ  �ÆXÇiÈ�É<ÆµÊÁ Â a )��S= Å r 0 (17)

To detectfacesof differentscales,eachinput imageis re-
peatedlysubsampledby afactorof 1.2andscannedthrough
for 10 iterations.

5 Experiments

For training,weuseasetof 1,681faceimages(collected
from Olivetti [20], UMIST [8], Harvard [9], Yale [2] and
FERET[15] databases)whichhavewidevariationsin pose,
facialexpressionandlighting condition.In thesecondmix-
ture method,we start with 8,422nonfaceexamplesfrom
400imagesof landscapes,trees,buildings,etc.Althoughit
is extremelydifficult to collecta representative setof non-
faceexamples,thebootstrapmethodsimilar to [22] is used
to include more nonfaceexamplesduring training. Each
facesampleis manuallycroppedandnormalizedsuchthat
it is alignedvertically and its size is �X+�ÚB��+ pixels. To
make the detectionmethodlesssensitive to scaleand ro-
tationvariation,10 faceexamplesaregeneratedfrom each
original sample.Theimagesareproducedby randomlyro-
tatingtheimagesby up to ZWÛ degreeswith scalingbetweenÜ +1Ý and Z �X+1Ý . This produces16,810facesamples.

We test both methodson the threesetsof imagescol-
lectedby Rowley [18], Sung[22] and ourselves. In our

experiments,a detectedfaceis a successfuldetectis if the
subimagecontainseyesandmouth. Otherwise,it is a false
detect. The detectionrateis the ratio betweenthe number
of successfuldetectsandthenumberof facesin thetestset.
Table1 shows the detectionratesof our methodsand the
reportedresultsof severaldetectionmethodson thetestset
in [18]. Experimentalresultsontestset1, whichconsistsof
125 images(483 faces)excluding5 imagesof handdrawn
faces,show that our methodshave comparabledetection
performancewith othermethods,yet with fewer falsede-
tects. Table1 alsoshows the our experimentalresultson
the testsetof SungandPoggio[22] which consistsof 20
imagesexcluding3 imagesof line drawn faces(136faces).
Bothof ourmethodsconsistentlyperformwell andhavefew
falsedetects.

Test set 3 consistsof 80 images(252 faces),collected
from the World Wide Web, with different poses,expres-
sionsand faceswith heavy shadows. The detectionrates
are

Ü�Þ \àß�Ý and
Ü�Ü \·�1Ý for MFA and FLD-basedmethods.

The numberof falsedetectsare á Û and á�+ , respectively.
Bothmethodsperformequallywell in detectingthesefaces
thoughtheFLD-basedmethodperformsslightly betterthan
thefirst one.Figures2 and3 show theresultsof our meth-
ods on sometest images. Seethe web pagementioned
abovefor moreresults.Noticethatthereis a falsedetectin
theupperleft cornerof theimagein Figure2 sinceonewin-
dow resemblesa face.Also noticethatourmethodscande-
tect,upto certaindegree,profile facesandfaceswith heavy
shadows. However occluded,rotatedfacesor faceswith
sunglassescannotbe detectedeffectively by bothmethods
due to lack of suchexamplesin the training sets. None
of the existing detectionmethodscannoteffectively detect
thesetypesof facesexceptonerecentmethod[19] seems
to able to detectrotatedfaces. Nevertheless,this method
cannotdetectoccludedfacesor facewith heavy shadows.

6 Discussion and Conclusion

We havedescribedmethodsusingmixtureof linearsub-
spacesmethodsto detecthumanfacesregardlessof their
poses,facial expressionsand lighting conditions. Both
methodsfind betterprojectionthan PCA for patternclas-
sification,therebyfacilitatingdetectionof faceandnonface
patterns.Thefirst methodfits a mixtureof factoranalyzers
to estimatethedensityfunctionof faceimages,andthesec-
ondmethodusesSelf-OrganizingMapto partitionthetrain-
ing setinto classesandFisherLinear Discriminantto find
the optimal projectionfor classification.Experimentalre-
sultson threesetsof imagesdemonstratethatbothmethods
performaswell asthebestalgorithmsin detectingupright
frontal faces,yetwith fewer falsedetects.

The contributions of this papercan be summarizedas
follows. First, we introduceprojectionmethodsthat per-
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TestSet1 TestSet2

Method DetectRate FalseDetects DetectRate FalseDetects

Mixture of factoranalyzers 92.3% 82 89.4% 3
Fisherlineardiscriminant 93.6% 74 91.5% 1
Distribution-based[22] N/A N/A 81.9% 13
Neuralnetwork [18] 92.5% 862 90.3% 42
NaiveBayes[21] 93.0% 88 91.2% 12
Kullbackrelative information[3] 98.0% 12758 N/A N/A
Supportvectormachine[13] N/A N/A 74.2% 20
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form betterthanPCA. Consequently, the classificationre-
sult in thelinearsubspaceis better. Second,we applymix-
ture modelssuchthat the linear subspacescanbettercap-
turethevariationsof facepatterns.Althoughsomemethods
[12][22] haveappliedmixturemodel,they usePCAfor pro-
jectionwhich is suboptimalfor classificationin subspaces.
On the other hand, it is not clear how SVM performsin
facedetectionsincethe studyin [13] hasappliedSVM on
a rathersmall testsetwith 136faces.It will beof greatin-
terestto compareourmethodswith SVM on a largetestset
sinceSVM aims to find the optimal hyperplanethat min-
imizesthe generalizationerror underthe theoreticalupper
bounds.
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