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Abstract

Within thepastdecade,majoradvanceshave occurredin facerecognition.Many
systemshaveemergedthatarecapableof achieving recognitionratesin excessof 90%
accuracy undercontrolledconditions. In �eld settings,faceimagesaresubjectto a
wide rangeof variationthat includesviewing, illumination, occlusion,facial expres-
sion, time delaybetweenacquisitionof galleryandprobeimages,andindividual dif-
ferences.Thescalabilityof facerecognitionsystemsto suchfactorsis not well under-
stood.Wequanti�ed thein�uenceof thesefactors,individually andin combination,on
facerecognitionalgorithmsthat includedEigenfaces,Fisherfaces,andFaceIt. Image
dataconsistedof over 37,000imagesfrom 3 publicly availabledatabasesthatsystem-
atically vary in multiple factorsindividually and in combination:CMU PIE, Cohn-
Kanade,and AR databases.Our main �ndings are: 1) posevariationsbeyond �����

headrotationsubstantiallydepressedrecognitionrate,2) timedelay:picturestakenon
differentdaysbut underthesameposeandlighting conditionproducedaconsistentre-
ductionin recognitionrate,3) with somenotableexceptions,algorithmswererobustto
variationin facialexpression,but not to occlusion.We alsofoundsmallbut signi�cant
differencesrelatedto gender, whichsuggeststhatgreaterattentionbepaidto individual
differencesin futureresearch.Algorithm performanceacrossarangeof conditionswas
higherfor womenthanfor men.
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1 Intr oduction

Within the pastdecade,major advanceshave occurredin facerecognition. A large
numberof systemshasemerged that are capableof achieving recognitionratesof
greaterthan90%undercontrolledconditions.Successfulapplicationunderrealworld
conditionsremainsa challengethough. In �eld settings,faceimagesaresubjectto a
widerangeof variations.Theseincludeposeor view angle,illumination,occlusion,fa-
cial expression,timedelaybetweenimageacquisition,andindividualdifferences.The
scalabilityof facerecognitionsystemsto suchfactorsis not well understood.Most
researchhasbeenlimited to frontalviewsobtainedunderstandardizedilluminationon
the sameday with absenceof occlusionandwith neutralfacial expressionor slight
smile. Relatively few studies,e.g., [22] have testedfacerecognitionin the context
of multiple views or explored relatedproblems,e.g., [4]. Individual differencesin
subjects,suchaswhetheraccuracy is higher for oneor anotherethnicgroup, to our
knowledgehavenotbeenstudied.

Two notableexceptionsto the homogeneityof testingconditionsarethe FERET
competitionandrelatedstudies[23] and the Facial RecognitionVendorTest [3]. In
theperiodbetweenAugust1993andJuly 1996theFERETprogramcollected14,126
imagesfrom 1,199individuals.For eachsubjecttwo frontalviewswererecorded(sets
fa and fb), wherea different facial expressionwas requestedfor the fb image. For
a subsetof the subjectsa third frontal imagewastaken usinga differentcameraand
underdifferentillumination (setfc). A numberof subjectswerebroughtbackat later
datesto record“duplicate” images. For the duplicate I set the imageswere taken
between0 and1,031daysafter the initial recording(mean � 251days). A subsetof
this set, the duplicate II set,containsimagesof subjectswho returnedbetween540
and1,031daysafter the initial recording(mean � 627 days). In the �nal evaluation
in 1996/1997ten differentalgorithms,developedmostly by university researchlabs
wereevaluated.Thetestidenti�ed threealgorithmsastopperformers:PCA-difference
spacefrom MIT [19], Fisherlineardiscriminantfrom theUniversityof Maryland[33]
andthe DynamicLink Architecturefrom the Universityof SouthernCalifornia [31].
Furthermorethetestprovideda rankingof thedif�culty of thedifferentdatasetsin the
FERETdatabase.It wasfoundthatthefb setwastheeasiestandtheduplicateII setthe
hardest,with theperformanceon the fc andduplicateI setsrangingin betweenthese
two.

Oneof themain goalsof theFacial RecognitionVendorTestwastheassessment
of the capabilitiesof commerciallyavailable facial recognitionsystems. In the end
threevendors,VisionicsCorp., Lau TechnologiesandC-Vis completedthe required
testsin thegiventime. Theimageryusedin theevaluationspansa wide rangeof con-
ditions: compression,distance,expression,illumination, media,pose,resolutionand
time. Posewasmeasuredby askingsubjectsto rotatetheir headwhich wasinexact.
Subjectsvaried in their complianceandchangesin expressionoften coocurredwith
headrotation. Theposevariationwaslimited to a maximumof about ����� . Themost
dif�cult conditionswere temporal(11 to 13 monthsdifferencebetweenrecordings),
poseandespeciallydistance(changefrom 1.5mup to 5m). Thetop performingalgo-
rithm hadfew problemswith the categoriesexpression(regularvs. alternate),media
(digital imagesvs. 35mm�lm), resolution(decreasingfacesizes)andcompression(up
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to a factorof ���
	�� ). Theilluminationconditionprovedto bemoredif�cult, especially
whencomparingsubjectsunderindoormugshotlighting with subjectsrecordedout-
side. In themajority of theexperimentsVisionics' FaceItoutperformedtheothertwo
vendors.

For facesto bea usefulbiometric,facial featuresusedfor facerecognitionshould
remaininvariantto factorsunrelatedto personidentity thatmodify faceimageappear-
ance. While theoryandsomedatasuggestthat many of thesefactorsaredif�cult to
handle,it is not clearwhereexactly thedif�culties lie andwhat their causesmaybe.
In this paper, we quantify the exact dif�culties in facerecognitionas a function of
variationin factorsthat in�uence faceimageacquisitionandindividual differencesin
subjects.We focusonsix factors:

1. Viewing angle. The facehasa 3D shape. As the cameraposechanges,the
appearanceof thefacecanchangedueto a) projectivedeformation,which leads
to stretchingandforeshorteningof differentpart of face,andb) self occlusion
and dis-occlusionof partsof the face. If we have seenfacesonly from one
viewing angle,in generalit is dif�cult to recognizethemfrom disparateangles.
We investigatethe functional relation betweenviewing angleand recognition
andwhethersomeviewing anglesafford betteror worsegeneralizationto other
viewing angles.To investigatetheseissuesweusetheCMU PIEdatabasewhich
denselysamplesviewing anglesoveranarcof �
����� in thehorizontalplane(from
full pro�le left throughfrontal faceto full pro�le right).

2. Illumination. Justas with posevariation, illumination variation is inevitable.
Ambient lighting changesgreatlywithin andbetweendaysandamongindoor
andoutdoorenvironments.Dueto the3D shapeof theface,directlightingsource
cancastestrongshadows andshadingthataccentuateor diminishcertainfacial
features.Previous �ndings in the Facial RecognitionVendorTestsuggestthat
illumination changesdegraderecognition. However this �nding is dif�cult to
interpret. The effect of the illumination changein imagescanbe dueto either
of two factors,1) the inherentamountof light re�ected off of the skin and2)
thenon-linearadjustmentin internalcameracontrol,suchasgammacorrection,
contrast,andexposuresettings.Both canhave major effectson facial appear-
ance.While thelatteris lessnoticeablefor humans,it cancausemajorproblems
for computervision. Thesefactorswereconfoundedin theFacialRecognition
VendorTest. In our study, we will focuson re�ectancefrom theskin,whichwe
refer to asillumination, usingthewell sampledillumination portionof thePIE
database.We evaluatemain effectsand interactionsbetweenillumination and
viewing angleandotherfactors.

3. Expression. The faceis a non-rigid object. Facial expressionof emotionand
paralinguisticcommunicationalongwith speechactscananddo producelarge
variation in facial appearance.The numberof possiblechangesin facial ex-
pressionis reportedlyin the thousands.The in�uence of facial expressionon
recognitionis notwell understood.Previousresearchhasbeenlimited primarily
to neutralexpressionsandslight smiles. Becausefacial expressionaffects the
apparentgeometricalshapeandpositionof the facial features,the in�uence on
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recognitionmaybegreaterfor geometrybasedalgorithmsthanfor holisticalgo-
rithms. We usetheCohn-Kanadefacialexpressiondatabaseto investigatethese
issues.This databasesampleswell characterizedemotionsandexpressions.We
will askthequestions:1) doesfacialexpressionposea problemfor mostfacial
recognitionsystemand2) if so,whatarethechallengingexpressions?Weinves-
tigatetheconditionsunderwhichfacialexpressionmayeitherimpairor improve
facerecognition.

4. Occlusion. The facemay be occludedby otherobjectsin thesceneor by sun-
glassesor otherparaphernalia.Occlusionmay be unintentionalor intentional.
Undersomeconditionssubjectsmaybemotivatedto thwart recognitionefforts
by coveringportionsof their face.Sincein many situations,ourgoalis to recog-
nizenon-or evenun-cooperatingsubjects,we would like to know how dif�cult
it is to recognizepeoplegivencertainquantitativeandqualitativechangesin oc-
clusion. We examineunderwhich conditionssuchefforts may or may not be
successful.To investigateocclusionwe usethe AR database,which hastwo
differenttypesof facialocclusion,onefor theeyes,andonefor thelower face.

5. Time delay. Faceschangeover time. Therearechangesin hair style,makeup,
muscletensionandappearanceof the skin, presenceor absenceof facial hair,
glasses,or facialjewelry, andoverlongerperiodseffectsrelatedto aging.Weuse
theAR databaseto investigatetheeffectsof timedelayandinteractionsbetween
timedelayandexpression,illumination,andocclusion.

6. Individual factors. Algorithmsmaybemoreor lesssensitive for menor women
or membersof differentethnicgroups.Wefocusonthedifferencesbetweenmen
andwomenwith respectto algorithmperformance.Intuitively, femalesmightbe
harderto recognizebecauseof greateruseandday-to-dayvariationin makeupor
in structuralfacial features.Male andfemalefacesdiffer in both local features
andin shape[5]. Men's facesonaveragehavethickereyebrowsandgreatertex-
ture in the beardregion. In women's faces,the distancebetweenthe eyesand
brows is greater, the protuberanceof the nosesmaller, and the chin narrower
thanin men[5]. Peoplereadilydistinguishmalefrom femalefacesusingthese
andotherdifferences(e.g.,hair style), andconnectionistmodelinghasyielded
similar results[6, 17]. Little is known, however, aboutthe sensitivity of face
identi�cation algorithmsto differencesbetweenmen's andwomen's faces.The
relativeproportionsof menandwomenin trainingsamplesareseldomreported,
andidenti�cation resultstypically fail to mentionwhetheralgorithmsaremore
or lessaccuratefor onesex or theother. Otherfactorsthatmayin�uence iden-
ti�cation, suchas differencesin faceshapebetweenindividualsof European,
Asian,andAfrican ancestry[5, 8], havesimilarly beenignoredin pastresearch.
To addressthis issue,wewill useboththeAR database,whichhaswell balanced
proportionsof menandwomenin thedatabase,andFERET, which hasa much
largenumberof subjects.

This paperis organizedasfollows. In Section2, we describethe threedatabases,
containing37,954images,that form the basisof our experiments. In Section3 we
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describefacerecognitionsystemsusedin this report: (1) Eigenfaces,similar to Turk
andPentland[29], whichprovidesanessentialbenchmark,(2) FisherfacesusingFisher
lineardiscriminantssimilar to Belhumeuret al. [2], and(3) FaceIt,a leadingcommer-
cially available facerecognitionsystemfrom Visionics. Eigen- andFisherfacesare
widely known andpresentcommonbenchmarksfor evaluatingperformanceof other
facerecognitionalgorithms.FaceItwasthesystemwith thebestoverall performance
in the Facial RecognitionVendorTest and serves as an exampleof state-of-the-art
performancein facerecognition. In Section4 we presentresultsof eachexperiment.
Conclusionsanddiscussionarepresentedin Section5.

2 Description of Databases

2.1 Overview

Weuseimagesfrom threepublicly availabledatabasesin ourevaluation.Table1 gives
anoverview of theCMU PIE,Cohn-KanadeandtheAR database.

CMU PIE Cohn-Kanade AR DB
Subjects 68 105 116
Poses 13 1 1
Illuminations 43 3 3
Expressions 3 6 3
Occlusion 0 0 2
Sessions 1 1 2
Numberof images 41,368 1424 3288

Table1: Overview of thedatabasesusedin theevaluation.

2.2 CMU PoseIllumination Expression(PIE) database

The CMU PIE databasecontainsa total of 41,368imagestaken from 68 individuals
[27]. Thesubjectswereimagedin theCMU 3D Room[13] usinga setof 13 synchro-
nizedhigh-qualitycolor camerasand21 �ashes. The resultingimagesare640x480
in size,with 24-bit color resolution.Thesetupof theroomwith thecameraand�ash
locationsis shown in Figure1. Theimagesof asubjectacrossall 13posesis shown in
Figure2.

Eachsubjectwasrecordedunder4 conditions:

1. Expression: the subjectswereasked to displaya neutralface,to smile, andto
closetheir eyesin orderto simulatea blink. The imagesof all 13 camerasare
availablein thedatabase.

2. Illumination 1: 21 �asheswereindividually turnedon in a rapid sequence.In
the�rst settingtheimageswerecapturedwith theroomlights on. Eachcamera

4



recorded24 images,2 with no �ashes,21 with one�ash �ring andthena �nal
imagewith no �ashes. Only theoutputof threecameras(frontal, three-quarter
andpro�le view) waskept.

3. Illumination 2: theprocedurefor theillumination 1 wasrepeatedwith theroom
lightsoff. Theoutputof all 13cameraswasretainedin thedatabase.Combining
thetwo illuminationsettings,a totalof 43differentilluminationconditionswere
recorded.

4. Talking: subjectscountedstartingat 1. 2 seconds(60 frames)of themtalking
wererecordedusing3 camerasasabove(againfrontal, three-quarterandpro�le
view).

Figure3 showsexamplesfor 12differentilluminationconditionsacrossthreeposes.

10 of 13
cameras

17 of 21
flashes

(a)Camerapositions (b) Flashpositions

Figure1: Picturesof theCMU 3D roomsetup.10 of the13 camerasareindicatedin (a). (b)
shows 17of the21 �ash locations.

c07

c27

c22 c02 c37 c05

c25 c09 c31

c29 c11 c14 c34

Figure2: Posevariationin thePIE database[27]. Theposevariesfrom full left pro�le (c34)
to full frontal (c27)andon to full right pro�le (c22). The9 camerasin thehorizontalsweepare
eachseparatedby about����� �
� . The4 othercamerasinclude1 above (c09)and1 below (c07)the
centralcamera,and2 in thecornersof theroom(c25andc31),typical locationsfor surveillance
cameras.
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f02f04 f18 f10 f06 f08 f11 f12 f21 f13 f16f15

c27

c11

c34

Figure3: Illumination variationin thePIE database.The�gure shows twelve �ash conditions
acrossthreeheadposes.

2.3 Cohn-KanadeAU-CodedFacial ExpressionDatabase

This is apublicly availabledatabasefrom CarnegieMellon University[12]. It contains
imagesequencesof facial expressionfrom menandwomenof varying ethnicback-
grounds.Thecameraorientationis frontal. Smallheadmotion is present.Imagesize
is 640by 480pixelswith 8-bit grayscaleresolution.Therearethreevariationsin light-
ing: ambientlighting, single-high-intensitylamp,anddualhigh-intensitylampswith
re�ectiveumbrellas.FacialexpressionsarecodedusingtheFacialAction CodingSys-
tem[7] andalsoassignedemotion-speci�edlabels.For thecurrentstudy, weselecteda
totalof 1424imagesfrom 105subjects.Emotionexpressionsincludedhappy, surprise,
anger, disgust,fear, andsadness.Examplesfor thedifferentexpressionsareshown in
Figure4.

Figure4: Cohn-KanadeAU-CodedFacialExpressiondatabase.Examplesof emotion-speci�ed
expressionsfrom imagesequences.

2.4 AR FaceDatabase

The publicly availableAR databasewascollectedat the ComputerVision Centerin
Barcelona[18]. It containsimagesof 116individuals(63 malesand53 females).The
imagesare 768x576pixels in size with 24-bit color resolution. The subjectswere
recordedtwice at a 2-weekinterval. During eachsession13 conditionswith varying
facialexpressions,illumination, andocclusionwerecaptured.Figure5 shows anex-
amplefor eachcondition.
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01 02 03 04 05 06 07

08 09 10 11 12 13

Figure5: AR database.Theconditionsare:(1) neutral,(2) smile,(3) anger, (4) scream,(5) left
light on, (6) right light on, (7) both lights on, (8) sunglasses,(9) sunglasses/leftlight (10) sun
glasses/rightlight, (11)scarf,(12) scarf/leftlight, (13)scarf/rightlight

3 FaceRecognitionAlgorithms

Most of the currentfacerecognitionalgorithmscanbe categorizedinto two classes,
imagetemplatebasedor geometryfeature-based.The templatebasedmethods[1]
computethecorrelationbetweena faceandoneor moremodeltemplatesto estimate
the faceidentity. Statisticaltools suchasSupportVectorMachines(SVM) [30, 20],
Linear DiscriminantAnalysis (LDA) [2], PrincipalComponentAnalysis (PCA) [28,
29], KernelMethods[26, 16], andNeuralNetworks [25, 11, 15] have beenusedto
constructa suitableset of facetemplates. While thesetemplatescan be viewed as
features,they mostly captureglobal featuresof the faceimages. Facial occlusionis
oftendif�cult to handlein theseapproaches.

Thegeometryfeature-basedmethodsanalyzeexplicit localfacialfeatures,andtheir
geometricrelationships.Cootesetal. havepresentedanactiveshapemodelin [14] ex-
tendingthe approachby Yuille [32].Wiskott et al. developedan elasticBunchgraph
matchingalgorithmfor facerecognitionin [31]. Penev et. al [21] developedPCA into
LocalFeatureAnalysis(LFA). This techniqueis thebasisfor oneof themostsuccess-
ful commercialfacerecognitionsystems,FaceIt. The following sectionsdescribethe
algorithmsthatareusedin ourexperimentsin moredetail.

3.1 Principal ComponentAnalysis

PrincipalComponentAnalysis(PCA) is a methodfor the unsupervisedreductionof
dimensionality. Assumethat a set of � sampleimages �����������������������! #"%$'&)( is
given.Eachimagebelongsto oneof * classes�,+-�.�/+0�����������/+01#" . We de�ne thetotal
scattermatrix 243 as
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that maximizesthe determinantof the total scattermatrix of the projectedsamples
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This scatterstemsfrom inter-classvariationsbetweentheobjects,aswell asfrom
intra-classvariationwithin theobjectclasses.Most of thedifferencesbetweenfaces
aredueto externalfactorssuchasviewing directionandillumination. As PCA does
not differentiatebetweeninter-classand intra-classvariation it fails to discriminate
well betweenobjectclasses.

3.2 Linear Discriminant Analysis

A alternative approachis Fisher's LinearDiscriminant(FLD) [9], alsoknown asLin-
earDiscriminantAnalysis(LDA) [33], which usesthe availableclassinformationto
computea projectionbettersuitedfor discriminationtasks.We de�ne thewithin-class
scattermatrix 2YX as
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Dueto thestructureof thedatathewithin-classscattermatrix 2
X is alwayssingular.

We canovercomethis problemby �rst usingPCA to reducethe dimensionalityand
thenapplyingLDA [2]. Theoverallprojectionis thereforegivenby k
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3.3 The Classi�cation Algorithm

In orderto determinetheclosestgalleryvectorfor eachprobevectorweperformnear-
estneighborclassi�cationusingtheMahalanobisdistancemetricin thePCAandLDA
subspaces.For input vectors< and i theMahalanobisdistanceis de�ned as
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where p

q4� is theinverseof thedatacovariancematrix.
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3.4 FaceIt

FaceIt's recognitionmoduleis basedonLocalFeatureAnalysis(LFA) [21]. This tech-
niqueaddressestwo majorproblemsof PrincipalComponentAnalysis.Theapplication
of PCAto asetof imagesyieldsaglobalrepresentationof theimagefeaturesthatis not
robust to variability dueto localizedchangesin the input [10]. FurthermorethePCA
representationis nontopographic,sonearbyvaluesin thefeaturerepresentationdonot
necessarilycorrespondto nearbyvaluesin the input. LFA overcomestheseproblems
by using localizedimagefeaturesin form of multi-scale�lters. The featureimages
arethenencodedusingPCA to obtaina compactdescription.Accordingto Visionics,
FaceItis robustagainstvariationsin lighting, skin tone,eye glasses,facialexpression
andhair style.They furthermoreclaim to beableto handleposevariationsof up to 35
degreesin all directions.We systematicallyevaluatedtheseclaims.

4 Evaluation

Following Phillips et. al. [24] we distinguishbetweengallery andprobeimages.The
gallerycontainsthe imagesof known individualsagainstwhich unknown imagesare
matched. The algorithmsare testedwith the imagesin the probesets. All results
reportedherearebasedon non-overlappinggalleryandprobesets(with theexception
of thePIEposetest).Weusethecloseduniversemodelfor evaluatingtheperformance,
meaningthatevery individual in theprobesetis alsopresentin thegallery.

4.1 FaceLocalization and Registration

Facerecognitionis a two stepprocessconsistingof facedetectionand recognition.
First, thefacehasto be locatedin the imageandregisteredagainstaninternalmodel.
Theresultof thisstageis anormalizedrepresentationof theface,whichtherecognition
algorithmcanbeappliedto. While FaceIthasits own face�nding modulewe have to
providenormalizedimagesto PCAandLDA. Wemanuallylabeledthex-y positionsof
botheyes(pupils)andthetip of thenosein all imagesusedin theexperiments.Within
eachconditionseparatelythefaceimagesarenormalizedfor rotation,translation,and
scale.The faceregion is thentightly croppedusingthenormalizedfeaturepoint dis-
tances.Figure6 shows the resultof faceregion extractionfor two cameras(c27 and
c37)of thePIEdatabase.

4.2 GenericTraining Data

For theconstructionof thePCA andLDA representationswe randomlyselecthalf of
the subjectsin eachevaluationconditionasgenerictraining data. During this stage
bothalgorithmsarepresentedwith imagesfrom all galleryandprobeconditions.The
testingis thendoneon thesetof remainingsubjectswith non-overlappinggalleryand
probesets.As FaceItis alreadyfully trainedwereportresultsoverthefull datasetwith
all subjectsfor all evaluationconditions.
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c27

c37

(a) Input (b) Scaled

& Rotated

(c) Cropped

Figure6: Facenormalization.Theoriginal imagesfrom cameraviews c27andc37areshown
togetherwith thenormalizedandcroppedfaceregion.

4.3 Posewith Constant Illumination

Using the CMU PIE databasewe evaluatethe performanceof facerecognitionalgo-
rithmswith respectto posevariationsin greatdetail.Weexhaustivelysampledthepose
spaceby usingeachposein turnasgallerywith theremainingposesasprobes.

Pose
Gallery Eachof 13poseimagesin PIE,with roomlighting.
Probe All 13poseimagesin PIE,with roomlighting.

Figure7 visualizesthe confusionmatrix for PCA, LDA andFaceIt. The numerical
resultsfor FaceItarelistedin Table2.

0  

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1  

c34 c31 c14 c11 c29 c09 c27 c07 c05 c37 c25 c02 c22

c34

c31

c14

c11

c29

c09

c27

c07

c05

c37

c25

c02

c22

(a) PCA (b) LDA (c) FaceIt

Figure7: Comparisonof the poseconfusionmatrix for PCA, LDA andFaceIt. The gallery
poses(seeFigure2) areshown alongthex-axis,theprobeposesalongthey-axis.

Of particular interestis the questionhow far the algorithm can generalizefrom
given gallery poses. For a frontal gallery pose,the recognitionrateof FaceItdrops
rapidly below 90%for headrotationbeyond �ns

� (correspondsto camerapositions11
and37in Figure2),andtherecognitionrateof LDA dropsbelow 80%for headrotation
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t

-66 -47 -46 -32 -17 0 0 0 16 31 44 44 62
u 3 13 2 2 2 15 2 1.9 2 2 2 13 3

ProbePose c34 c31 c14 c11 c29 c09 c27 c07 c05 c37 c25 c02 c22
GalleryPose

c34 1.00 0.03 0.01 0.00 0.00 0.03 0.04 0.00 0.01 0.03 0.01 0.00 0.01
c31 0.01 1.00 0.12 0.16 0.15 0.09 0.04 0.06 0.04 0.03 0.06 0.00 0.01
c14 0.04 0.16 1.00 0.28 0.26 0.16 0.19 0.10 0.16 0.04 0.03 0.03 0.01
c11 0.00 0.15 0.29 1.00 0.78 0.63 0.73 0.50 0.57 0.40 0.09 0.01 0.03
c29 0.00 0.13 0.22 0.87 1.00 0.75 0.91 0.73 0.68 0.44 0.03 0.01 0.03
c09 0.03 0.01 0.09 0.68 0.79 1.00 0.95 0.62 0.87 0.57 0.09 0.01 0.01
c27 0.03 0.07 0.13 0.75 0.93 0.94 1.00 0.93 0.93 0.62 0.06 0.03 0.03
c07 0.01 0.07 0.12 0.38 0.70 0.57 0.87 1.00 0.73 0.35 0.03 0.03 0.00
c05 0.01 0.03 0.13 0.54 0.65 0.75 0.91 0.75 1.00 0.66 0.09 0.01 0.03
c37 0.00 0.03 0.04 0.37 0.35 0.43 0.53 0.23 0.60 1.00 0.10 0.04 0.00
c25 0.00 0.01 0.01 0.06 0.04 0.07 0.04 0.03 0.06 0.07 0.98 0.04 0.04
c02 0.00 0.01 0.03 0.03 0.01 0.01 0.01 0.04 0.01 0.01 0.04 1.00 0.03
c22 0.00 0.01 0.01 0.01 0.01 0.03 0.03 0.03 0.03 0.04 0.03 0.00 1.00

Table2: Confusiontablefor posevariation. Eachrow of theconfusiontableshows therecog-
nition rateoneachof theprobeposesgivena particulargallerypose.

beyond �,v�� . Furthermore,for mostnon-frontalposes,facegeneralizabilitygoesdown
drastically, evenfor close-byposes.Thiscanbeseenin moredetail in Figure8.
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(a) Frontalposeasgallery (b) Pro�le poseasgallery

Figure8: Generalizabilityvarieswith gallery pose. The frontal posehasgoodgeneralizabil-
ity up to w
�
� for FaceItandup to x8y
� for LDA. For the pro�le view the performanceis low
everywhereoutsidethegallerypose.

We thenaskedthequestion,if we canimprovetheperformanceby providing mul-
tiple faceposesin the galleryset? Intuitively, givenmultiple faceposes,with corre-
spondencebetweenthefacialfeatures,onecanhaveabetterchanceof predictingnovel
faceposes.In our experimentswith FaceItwe did not �nd any evidenceof an addi-
tionalgainthroughmultiple facegalleryposes.Thissuggeststhat3D facerecognition
approachescouldhaveanadvantageovernaiveintegrationof multiplefaceposes,such
asin theproposed2D statisticalSVM or relatednon-linearKernelmethods.
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4.4 Illumination with Frontal Pose

For this test,thePIE andAR databasesareused.As describedin Section2.2 thePIE
databasecontainstwo illuminationsets.In Illumination 1, imagesweretakenwith the
roomlights on, whereasfor the Illumination 2 setthe imageswerecapturedwith the
roomlights turnedoff.

PIE Illumination 1
Gallery Frontalpose,roomilluminationwithout �ash
Probe Frontalpose,roomilluminationwith 21 �ash conditions

PIE Illumination 2
Gallery: Frontalpose,frontal �ash illumination,no roomlight
Probe: Frontalpose,all 21 �ash conditions,no roomlight

AR database
Gallery: Frontalpose,roomillumination
Probe: Frontalpose,illumination from left, right andfrom bothdirections

Table3 shows therecognitionaccuraciesof thealgorithmsin eachof theexperiments.
Theresultson thePIE databaseareconsistentwith theoutcomeof theexperimentson
the AR database.Overall, the performanceof FaceItandFisherfacesareacceptable
in mostof the illumination conditions.The overall trendis that thePIE Illumination
1 experimentis the easiest,the AR experimentsareslightly moredif�cult, andPIE
Illumination 2 is themostdif�cult. Theresultis understandableasin a largenumber
of Illumination2 images,signi�cant portionsof thefacesareinvisible,seeFigure3.

PIE1 PIE2 ARDB 05 ARDB 06 ARDB 07
PCA 0.89 0.61 0.81 0.79 0.82
LDA 0.96 0.69 0.87 0.82 0.86
FaceIt 1.0 0.91 0.96 0.93 0.86

Table3: Illumination results.PIE 1 and2 referto thetwo illumination conditionsdescribedin
Section2.2. AR05,AR06,AR07 aretheleft, right, bothlight on conditionsin theAR database
asshown in Figure5.

While theseresultsmayleadoneto concludethatfacerecognitionunderillumina-
tion is a solved problem,we would like to cautionthat the illumination changemay
still causea major problemwhenit is coupledwith otherchanges(expression,pose,
etc.).
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4.5 Poseand Illumination Combined

To testthis we evaluatedthecombinedeffect of poseandillumination changeson the
performanceof FaceIt.

Poseand Illumination
ThreePIEposes05,27,29(frontal),

Gallery: 12 �ash conditionsfrom theIllumination2 set.
PIEposes02 (right pro�le) and07 (lower frontal),

Probe: 12 �ash conditionsfrom theIllumination2 set.

Figure9 shows the illumination confusionmatricesfor FaceIt. We seein Figure9(b)
that,for theright pro�le pose,lighting from theleft producesrecognitionfailures,since
mostof thefacewill beinvisible. In Figure9(a)we seethat,while for frontalposethe
lighting conditionshave bettergeneralizibility, far apartlighting anglescausedif�cul-
tiesfor FaceIt.In separation,frontal-to-frontalrecognitionandrecognitionacrossillu-
minationarewell handled.However, whencoupledthey cancausesigni�cant degra-
dationin facerecognitionaccuracy.
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(a) Probe07Pose (b) Probe02Pose
lower frontal right pro�le

Figure9: FaceItillumination-to-illuminationconfusionmatrixfor two cameraprobeposes.The
gallery illumination conditionsareshown along the x-axis, the probeillumination conditions
acrossthey-axis.The�ashesaresortedfrom far left to far right (asseenfrom thesubject).

4.6 Expressionwith Frontal Poseand Constant Illumination

Facesundergo large deformationsunderfacial expressions.Humanscaneasilyhan-
dle this variation,but we expectedthe algorithmsto have problemswith the expres-
sion databases.Table4 shows the resultsof the3 algorithmsin this experiments.To
our surpriseFaceItandLDA performedvery well on the Cohn-Kanadeandthe AR
database,with thenotableexceptionof thescream(AR04)setof theAR database.For
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Expression
Gallery: Cohn-Kanade/AR,frontalpose,roomillumination,neutralexpression
Probe: Cohn-Kanade/AR,frontalpose,roomillumination,expressions

mostfacialexpressions,thefacialdeformationis centeredaroundthelowerpartof the
face. This might leave suf�cient invariantinformationin the upperfacefor recogni-
tion, which resultsin a high recognitionrate. Theexpression“scream”haseffectson
boththeupperandthelower faceappearance,which leadsto asigni�cant fall off in the
recognitionrate.Thisindicatesthat1) facerecognitionunderextremefacialexpression
still remainsanunsolvedproblem,and2) temporalinformationcanprovidesigni�cant
additionalinformationin facerecognitionunderexpression.

Cohn-Kanade AR 02 AR 03 AR 04
PCA 0.78 0.87 0.86 0.39
LDA 0.97 0.96 0.89 0.60
FaceIt 0.97 0.96 0.92 0.76

Table4: Expressionresults.AR 02, AR 03 andAR 04 refer to theexpressionchangesin the
AR databaseasshown in Figure5. All threealgorithmsperformreasonablywell underfacial
expression,however the“scream”expression,AR 04,produceslargerecognitionerrors.

4.7 Occlusion with Frontal Poseand Three Illumination Condi-
tions

For theocclusiontestswe look at imageswherepartsof the faceareinvisible for the
camera.The AR databaseprovidestwo scenarios:subjectswearingsunglassesand
subjectswearingascarfaroundthelowerportionof theface.Therecognitionratesfor

Occlusion
Gallery: Frontalpose,roomillumination,noocclusion
Probe: Frontalpose,oneof threeilluminationconditions,sunglassesor scarf

thesunglassimages,asshown in Table5, areaccordingto expectations:it is dif�cult
for facerecognitionsystem.Theresultfurtherdeteriorateswhentheleft or right light
is switchedon (AR09 andAR10). Furthermore,the test revealsthat FaceIt is more
vulnerableto upperfaceocclusionthaneitherPCA or LDA. Facialocclusion,partic-
ularly upperfaceocclusion,remainsa dif�cult problemyet to be solved. Interesting
openquestionsare1) whatarethefundamentallimits of any recognitionsystemunder
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variousocclusions,and2) to whatextendcanotheradditionalfacial information,such
asmotion,providethenecessaryhelpfor facerecognitionunderocclusion.

AR 08 AR 09 AR 10 AR 11 AR 12 AR 13
PCA 0.48 0.26 0.21 0.27 0.21 0.11
LDA 0.45 0.31 0.27 0.44 0.33 0.31
FaceIt 0.10 0.09 0.06 0.81 0.72 0.72

Table5: Occlusionresults.AR08,AR09,AR10referto theupperfacialocclusions,andAR11,
AR12, AR13 refer to the lower facialocclusionsasshown in Figure5. Upperfacialocclusion
causesa majordropin recognitionrates.

4.8 Time Delay

Figure10showstheperformanceof all threealgorithmsacrossAR databaseconditions
for threedifferentgallery/probecon�gurations.For thesession1 andsession2 curves
thegalleryandprobeimagesweretakenfrom thesamerecordingsession.In thema-
jority of conditionsthesetwo curvesareidentical.Thethird curve labeledsession1/2
showstheperformancefor runningFaceItwith theneutralimageof session1 asgallery
andtheimagesof session2 asprobe.Eventhoughtheimagesfor thetwo sessionswere
recordedonly two weeksapart,therecognitionperformancedegradesvisibly acrossall
conditions.Thisdropin performanceis observablefor all threealgorithms.

Time Delay: Session1
Gallery: Condition01 �rst recordingsession
Probe: Conditions02-13�rst recordingsession

Time Delay: Session2
Gallery: Condition01secondrecordingsession
Probe: Conditions02-13secondrecordingsession

Time Delay: Session1/2
Gallery: Condition01 �rst recordingsession
Probe: Conditions02-13secondrecordingsession

4.9 Gender

Weevaluatedthein�uenceof genderonfacerecognitionalgorithmsontheAR database
dueto its balancedratiobetweenthefemaleandmalesubjects.Theresultsrevealasur-
prisingtrend:betterrecognitionratesareconsistentlyachievedfor femalesubjects.Av-
eragedacrosstheconditions(excludingthetestsAR08-10whereFaceItbreaksdown)
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Figure10: Resultson the ARDB databasefor multiple sessionsfor PCA, LDA andFaceIt.
Excludingthethreeworstconditionstheperformancesdropby 18.1%for PCA,21.9%for LDA
and18.2%for FaceIt.

the recognitionratefor malesubjectsis 83.4%,while the recognitionratefor female
subjectsis 91.66%.WereplicatedthistestoverthemuchlargerFERETdatabase(1,199
subjects).For the fb setFaceItachievesa recognitionrateof 93.7%for femalesub-
jectsand87.6%for malesubjects.Thedifferencein performancefor maleandfemale
subjectsis statisticallysigni�cant (chisquare,zc�{��� ������� ). This opensup many in-
terestingquestionson facerecognition. In particularit raisesthe questions:1) what
makesone faceeasierto recognizethan another, and 2) are therefaceclasseswith
similar recognizability.

5 Discussion

To summarizetheresultsin previousexperiments,we seethat:

1. Pose:Posevariationstill presentsachallengefor facerecognition.Frontaltrain-
ing imageshave bettergeneralizabilityto novel posesthando non-frontaltrain-
ing images.For a frontal trainingpose,we canachieve reasonablerecognition
ratesof above 90% for ��sn� headrotation. In �eld applications,however, even
this rangeof viewing anglesmayprove insuf�cient. Securitycamerasoftenare
positionednearceilingsandcorners,thuscreatingviewing anglesthatareout-
sideof theeffective limits weobserved.

2. Illumination: Pureillumination changeson thefacearehandledwell by current
facerecognitionalgorithms. However, facerecognitionsystemshave dif�cul-
ties in extremeillumination conditionsin which signi�cant partsof thefaceare
invisible. Furthermore,it canbecomeparticularlydif�cult when illumination
is coupledwith posevariation. Our �ndings for illumination areseeminglyat
variancewith thoseof theFacialRecognitionVendorTest. In the latter, illumi-
nationwasa signi�cant problemfor the algorithms. Becauseillumination and
non-linearvariationin cameracharacteristicswereconfoundedin theFRVT, our
resultssuggestthat it wasnon-linearcameracharacteristicsthatwereprimarily
responsiblefor theeffectsthey interpretedasdueto illumination.
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3. Expression:With theexceptionof extremeexpressionssuchasscream,thealgo-
rithmsarerelatively robust to facialexpression.Deformationof themouthand
occlusionof the eyesby eye narrowing andclosingpresenta problemfor the
algorithms.

4. Occlusion:Theperformanceof thefacerecognitionalgorithmsunderocclusion
is in generalpoor. Therearehowever importantdifferencesamongalgorithms
in this regard.FaceItprovesrobustwith respectto lower faceocclusionbut fails
with upper-faceocclusion. PCA and LDA show the oppositepattern. These
�ndings suggestthatoptimalresultsmightbeachievedby combiningfeaturesof
differentapproaches.

5. Timedelaybetweengallery andprobeimages: Time delaybetweenacquisition
of gallery andprobeimagescancausedegradationin facerecognitionperfor-
mance.In theAR database,with recordingsessionsjust 2 weeksapart,we see
a signi�cant differenceof about20% in recognitionrate. The effectsof time
arelikely to benon-linearover longerperiodsof changewith development.The
accuracy of recognitionalgorithmsin childrenandacrossdevelopmentalperiods
(e.g.,childhoodto adolescence)to ourknowledgeremainsunexplored.

6. Gender: We foundsurprisinglyconsistentdifferencesof facerecognitionrates
relatedto gender. In two databases(AR andFERET) the recognitionrate for
femalesubjectsis higher than for malesacrossa rangeof perturbations.One
hypothesisis thatwomeninvestmoreeffort into modifying their facialappear-
ance,by useof cosmetics,for instance,which leadsto greaterdifferentiation
amongwomenthanmen. Alternatively, algorithmsmaysimply bemoresensi-
tive to structuraldifferencesbetweenthefacesof womenandmen.The�nding
thatalgorithmsaremoresensitive to women's facessuggeststhat theremaybe
otherindividual differencesrelatedto algorithmperformance.Algorithmsmay,
for instance,provemoreaccuratefor someethnicgroupsor agesthanothers.

Theseexperimentsin totalshow thatchallengingproblemsremainin facerecog-
nition. Pose,occlusion,andtime delayvariationin particularpresentthemost
dif�culties.

While our studyhasrevealedmany challengesfor currentfacerecognitionre-
search,the currentstudyhasseveral limitations. One,we did not examinethe
effect of faceimagesizeon algorithmperformancein the variousconditions.
Minimum sizethresholdsmaywell differ for variouspermutations,whichwould
beimportantto determine.Two, thein�uence of racialor ethnicdifferenceson
algorithmperformancecouldnot beexamineddueto thehomogeneityof racial
andethnicbackgroundsin thedatabases.While largedatabaseswith ethnicvari-
ation areavailable, they lack the parametricvariation in lighting, shape,pose
andotherfactorsthatwerethe focusof this investigation.Three,faceschange
dramaticallywith development,but the in�uence of changewith development
onalgorithmperformancecouldnotbeexamined.Fourth,while wewereableto
examinethecombinedeffectsof somefactors,databasesareneededthatsupport
examinationof all ecologicallyvalid combinations,whichmaybenon-additive.
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Theresultsof thecurrentstudysuggestthatgreaterattentionbepaidto themul-
tiple sourcesof variationthatarelikely to affect facerecognitionin naturalenvi-
ronments.

Acknowledgements
We wish to thankTakeoKanade,SimonBaker, Iain Matthews andHenrySchneider-
manfor usefulfeedback,PeterMetesfor labelingthedataandAleksandraSlavkovic
for thestatisticalevaluations.The researchdescribedin this paperwassupportedby
U.S. Of�ce of Naval ResearchcontractN00014-00-1-0915. Portionsof the research
in this paperusethe FERET databaseof facial imagescollectedunderthe FERET
program.

18



References

[1] RobertJ.Baron.Mechanismsof humanfacialrecognition.InternationalJournal
of Man-MachineStudies, 15(2):137–178,1981.

[2] P. N. Belhumeur, J.P. Hespanha,andD. J.Kriegman.Eigenfacesvs. �sherfaces:
Recognitionusingclassspeci�c linearprojection.IEEE Transactionson Pattern
AnalysisandMachineIntelligence, 19(7):711–720,July1997.

[3] D.M. Blackburn,M. Bone,andP.J.Philips. Facialrecognitionvendortest2000:
evaluationreport,2000.

[4] V. Blanz,S. Romdhani,andT. Vetter. Faceidenti�cation acrossdifferentposes
andilluminationwith a3dmorphablemodel.In 5th InternationalConferenceon
AutomaticFaceandGesture Recognition, 2002.

[5] V. BruceandA. Young.In theeyeof thebeholder:Thescienceof faceperception.
OxfordUniversityPress,1998.

[6] G.W. Cottrell andJ. Metcalfe. Empath:Face,emotion,andgenderrecognition
usingholons.In R.P. Lippmann,J.E.Moody, andD.S.Touretzky, editors,Neural
informationprocessingsystems, volume3, pages53–60,SanMateo,CA, 1991.
MorganKaufmann.

[7] P. EkmanandW.V. Friesen.Facial ActionCodingSystem. ConsultingPsycholo-
gist Press,1978.

[8] L.G. FarkasandI.R. Munro.Anthropometricfacial proportionsin medicine. C.C.
Thomas,Spring�eld, IL, 1987.

[9] K. Fukunaga. Introductionto statisticalpatternrecognition. AcademicPress,
1990.

[10] R. Gross,J. Yang,andA. Waibel. Facerecognitionin a meetingroom. In Pro-
ceedingsof the Fourth IEEE InternationalConferenceon AutomaticFaceand
GestureRecognition, Grenoble,France,2000.

[11] A. JonathanHowell andHilary Buxton. Invariancein radialbasisfunctionneural
networks in humanfaceclassi�cation. Neural ProcessingLetters, 2(3):26–30,
1995.

[12] T. Kanade,J.F. Cohn,andY. Tian. Comprehensive databasefor facial expres-
sion analysis. In Proceedingsof the Fourth IEEE InternationalConferenceon
AutomaticFaceandGesture Recognition, pages46–53,Grenoble,France,2000.

[13] T. Kanade,H. Saito,andS. Vedula. The 3d room: Digitizing time-varying 3d
eventsby synchronizedmultiple videostreams.TechnicalReportCMU-RI-TR-
98-34,RoboticsInstitute,CarnegieMellon University, Pittsburgh,PA, December
1998.

19



[14] AndreasLanitis, ChristopherJ.Taylor, andTimothy FrancisCootes.Automatic
interpretationandcodingof faceimagesusing�e xible models. IEEE Transac-
tionsonPatternAnalysisandMachineIntelligence, 19(7):743–756,1997.

[15] SteveLawrence,C. LeeGiles,Ah ChungTsoi,andAndrew D. Back.Facerecog-
nition: A convolutionalneuralnetwork approach.IEEE Transactionson Neural
Networks, 8(1):98–113,1998.

[16] Y. Li, S.Gong,andH. Liddell. Supportvectorregressionandclassi�cationbased
multi-view facedetectionandrecognition.In IEEE InternationalConferenceon
AutomaticFaceandGestureRecognition, March2000.

[17] A.J.Luckman,N.M Allison, A. Ellis, andB.M. Flude.Familiar facerecognition:
A comparative studyof a connectionistmodelandhumanperformance.Neuro-
computing, 7:3–27,1995.

[18] A. R. MartinezandR. Benavente. TheAR facedatabase.TechnicalReport24,
ComputerVisionCenter(CVC)TechnicalReport,Barcelona,Spain,June1998.

[19] BabackMoghaddamandAlex Paul Pentland. Probabilisticvisual learningfor
objectrepresentation.IEEETransactionsonPatternAnalysisandMachineIntel-
ligence, 19(7):696–710,1997.

[20] E. Osuna,R. Freund,andF. Girosi. Trainingsupportvectormachines:An appli-
cationto facedetection,1997.

[21] P. Penev andJ. Atick. Local featureanalysis: A generalstatisticaltheory for
objectrepresentation,1996.

[22] A.P. Pentland, B. Moghaddam,and T. Starner. View-basedand modular
eigenspacesfor facerecognition.In Proceedingsof the2001ConferenceonCom-
puterVisionandPatternRecognition, 1994.

[23] P. JonathonPhillips, Harry Wechsler, Jeffrey S. Huang,and Patrick J. Rauss.
The FERETdatabaseandevaluationprocedurefor face-recognitionalgorithms.
ImageandVisionComputing, 16(5):295–306,1998.

[24] P.J.Phillips, H. Moon, S.Rizvi, andP.J Rauss.TheFERETevaluationmethod-
ologyfor face-recognitionalgorithms.IEEETransationsonPAMI, 22(10):1090–
1104,2000.

[25] T. PoggioandK.-K. Sung.Example-basedLearningfor View-basedHumanFace
Detection.In 1994ARPA ImageUnderstandingWorkshop, volumeII, November
1994.

[26] B. Schoelkopf,A. Smola,andK.-R. Muller. Kernalprincipalcomponentanalysis.
In Arti�cial Neural NetworksICANN97, 1997.

[27] T. Sim,S.Baker, andM. Bsat.TheCMU pose,illumination,andexpression(PIE)
database.In Proc. of the5th IEEE InternationalConferenceon AutomaticFace
andGestureRecognition, 2002.

20



[28] L. Sirovich andM. Kirby. Low-dimensionalprocedurefor thecharacterizationof
humanfaces.Journalof OpticalSocietyof America, 4(3):519–524,March1987.

[29] Matthew Turk andAlex Paul Pentland.Eigenfacesfor recognition. Journal of
CognitiveNeuroscience, 3(1):71–86,1991.

[30] Vladimir N. Vapnik. Thenature of statisticallearning theory. SpringerVerlag,
Heidelberg, DE, 1995.

[31] LaurenzWiskott, Jean-MarcFellous, Norbert Krüger, and Christophvon der
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