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Abstract

Within the pastdecademajor advanceshave occurredin facerecognition. Many
systemdave emegedthatarecapableof achiering recognitionratesin excessof 90%
accurag undercontrolledconditions. In eld settings,faceimagesare subjectto a
wide rangeof variationthat includesviewing, illumination, occlusion,facial expres-
sion, time delaybetweenacquisitionof gallery andprobeimages,andindividual dif-
ferencesThescalabilityof facerecognitionsystemgo suchfactorsis notwell under
stood.We quanti edthein uence of thesefactorsjndividually andin combinationpn
facerecognitionalgorithmsthatincludedEigenfaces Fisherfices,and Facelt. Image
dataconsistedf over 37,000imagesfrom 3 publicly availabledatabasethatsystem-
atically vary in multiple factorsindividually andin combination: CMU PIE, Cohn-
Kanade,and AR databases.Our main ndings are: 1) posevariationsbeyond
headrotationsubstantiallydepressedecognitionrate,2) time delay: picturestakenon
differentdaysbut underthe sameposeandlighting conditionproduceda consistente-
ductionin recognitionrate,3) with somenotableexceptionsalgorithmswererobustto
variationin facialexpressionput notto occlusion.We alsofound smallbut signi cant
differenceselatedto genderwhich suggestshatgreatemttentionbepaidto individual
differencesn futureresearchAlgorithm performancecrossarangeof conditionswvas
higherfor womenthanfor men.
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1 Intr oduction

Within the pastdecade major advanceshave occurredin facerecognition. A large
numberof systemshasemeged that are capableof achieving recognitionrates of
greaterthan90% undercontrolledconditions.Successfuapplicationunderrealworld
conditionsremainsa challengethough. In eld settings faceimagesaresubjectto a
widerangeof variations.Thesdncludeposeor view angle,illumination, occlusionfa-
cial expressiontime delaybetweerimageacquisition,andindividual differencesThe
scalability of facerecognitionsystemso suchfactorsis not well understood.Most
researcthasbeenlimited to frontal views obtainedunderstandardizedlumination on
the sameday with absencef occlusionand with neutralfacial expressionor slight
smile. Relatvely few studies,e.g.,[22] have testedfacerecognitionin the context
of multiple views or explored relatedproblems,e.g.,[4]. Individual differencesin
subjects suchaswhetheraccurag is higherfor one or anotherethnic group,to our
knowledgehave not beenstudied.

Two notableexceptionsto the homogeneityof testingconditionsarethe FERET
competitionandrelatedstudies[23] andthe Facial RecognitionVendorTest[3]. In
the periodbetweerAugust1993andJuly 1996the FERET programcollected14,126
imagesfrom 1,199individuals.For eachsubjecttwo frontal views wererecordedsets
fa andfb), wherea differentfacial expressionwas requestedor 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 | setthe imageswere taken
between0 and1,031daysaftertheinitial recording(mean 251days). A subsebf
this set, the duplicate Il set, containsimagesof subjectswho returnedbetween540
and 1,031daysaftertheinitial recording(mean 627 days). In the nal evaluation
in 1996/1997ten differentalgorithms,developedmostly by university researcHabs
wereevaluated.Thetestidenti ed threealgorithmsastop performersPCA-difference
spacerom MIT [19], Fisherlineardiscriminantfrom the University of Maryland[33]
andthe DynamicLink Architecturefrom the University of SouthernCalifornia[31].
Furthermorehetestprovidedarankingof thedif culty of thedifferentdatasetsn the
FERETdatabaselt wasfoundthatthefb setwastheeasiesandtheduplicatell setthe
hardestwith the performanceon the fc andduplicatel setsrangingin betweerthese
two.

Oneof the main goalsof the Facial RecognitionVendorTestwasthe assessment
of the capabilitiesof commerciallyavailable facial recognitionsystems. In the end
threevendors,Visionics Corp., Lau Technologiesand C-Vis completedthe required
testsin the giventime. Theimageryusedin the evaluationspansawide rangeof con-
ditions: compressiondistance expressionjllumination, media,pose,resolutionand
time. Posewasmeasuredy askingsubjectsto rotatetheir headwhich wasinexact.
Subjectsvariedin their complianceand changesn expressionoften coocurredwith
headrotation. The posevariationwaslimited to a maximumof about . The most
dif cult conditionsweretemporal(11 to 13 monthsdifferencebetweenrecordings),
poseandespeciallydistance(changefrom 1.5mup to 5m). Thetop performingalgo-
rithm hadfew problemswith the categyoriesexpression(regularvs. alternate) media
(digitalimagesvs. 35mm Im), resolution(decreasindgacesizes)andcompressiorup



to afactorof ). Theillumination conditionprovedto bemoredif cult, especially
whencomparingsubjectsunderindoor mug shotlighting with subjectsrecordedout-
side. In the majority of the experimentsVisionics' Faceltoutperformedhe othertwo
vendors.

For facesto be a usefulbiometric,facial featuresusedfor facerecognitionshould
remaininvariantto factorsunrelatedo personidentity thatmodify faceimageappear
ance. While theoryand somedatasuggesthat mary of thesefactorsaredif cult to
handle,it is not clearwhereexactly the dif culties lie andwhattheir causesnay be.
In this paper we quantify the exact dif culties in facerecognitionasa function of
variationin factorsthatin uence faceimageacquisitionandindividual differencesn
subjectsWe focuson six factors:

1. Viewing angle The facehasa 3D shape. As the cameraposechangesthe
appearancef thefacecanchangedueto a) projective deformationwhichleads
to stretchingandforeshorteningof differentpart of face,andb) self occlusion
and dis-occlusionof partsof the face. If we have seenfacesonly from one
viewing angle,in generait is dif cult to recognizethemfrom disparateangles.
We investigatethe functional relation betweenviewing angle and recognition
andwhethersomeviewing anglesafford betteror worsegeneralizatiorto other
viewing angles.To investigataheseissuesve usethe CMU PIE databasevhich
denselysamplewviewing anglesoveranarcof in thehorizontalplane(from
full pro le left throughfrontal faceto full pro le right).

2. lllumination. Justaswith posevariation, illumination variationis inevitable.
Ambient lighting changegreatly within and betweendaysand amongindoor
andoutdoorenvironments Dueto the3D shapeof theface directlighting source
cancastestrongshadavs andshadingthat accentuat®r diminish certainfacial
features.Previous ndings in the Facial RecognitionVendorTestsuggesthat
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 and 2)
thenon-linearadjustmentn internalcameracontrol, suchasgammacorrection,
contrast,and exposuresettings. Both can have major effectson facial appear
ance.While thelatteris lessnoticeable€or humansijt cancausemajorproblems
for computervision. Thesefactorswere confoundedn the Facial Recognition
VendorTest. In our study we will focuson re ectancefrom the skin, which we
referto asillumination, usingthe well sampledllumination portion of the PIE
database We evaluatemain effects and interactionsbetweenillumination and
viewing angleandotherfactors.

3. Expression The faceis a non-rigid object. Facial expressionof emotionand
paralinguisticcommunicatioralongwith speechactscananddo producelarge
variationin facial appearance.The numberof possiblechangesn facial ex-
pressionis reportedlyin the thousands.The in uence of facial expressionon
recognitionis notwell understoodPreviousresearchasbeenlimited primarily
to neutralexpressionsandslight smiles. Becausdacial expressionaffectsthe
apparengeometricakhapeand positionof the facial featuresthein uence on



recognitionmaybegreaterfor geometrybasedalgorithmsthanfor holistic algo-
rithms. We usethe Cohn-Kanaddacial expressiordatabas¢o investigatehese
issues.This databassamplesvell characterize@motionsandexpressions\We
will askthe questions:1) doesfacial expressiorposea problemfor mostfacial
recognitionsystemand?) if so,whatarethechallengingexpressions®einves-
tigatethe conditionsunderwhich facialexpressiormayeitherimpair or improve
facerecognition.

4. Occlusion The facemay be occludedby otherobjectsin the sceneor by sun-
glasseor other paraphernaliaOcclusionmay be unintentionalor intentional.
Undersomeconditionssubjectanay be motivatedto thwart recognitionefforts
by coveringportionsof theirface.Sincein mary situationspurgoalis to recog-
nize non-or evenun-cooperatingubjectswe would like to know how dif cult
it is to recognizepeoplegivencertainquantitate andqualitatve changesn oc-
clusion. We examineunderwhich conditionssuchefforts may or may not be
successful. To investigateocclusionwe usethe AR databasewhich hastwo
differenttypesof facialocclusion,onefor the eyes,andonefor thelower face.

5. Timedelay. Faceschangeovertime. Therearechangesn hair style, makeup,
muscletensionand appearancef the skin, presencer absenceof facial hair,
glassesor facialjewelry, andoverlongerperiodseffectsrelatedto aging. We use
the AR databaseo investigatehe effectsof time delayandinteractiondbetween
time delayandexpressionjllumination, andocclusion.

6. Individualfactors. Algorithmsmaybe moreor lesssensitve for menor women
or memberof differentethnicgroups.We focusonthedifferencedetweermen
andwomenwith respecto algorithmperformancelntuitively, femalesmightbe
harderto recognizebecausef greatetuseandday-to-dayvariationin makeupor
in structuralfacial features.Male andfemalefacesdiffer in bothlocal features
andin shapg5]. Men's faceson averagehave thicker eyebronvs andgreatertex-
ture in the beardregion. In womens faces,the distancebetweenthe eyesand
brows is greatey the protuberancef the nosesmaller andthe chin narrover
thanin men[5]. Peoplereadily distinguishmalefrom femalefacesusingthese
andotherdifferencede.g., hair style), and connectionismodelinghasyielded
similar results[6, 17]. Little is known, however, aboutthe sensitvity of face
identi cation algorithmsto differencedbetweermen’s andwomens faces.The
relative proportionsof menandwomenin trainingsamplesareseldomreported,
andidenti cation resultstypically fail to mentionwhetheralgorithmsare more
or lessaccurateor onesex or the other Otherfactorsthatmayin uence iden-
ti cation, suchasdifferencesn face shapebetweenindividuals of European,
Asian,andAfrican ancestny[5, 8], have similarly beenignoredin pastresearch.
To addresshisissuewe will useboththe AR databasewhichhaswell balanced
proportionsof menandwomenin the databaseand FERET, which hasa much
largenumberof subjects.

This paperis organizedasfollows. In Section2, we describethe threedatabases,
containing37,954images,that form the basisof our experiments. In Section3 we



describefacerecognitionsystemausedin this report: (1) Eigenfaces similar to Turk
andPentland29], which providesanessentiabenchmark(2) FisherbcesusingFisher
lineardiscriminantssimilar to Belhumeuretal. [2], and(3) Facelt,aleadingcommer
cially available facerecognitionsystemfrom Visionics. Eigen-and Fishercesare
widely known and presenttommonbenchmarkdgor evaluatingperformanceof other
facerecognitionalgorithms. Faceltwasthe systemwith the bestoverall performance
in the Facial RecognitionVendor Test and seres as an example of state-of-the-art
performancen facerecognition.In Section4 we presentesultsof eachexperiment.
Conclusionsaanddiscussiorare presentedn Section5.

2 Description of Databases

2.1 Overview

We useimagesirom threepublicly availabledatabasem our evaluation.Tablel gives
anoverview of the CMU PIE, Cohn-Kanadendthe AR database.

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

Tablel: Overview of thedatabasessedin the evaluation.

2.2 CMU Poselllumination Expression(PIE) database

The CMU PIE databaseontainsa total of 41,368imagestaken from 68 individuals
[27]. Thesubjectavereimagedin the CMU 3D Room|[13] usinga setof 13 synchro-
nized high-quality color camerasand 21 ashes. The resultingimagesare 640x480
in size,with 24-bit color resolution. The setupof theroomwith the cameraand ash
locationsis shovn in Figurel. Theimagesof asubjectacrossll 13 poseds shovn in
Figure2.

Eachsubjectwasrecordedunder4 conditions:

1. Expression the subjectswereaslked to displaya neutralface,to smile, andto
closetheir eyesin orderto simulatea blink. Theimagesof all 13 camerasare
availablein thedatabase.

2. lllumination 1: 21 asheswereindividually turnedon in a rapid sequenceln
the rst settingtheimageswerecapturedwith theroomlights on. Eachcamera



recorded?4 images,2 with no ashes,21 with one ash ring andthena nal
imagewith no ashes. Only the outputof threecameragfrontal, three-quarter
andpro le view) waskept.

3. lllumination 2: the procedurdor theillumination 1 wasrepeatedvith theroom
lights off. Theoutputof all 13camerasvasretainedn thedatabaseCombining
thetwo illumination settingsatotal of 43 differentillumination conditionswere
recorded.

4. Talking: subjectscountedstartingat 1. 2 secondq60 frames)of themtalking
wererecordedusing3 camerassabove (againfrontal, three-quarteandpro le
view).

Figure3 shavs examplesfor 12 differentillumination conditionsacrosghreeposes.

(a) Camergositions (b) Flashpositions

Figurel: Picturesof the CMU 3D roomsetup. 10 of the 13 camerasareindicatedin (a). (b)
shavs 17 of the21 ash locations.

Figure2: Posevariationin the PIE databas¢27]. The posevariesfrom full left pro le (c34)
to full frontal (c27)andonto full right pro le (c22). The9 camerasn the horizontalsweepare
eachseparatethy about . The4 othercamerasncludel above (c09)andl below (c07)the
centralcameraand? in the cornersof theroom(c25andc31),typical locationsfor suneillance
cameras.
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Figure3: lllumination variationin the PIE databaseThe gure shavstwelve ash conditions
acrosghreeheadposes.

2.3 Cohn-Kanade AU-CodedFacial ExpressionDatabase

Thisis apublicly availabledatabasérom Carneyie Mellon University[12]. It contains
imagesequencesf facial expressionfrom menandwomenof varying ethnic back-
grounds.The camereaorientationis frontal. Smallheadmotionis present.Imagesize
is 640by 480pixelswith 8-bit grayscaleresolution.Therearethreevariationsin light-

ing: ambientlighting, single-high-intensityamp, and dual high-intensitylampswith

re ectiveumbrellas.Facialexpressionarecodedusingthe Facial Action CodingSys-
tem[7] andalsoassigneegmotion-speci edabels.For thecurrentstudy we selectech
total of 1424imagesrom 105subjects Emotionexpressionsncludedhappy, surprise,
anger disgust,fear, andsadnessExampledor the differentexpressionsareshowvn in

Figure4.

Figure4: Cohn-KanadéU-CodedFacial ExpressiomatabaseExamplesof emotion-speci ed
expressiongrom imagesequences.

2.4 AR FaceDatabase

The publicly available AR databasevas collectedat the ComputerVision Centerin
Barcelong18]. It containamagesof 116individuals(63 malesand53 females).The
imagesare 768x576pixels in size with 24-bit color resolution. The subjectswere
recordedwice at a 2-weekinterval. During eachsessionl3 conditionswith varying
facial expressionsillumination, and occlusionwere captured.Figure5 showvs an ex-
amplefor eachcondition.



01 02 03 04 05 06 07

08 09 10 11 12 13

Figure5: AR databaseTheconditionsare: (1) neutral,(2) smile,(3) angey (4) scream(5) left
light on, (6) right light on, (7) bothlights on, (8) sunglasses(9) sunglasses/leftight (10) sun
glasses/rightight, (11) scarf,(12) scarf/leftlight, (13) scarf/rightlight

3 FaceRecognitionAlgorithms

Most of the currentfacerecognitionalgorithmscan be cateyorizedinto two classes,
image templatebasedor geometryfeature-based.The templatebasedmethods[1]
computethe correlationbetweena faceandone or more modeltemplatedo estimate
the faceidentity. Statisticaltools suchas SupportVector Machines(SVM) [30, 20],
Linear DiscriminantAnalysis (LDA) [2], Principal ComponentAnalysis (PCA) [28,
29|, KernelMethods[26, 16], and NeuralNetworks [25, 11, 15] have beenusedto
constructa suitableset of facetemplates. While thesetemplatescan be viewed as
featuresthey mostly captureglobal featuresof the faceimages. Facial occlusionis
oftendif cult to handlein theseapproaches.

Thegeometnfeature-basethethodsanalyzeexplicit localfacialfeaturesandtheir
geometriaelationshipsCootesetal. have presente@nactive shapanodelin [14] ex-
tendingthe approachby Yuille [32].Wiskott et al. developedan elasticBunchgraph
matchingalgorithmfor facerecognitionin [31]. Pen® et. al [21] developedPCA into
Local FeatureAnalysis(LFA). Thistechniguds the basisfor oneof the mostsuccess-
ful commerciafacerecognitionsystemsfacelt. The following sectionsdescribethe
algorithmsthatareusedin our experimentdn moredetail.

3.1 Principal ComponentAnalysis

Principal ComponentAnalysis (PCA) is a methodfor the unsupervisedeductionof
dimensionality Assumethata setof = sampleimages is
given. Eachimagebelonggo oneof classes . We de ne thetotal
scattermatrix — as

where is themeanof thedata.PCA determineghe orthogonaprojection in



that maximizesthe determinantof the total scattermatrix of the projectedsamples

This scatterstemsfrom inter-classvariationsbetweerthe objects,aswell asfrom
intra-classvariationwithin the objectclasses.Most of the differencedbetweerfaces
aredueto externalfactorssuchasviewing directionandillumination. As PCA does
not differentiatebetweeninter-classand intra-classvariation it fails to discriminate
well betweerobjectclasses.

3.2 Linear Discriminant Analysis

A alternatve approachs Fishers Linear Discriminant(FLD) [9], alsoknown asLin-

earDiscriminantAnalysis (LDA) [33], which usesthe available classinformationto

computea projectionbettersuitedfor discriminationtasks.We de ne thewithin-class
scattermatrix as

where isthemeanof class . Furthermorave de ne thebetween-classcattemmatrix
as

where  refersto the numberof samplesn class . LDA computedhe projection
thatmaximizestheratio

is foundby solvingthe generalizeaigervalueproblem

Dueto the structureof the datathe within-classscattermatrix is alwayssingular
We canovercomethis problemby rst usingPCA to reducethe dimensionalityand
thenapplyingLDA [2]. Theoverallprojectionis thereforegivenby

3.3 The Classi cation Algorithm

In orderto determinethe closesigalleryvectorfor eachprobevectorwe performnear
estneighborclassi cationusingthe Mahalanobiglistancemetricin thePCAandLDA
subspaced-orinputvectors and theMahalanobiglistances de ned as

where is theinverseof the datacovariancematrix.



3.4 Facelt

Faceltsrecognitionmoduleis basedn Local FeatureAnalysis(LFA) [21]. Thistech-
nigueaddressesvo majorproblemsof PrincipalComponenAnalysis. Theapplication
of PCAto asetof imagesyieldsaglobalrepresentationf theimagefeatureghatis not

robustto variability dueto localizedchangesn theinput[10]. Furthermorghe PCA

representatiors nontopographicsonearbyvaluesin thefeaturerepresentatiodo not

necessarilcorrespondo nearbyvaluesin theinput. LFA overcomegheseproblems
by usinglocalizedimagefeaturesin form of multi-scale lters. The featureimages
arethenencodedisingPCA to obtaina compactdescription.Accordingto Visionics,

Faceltis robustagainstvariationsin lighting, skin tone,eye glassesfacial expression
andhair style. They furthermoreclaimto be ableto handleposevariationsof upto 35

degreesdn all directions.We systematicallyevaluatecdtheseclaims.

4 Evaluation

Following Phillips et. al. [24] we distinguishbetweergallery andprobeimages.The
gallery containsthe imagesof known individualsagainstwhich unknovn imagesare
matched. The algorithmsare testedwith the imagesin the probesets. All results
reportedherearebasedon non-overlappinggallery andprobesets(with the exception
of thePIE posetest). We usethecloseduniveisemodelfor evaluatingtheperformance,
meaningthatevery individualin the probesetis alsopresentn thegallery.

4.1 Facelocalization and Registration

Facerecognitionis a two stepprocessconsistingof face detectionand recognition.
First, the facehasto be locatedin the imageandregisteredagainstaninternalmodel.
Theresultof thisstagds anormalizedrepresentationf theface whichtherecognition
algorithmcanbeappliedto. While Facelthasits own face nding modulewe have to

provide normalizedmageso PCAandLDA. We manuallylabeledthex-y positionsof

botheyes(pupils)andthetip of thenosein all imagesusedin the experiments Within

eachconditionseparatelyhe faceimagesarenormalizedfor rotation,translationand
scale. Thefaceregionis thentightly croppedusingthe normalizedfeaturepoint dis-
tances.Figure6 shavs the resultof faceregion extractionfor two cameragc27 and
c37)of the PIE database.

4.2 Generic Training Data

For the constructionof the PCA andLDA representationge randomlyselecthalf of

the subjectsin eachevaluationcondition as generictraining data. During this stage
bothalgorithmsarepresentedvith imagesfrom all galleryandprobeconditions.The
testingis thendoneon the setof remainingsubjectsvith non-overlappinggalleryand
probesets.As Faceltis alreadyfully trainedwe reportresultsoverthefull datasetvith

all subjectdor all evaluationconditions.



c27

c37

(a) Input (b) Scaled (c) Cropped
& Rotated
Figure6: Facenormalization.The originalimagesfrom cameraviews c27 andc37 areshavn
togethewith thenormalizedandcroppedfaceregion.

4.3 Posewith Constantlllumination

Usingthe CMU PIE databaseve evaluatethe performanceof facerecognitionalgo-
rithmswith respecto posevariationsin greatdetail. We exhaustively sampledhepose
spacedy usingeachposein turn asgallerywith theremainingposesasprobes.

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

Figure 7 visualizesthe confusionmatrix for PCA, LDA and Facelt. The numerical
resultsfor Faceltarelistedin Table2.

€34 c31 c14 c11 29 €09 c27 c07 c05 c37 c25 02 €22

(@) PCA (b) LDA (c) Facelt

Figure 7: Comparisorof the poseconfusionmatrix for PCA, LDA and Facelt. The gallery
poseqseeFigure?) areshavn alongthex-axis,the probeposesalongthey-axis.

Of particularinterestis the questionhow far the algorithm can generalizefrom
given gallery poses. For a frontal gallery pose,the recognitionrate of Faceltdrops
rapidly belon 90% for headrotationbeyond (corresponds$o camergpositions11
and37in Figure2), andtherecognitionrateof LDA dropsbelov 80%for headrotation
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-66 -47 -46 -32 -17 0 0 0 16 31 44 44 62

3 13 2 2 2 15 2 19 2 2 2 13 3
ProbePose [| ¢34 [| ¢31 || c14 |[ c11 |[ c29 || c09 [| c27 || cO7 || cO5 |[ 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
cl4 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
cll 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|f 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|f 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 the confusiontableshaws the recog-
nition rateon eachof the probeposeggivena particulargallery pose.

beyond . Furthermorefor mostnon-frontalposesfacegeneralizabilitygoesdown
drastically evenfor close-byposes.This canbe seenin moredetailin Figure8.
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0
Probe Pose Angle

(a) Frontalposeasgallery (b) Pro le poseasgallery

0 0 0
Probe Pose Angle

Figure8: Generalizabilityvarieswith gallery pose. The frontal posehasgood generalizabil-
ity upto for Faceltandup to for LDA. For the pro le view the performances low
everywhereoutsidethegallerypose.

We thenasledthe question|f we canimprove the performancédy providing mul-
tiple faceposesin the gallery set? Intuitively, given multiple faceposeswith corre-
spondenceetweerthefacialfeaturespnecanhave abetterchanceof predictingnovel
faceposes.In our experimentswith Faceltwe did not nd ary evidenceof an addi-
tional gainthroughmultiple facegallery poses This suggestshat3D facerecognition
approachesouldhave anadwantageover naive integrationof multiple faceposessuch
asin the propose®D statisticalSVM or relatednon-linearKernelmethods.

11



4.4 lllumination with Frontal Pose

For this test,the PIE andAR databaseareused.As describedn Section2.2the PIE
databaseontaingwo illumination sets.In Illumination 1, imagesweretakenwith the
room lights on, whereador the lllumination 2 settheimageswere capturedwith the
roomlights turnedoff.

PIE lllumination 1
Gallery Frontalpose roomillumination without ash
Probe Frontalpose roomillumination with 21 ash conditions
PIE lllumination 2
Gallery: Frontalpose frontal ash illumination,noroomlight
Probe: Frontalpose,all 21 ash conditions,noroomlight
AR database
Gallery: Frontalpose roomillumination
Probe: | Frontalpose,lluminationfrom left, right andfrom bothdirections

Table3 shavs therecognitionaccuraciesf thealgorithmsin eachof the experiments.
Theresultsonthe PIE databasareconsistentvith the outcomeof the experimentson
the AR database Overall, the performanceof Faceltand Fishericesare acceptable
in mostof theillumination conditions. The overall trendis thatthe PIE Illumination
1 experimentis the easiestthe AR experimentsare slightly more dif cult, andPIE
lllumination 2 is the mostdif cult. Theresultis understandablasin alarge number
of lllumination 2 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
Facelt 1.0 0.91 0.96 0.93 0.86

Table3: lllumination results.PIE 1 and2 referto thetwo illumination conditionsdescribedn
Section2.2. ARO5, AR06, ARO7 aretheleft, right, bothlight on conditionsin the AR database
asshavn in Figure5.

While theseresultsmayleadoneto concludethatfacerecognitionunderillumina-
tion is a solved problem,we would like to cautionthat the illumination changemay
still causea major problemwhenit is coupledwith otherchangegexpressionpose,
etc.).
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45 Poseand lllumination Combined

To testthis we evaluatedthe combinedeffect of poseandillumination change®n the
performancef Facelt.

Poseand lllumination

ThreePIE posed5,27,29frontal),
Gallery: 12 ash conditionsfrom the lllumination 2 set.
PIE posed2 (right pro le) and07 (lower frontal),
Probe: 12 ash conditionsfrom the lllumination 2 set.

Figure9 shaws the illumination confusionmatricesfor Facelt. We seein Figure9(b)
that,for theright pro le poseJighting from theleft producesecognitionfailures,since
mostof thefacewill beinvisible. In Figure9(a)we seethat,while for frontal posethe
lighting conditionshave bettergeneralizibility far apartlighting anglescausedif cul-
tiesfor Facelt.In separationfrontal-to-frontalrecognitionandrecognitionacrossllu-
minationarewell handled.However, whencoupledthey cancausesigni cant degra-
dationin facerecognitionaccurag.

fo4
f02
f18
f10
foe
fo8
fi1
f12
f21
f13
f15
f16

fo4
f02
18
10
f06
f08
fi1
f12
f21
13
f15
16

fo4 fo2 f18 f10 fo6 f08 f11 f12 f21 f13 fi5 f16 f04 f02 18 f10 f06 08 f11 f12 f21 f13 f15 f16

(a) Probe07 Pose (b) Probe02 Pose
lower frontal right pro le

Figure9: Faceltillumination-to-illuminationconfusiormatrix for two camergrobeposes The
galleryillumination conditionsare shavn along the x-axis, the probeillumination conditions
acrosghey-axis. The ashesaresortedfrom farleft to farright (asseerfrom the subject).

4.6 Expressionwith Frontal Poseand Constant lllumination

Facesundego large deformationaunderfacial expressions.Humanscan easily han-
dle this variation, but we expectedthe algorithmsto have problemswith the expres-
sion databasesTable4 shawvs the resultsof the 3 algorithmsin this experiments.To
our surpriseFaceltand LDA performedvery well on the Cohn-Kanadeandthe AR
databaseyith the notableexceptionof the sceam(AR04) setof the AR databasefor
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Expression
Gallery: | Cohn-Kanade/ARfrontal pose roomillumination, neutralexpression
Probe: Cohn-Kanade/ARfrontal pose roomillumination, expressions

mostfacialexpressionsthefacialdeformationis centerecaroundthe lower partof the
face. This might leave sufcient invariantinformationin the upperfacefor recogni-
tion, which resultsin a high recognitionrate. The expressiorf'scream”haseffectson

boththeupperandthelowerfaceappearancayhichleadsto asigni cant fall off in the
recognitionrate. Thisindicateghat1) facerecognitionunderextremefacialexpression
still remainsanunsohedproblem,and?2) temporalinformationcanprovide signi 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
Facelt 0.97 0.96 0.92 0.76

Table4: Expressiomresults. AR 02, AR 03 andAR 04 referto the expressionchangesn the
AR databas@asshavn in Figure5. All threealgorithmsperformreasonablywvell underfacial
expressionhowever the“scream”expressionAR 04, producedarge recognitionerrors.

4.7 Occlusion with Frontal Poseand Three lllumination Condi-
tions

For the occlusiontestswe look at imageswherepartsof the faceareinvisible for the
camera.The AR databaserovidestwo scenarios:subjectswearingsunglassesand
subjectsvearinga scarfaroundthe lower portionof theface. Therecognitionratesfor

Occlusion
Gallery: Frontalpose roomillumination, no occlusion
Probe: | Frontalpose,oneof threeillumination conditions sunglasseer scarf

thesunglassimagesasshawn in Table5, areaccordingto expectationsit is dif cult

for facerecognitionsystem.The resultfurther deterioratesvhenthe left or right light
is switchedon (AR09 and AR10). Furthermorethe testrevealsthat Faceltis more
vulnerableto upperfaceocclusionthaneitherPCA or LDA. Facial occlusion,partic-
ularly upperfaceocclusion,remainsa dif cult problemyet to be solved. Interesting
openquestionsarel) whatarethefundamentalimits of any recognitionsystemunder
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variousocclusionsand?) to whatextendcanotheradditionalfacialinformation,such
asmotion,provide the necessaryelpfor 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
Facelt 0.10 0.09 0.06 0.81 0.72 0.72

Table5: Occlusionresults. AR08, AR09, AR10referto the upperfacialocclusionsandAR11,
AR12, AR13referto the lower facial occlusionsasshown in Figure5. Upperfacial occlusion
causes majordropin recognitionrates.

4.8 Time Delay

Figure10shownstheperformancef all threealgorithmsacrossAR databaseonditions
for threedifferentgallery/probecon gurations. For the sessiorl andsessior? curves
the galleryandprobeimagesweretakenfrom the samerecordingsession.n the ma-
jority of conditionsthesetwo curvesareidentical. Thethird curve labeledsessiori/2
shavstheperformancédor runningFaceltwith theneutralimageof sessiorl asgallery
andtheimagesof sessior? asprobe.Eventhoughtheimagedor thetwo sessionsvere
recordednly two weeksapart,therecognitionperformancelegradesvisibly acrossall

conditions.Thisdropin performanceés obsenablefor all threealgorithms.

Time Delay: Sessionl
Gallery: Condition01 rst recordingsession
Probe: Conditions02-13 rst recordingsession
Time Delay: Sessior?
Gallery: Condition01 secondecordingsession
Probe: | Conditions02-13secondecordingsession
Time Delay: Sessionl/2
Gallery: Condition01 rst recordingsession
Probe: | Conditions02-13secondecordingsession
4.9 Gender

We evaluatedhein uence of gendeonfacerecognitionalgorithmsonthe AR database
dueto its balancedatio betweerthefemaleandmalesubjects Theresultsrevealasur
prisingtrend:betterrecognitiorratesareconsistenthachievedfor femalesubjects Av-
eragedacrosghe conditions(excludingthe testsAR08-10whereFaceltbreaksdown)
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Figure 10: Resultson the ARDB databasdor multiple sessionfor PCA, LDA and Facelt.
Excludingthethreeworstconditionsthe performancesiropby 18.1%for PCA, 21.9%for LDA
and18.2%for Facelt.

the recognitionratefor male subjectss 83.4%,while the recognitionratefor female
subjectss 91.66%.WereplicatedhistestoverthemuchlargerFERETdatabasél,199
subjects).For the fb setFaceltachievesa recognitionrate of 93.7%for femalesub-
jectsand87.6%for malesubjects.Thedifferencein performancdor maleandfemale
subjectsis statisticallysigni cant (chisquare, ). This opensup mary in-
terestingquestionson facerecognition. In particularit raisesthe questions:1) what
makes one face easierto recognizethan anothey and 2) are thereface classeswith
similar recognizability

5 Discussion

To summarizeheresultsin previousexperimentsye seethat:

1. Pose:Posevariationstill presents challengédor facerecognition.Frontaltrain-
ing imageshave bettergeneralizabilityto novel poseghando non-frontaltrain-
ing images.For a frontal training pose,we canachiese reasonableecognition
ratesof above 90% for headrotation. In eld applications however, even
this rangeof viewing anglesmay prove insufcient. Securitycamera®oftenare
positionednearceilingsandcorners thuscreatingviewing anglesthatare out-
sideof the effective limits we obsened.

2. lllumination: Pureillumination change®n the facearehandledwell by current
facerecognitionalgorithms. However, facerecognitionsystemshave dif cul-
tiesin extremeillumination conditionsin which signi cant partsof the faceare
invisible. Furthermoret canbecomeparticularly dif cult whenillumination
is coupledwith posevariation. Our ndings for illumination are seeminglyat
variancewith thoseof the Facial RecognitionVendorTest. In thelatter, illumi-
nationwasa signi cant problemfor the algorithms. Becauséllumination and
non-linearvariationin cameracharacteristicsvereconfoundedn the FRVT, our
resultssuggesthatit wasnon-linearcameracharacteristicshatwere primarily
responsibldor the effectsthey interpretedasdueto illumination.
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. Expression:With theexceptionof extremeexpressionsuchasscreamthealgo-
rithms arerelatively robustto facial expression.Deformationof the mouthand
occlusionof the eyesby eye narroving and closing presenta problemfor the
algorithms.

. Occlusion: The performancef thefacerecognitionalgorithmsunderocclusion
is in generalpoor. Thereare howeverimportantdifferencesamongalgorithms
in this regard. Faceltprovesrobustwith respecto lowerfaceocclusionbut fails
with upperfaceocclusion. PCA and LDA show the oppositepattern. These
ndings suggesthatoptimalresultsmightbeachievedby combiningfeatureof
differentapproaches.

. Timedelaybetweergallery and probeimages: Time delaybetweeracquisition
of gallery and probeimagescan causedegradationin facerecognitionperfor

mance.In the AR databasewith recordingsessiongust 2 weeksapart,we see
a signi cant differenceof about20% in recognitionrate. The effects of time

arelikely to be non-linearoverlongerperiodsof changewith development.The
accurag of recognitionalgorithmsin childrenandacrosdevelopmentaperiods
(e.g.,childhoodto adolescencep our knowledgeremainsunexplored.

. Gender: We found surprisinglyconsistentifferencef facerecognitionrates
relatedto gender In two database¢AR and FERET) the recognitionrate for
femalesubjectsis higherthanfor malesacrossa rangeof perturbations.One
hypothesidgs thatwomeninvestmore effort into modifying their facial appear
ance,by useof cosmeticsfor instance which leadsto greaterdifferentiation
amongwomenthanmen. Alternatively, algorithmsmay simply be more sensi-
tive to structuraldifferencesetweenthe facesof womenandmen. The nding
thatalgorithmsare moresensitve to womens facessuggestshattheremay be
otherindividual differencegelatedto algorithmperformance Algorithms may;
for instance prove moreaccuratdor someethnicgroupsor ageshanothers.

Theseexperimentsn total show thatchallengingproblemsemainin facerecog-
nition. Pose,occlusion,andtime delayvariationin particularpresenthe most
dif culties.

While our study hasrevealedmary challengedor currentfacerecognitionre-
searchthe currentstudy hasseveral limitations. One,we did not examinethe
effect of faceimagesize on algorithm performancen the variousconditions.
Minimum sizethresholdsnaywell differ for variouspermutationswhichwould
beimportantto determine.Two, thein uence of racialor ethnicdifferenceson
algorithmperformancecould not be examineddueto the homogeneityof racial
andethnicbackground#n thedatabasesNhile largedatabasewith ethnicvari-
ation are available, they lack the parametricvariationin lighting, shape pose
andotherfactorsthat werethe focusof this investigation. Three,faceschange
dramaticallywith development,but the in uence of changewith development
onalgorithmperformanceouldnotbe examined.Fourth,while we wereableto
examinethecombinedeffectsof somefactors databaseareneededhatsupport
examinationof all ecologicallyvalid combinationswhich maybenon-additie.
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Theresultsof the currentstudysuggesthatgreaterattentionbe paidto the mul-
tiple sourcef variationthatarelik ely to affectfacerecognitionin naturalenvi-
ronments.
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