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Abstract

Within the pastdecade major advarteshaveoccured
in facerecanition. With few exceptiors, howerser, mostre-
search hasbeenlimited to training and testingon frontal
views. Little is known abou the extent to which face
pose illumination, expression,occlusion and individual
differerces,sut asthoseassociatedvith gendeyinfluence
recaynition accuracy. We systematicallywaried thesefac-
tors to testthe performanceof two leadirg algorithms,one
templatebasedand the other feature based. Image data
corsistedof over 21000images from 3 publicly availade
datebases: CMU PIE, Cohn-Kammde and AR databases.
In geneal, bothalgarithmswere robustto variationin illu-
minatian and expression.Recgnition accuracy washighly
sensitiveto variation in pose For frontal training images,
performarcewasattenuaedbeaginningat abou 15degrees.
Beyond abaut 30 degrees,performancebecameunacept-
able For non-frortal training images, fall off was more
severe. Smallbut consistentiffererceswere fourd for in-
dividual differercesin subjects.Thesefindngs suggestdi-
rectionfor future reseach, including designof experiments
anddatacollection.

1. Intr oduction

Is facerecoqition a solved problen? Over the last 30
yeas facerecogition hasbecone oneof the beststudied
patternrecogrition problens with anearlyintractatbe num-
ber of publicatilns. Many of the algorithms have demm-
stratedexcellert recogrition results,often with error rates
of lessthan 10 perce. Thesesuccessebave led to the
developmen of a number of commercial facerecogtition
systems. Most of the current facerecanition algoritms
canbe catgarized into two classesimagetemplatebased
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or geometnfeatue-basedThetemplatebasednethod [1]
compute the corrdation betweena faceand one or more
mockl templatesto estimatethe faceidentity Statistical
tools such as Supmrt Vector Machires (SVM) [30, 21],
LinearDiscriminart Analysis(LDA) [2], PrincipalCompo-
nentAnalysis(PCA)[27, 29, 11], KernelMethods25, 17,
andNeura Networks[24, 7,12, 16] have beenusecto con-
structasuitablesetof facetemplatesWhile theseemplates
canbe viewed asfeatues, they mostly captue globd fea-
turesof the faceimages.Facial occlusionis often difficult
to handlein theseappraches.

Thegeonetryfeaturebasednethodsanalyzexplicit lo-
calfacialfeatues,andtheirgeonetricrelatiorships.Cootes
etal. have presentednactive shapemodelin [15] exterd-
ing the appgoachby Yuille [34].Wiskott et al. developed
anelasticBunchgraphmatchingalgoiithm for facerecay-
nition in [33]. Pen® et. al [22] developed PCA into Lo-
cal FeatureAnalysis (LFA). Thistechnige is the basisfor
oneof themostsuccessfutommecial facerecogition sys-
tems,Facelt.

Most facerecogiition algorithirs focuson frontal facial
views. However, posechangscanoftenleadto largenon-
linear varidion in facial appeaancedueto self-occlision
andself-shading To addresghis issue,Moghadiamand
Pentland20] presente@ BayesiarappoachusingPCA as
a probaility densityestimationtool. Li etal. [17] have
developed a view-basedpiece-wiseSVM modé for face
recoqnition. In thefeaturebasedappoach,Cootesetal. [5]
proposeda 3D active appesancemodelto explicitly com-
pute the face posevaridion. Vetteret at. [32, 31] learn
a 3D geonetry-apearancenockl for faceregistrationand
matchirg. However, todaythe exacttrade-dfs andlimita-
tion of thesealgoritrmsarerelatively unkrown.

To evaluatetheperfomanceof thesealgorithms, Phillips
et. al. have conductedthe FERETfacealgorithmtests[23],
basedon the FERET datalasewhich now contairs 14,156



imagesfrom 1,199individuals. More recerly the Facial
Recogition Vendr Test[3] evaluatedcommecial systems
usingthe FERETandHumarnD databaes.Thetestresults
havereveala thatimportantprogresshasbeermadein face
recagnition,andmary aspect®f thefacerecogiition prab-
lemsarenow well understood However, therestill remans
a gap betweenthesetestingresultsand pradical userex-
periercesof commercial systems.While this gapcan,and
will, benarrovedthroughtheimprovemerts of practica de-
tails suchassensoresolutionandview selectionye would
like to undestandclearly the fundamentalcapabilitiesand
limitationsof currentfacerecanition systems.

In this paperwe will condicta seriesof testsusingtwo
stateof art facerecogition systemson threenewly con-
structedfacedatabaseto evaluate the effect of facepose,
illumination, facial expression,occlusionand subjectgen-
deronfacerecogiition perfamance.

Thepaperis organizedasfollows. We describehethree
datalaseusedin our evaluationin Section2. In Section
3 we introducethe two algolithms we usedfor our eval-
uatiors. The experimentalprocediresandresultsare pre-
sentedn Sectiord, andwe conclulein Section5.

2. Description of Databases
2.1 Overview

Table1 givesan ovewiew of the databasesisedin our
evaluation.

CMU PIE | CohnKanade| 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

Table 1. Overview over databases.

2.2 CMU Pose lllumination Expression (PIE)
database

TheCMU PIEdatabaseontairs atotal of 41 368images
takenfrom 68 individuals[26]. The subjectswereimaged
in the CMU 3D Room[14] usinga setof 13 synchonized
high-quality color camerasand 21 flashes. The resulting
imagesare 64x480 in size, with 24-bit color resoldion.
The camerasndflashesaredistributedin a hemisplerein
front of the subjectasshavn in Figure 1.

A seriesof imagesof asubjectacrosghedifferentposes
is shavn in Figure2. Eachsubjectwasrecoded uncer 4
condtions:

1. expression thesubjectsvereasledto displayaneutral
face,to smile,andto closetheir eyesin orderto simu-
lateablink. Theimagesof all 13cameasareavailable
in thedatabase.

2. illumination 1. 21 flashesareindividually turnedon
in a rapid sequene. In the first settingthe images
were captued with the room lights on. Eachcamera
recoded 24 images,2 with no flashes,21 with one
flashfiring andthenafinal imagewith noflashes Only
the output of threecamera (frontal, threequarterand
profile view) waskept.

3. illumination 2: the procedurefor the illumination 1
wasrepeatedvith the room lights off. The outputof
all 13 cameraswasretainedn the databaseCombin-
ing thetwo illumination settings atotal of 43 different
illumination condtions wererecorad.

4. talking: subjectscourted startingat 1. 2 secondg60
frames) of themtalkingwererecodedusing3 cameas
asabove (agan frontal, three-guarterandprdfile view).

Figure3 shavs examgesfor illumination condtions 1 and
2.

2.3 Cohn-Kanade AU-Coded Facial Expresion
Database

Thisis apublicly availabledatabaefrom Carngie Mel-
lon University [13]. It containsimagesequenesof facial
expressionfrom menandwomenof varying ethnic back-
grounds. Thecamea orientatio is frontal. Smallheadmo-
tion is present.Imagesizeis 640 by 480 pixds with 8-hit
gray scaleresolution The arethreevariatiors in light-
ing: ambien lighting, single-hgh-intersity lamp, anddual
highrintensity lampswith reflectve umtrellas. Facial ex-
pressiongrecodel usingthe Facial Action CodingSystem
[8] andalsoassigneagmotionspecifiedabels.For the cur
rent study we selected714 imageimagesequencefrom
105 subjects. Emotion expressionsincluded happy, sur
prise, anger disgust,fear, and sadness.Exanplesfor the
differentexpressios areshavn in Figure4.

2.4 AR FaceDatabase

Thepublicly availableAR databaewascollectedat the
Compuer Vision Centerin Barcelong19]. It containsm-
agesof 116 individuals (63 malesand 53 females). The
imagesare 768576 pixelsin sizewith 24-ht colorresolu-
tion. Thesubjectsvererecodedtwice ata 2-weekinterval.
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Figure 1. PIEdatabas camergpositions.(a) 13 syncho-

nizedvideo camerasapturefaceimagesfrom multiple an-
gles,21 controlledflashunitsareevenly distributedaround
the cameras(b) A plot of theazimuth(8) andaltitude ()

anglesof the camerasalongwith the cameralD number
9 of the 13 camerassamplea half circle at roughly head
heightrangingfrom afull left to afull right profile view(+/-

60 degrees);2 camerasvere placedabove and below the
centralcamera;and 2 camerasvere positionedin the cor

nersof theroom.

During eachsessionl3 conditions with varying facial ex-
pressios,illuminationandocclusionwerecaptured Figure
5 shavs anexampe for eachcondition

3. FaceRecognition Algorithms
3.1 MIT , Bayesan Eigenface

Moghaldamet. al. generéize the PrincipalCompament
Analysis (PCA) appoachof Sirovich andKirby [28] and
Turk and Pentland[29] by examining the probalility dis-
tribution of intra-persoral variatiors in appeaanceof the
samdndividualandextra-persond variatiorsin appeaance
dueto differencan identity. Thisalgoiithm performedcon-
sistentlynearthetopin the 1996 FERRETtest[23].

Giventwo faceimages,ly, I, let A = I — I; bethe
imageintensitydifferencebetweerthem,we would like to
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Figure 2. Posevariationin the PIE database8 of 13 cam-
eraviews are shavn here. The remaining5 cameraposes
aresymmetricako theright sideof camerac27.

}

Figure 3. lllumination variationin the PIE databaseThe
imagesdn thefirstrow showv facesrecordedvith roomlights
on, theimagesin the secondrow shav facescapturedwith
only flashillumination.

estimatethe posteriorpraobability of P(§2;|A), where; is
theintra-personakariation of subject. Accordingto Bayes
rule,we canrewrite it as:

P(A|Q;)P(Q;) )
(A|Q%)P(%) + P(A|QE)P(QR)’

P(QilA) = P

whereQ i is the extra-persoal variation of all the subjects.
To estimatethe prabability densitydistributions P(A|Q;)
and P(A|Qg), PCAis usedto derived a low (M) dimen-
sion appioximation of the measurd featue spaceA €
RN(N = 0(10%)):

2 2(A
exp(~3 i, §) eap(-S5)
(2m)M/2 [TM | AY/2 (2mp) (N =D/

P(AQ) = )

wherey;, A; arethe eigervectorsandeigervaluesin the M
dimersional prindpal compaent space,and e(A) is the
residualerror.

The algorittm finds the subjectclassi which maxi-
mizesthe posterio P(Q;|A). Unlike Facelts algorithm,



Figure 4. Cohn-Kanae AU-Coded Facial Expression
databaseExamplesof emotion-speified expressiongrom
imagesequences.

thisis a mostly templatebasecclassificationalgoithm, al-
thowgh somelocal featuesareimplicitly encoed through
the“Eigen’ intra-personakindextra-personaimages.

3.2 Visionics, Facdt

Facelts recanition modue is basedon Local Feature
Analysis(LFA) [22]. This techniqie addessegwo major
prablemsof Principd CompmentAnalysis. The applica-
tion of PCA to a setof imagesyields a global repesenta-
tion of the imagefeaturesthatis not robust to variability
dueto localizedchamgesin theinput[10]. Furthemorethe
PCA repesentatioris nontopogaphic,sonearbyvaluesin
thefeaturerepesentatiordo not necessarilycorrespondto
neaby valuesin theinput. LFA overcomegheseproblems
by using localizedimage featuresin form of multi-scale
filters. The featureimagesare then encaled using PCA
to obtaina compat descripion. Accordirg to Visionics,
Faceltis robustagainstvariatiors in lighting, skintone,eye
glassesfacial expressionandhair style. They furthermoe
claim to be ableto hande posevariatiors of up to 35 de-
grees in all directiors. We systematicallyevaluatedthese
claims.

4. Evaluation

Following Phillips et. al. [23] we distingush between
gallery andprobeimages.The gallery contans theimages
usedduring training of the algaiithm. The algorithms are
testedwith theimagesn theprole sets.All resultsrepated
hereare basedon non-overappinggallery and probesets
(with the exception of the PIE posetest). We usetheclosed
univease model for evaluaing the perfomance,meaning
thatevery individual in the probe setis alsopresentn the
gallery. Thealgoithmswerenotgivenary furtherinforma-
tion, sowe only evaluatethe facerecanition, notthe face
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Figure 5. AR databas. The condtions are: (1) neu-
tral, (2) smile, (3) ange, (4) scream,(5) left light on, (6)
right light on, (7) both lights on, (8) sunglasses(9) sun

glassesl/leftight (10) sunglasses/righlight, (11) scarf,(12)
scarf/leftlight, (13) scarf/rightlight
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verification performarce.
4.1 Face localization and registration

Facerecogiition is atwo stepprocessconsistingof face
detectiorandrecaynition. First,thefacehasto belocatedn
theimageandregisteredagairst aninternalmocel. There-
sult of this stageis anormdized represetation of theface,
which therecogiition algoiithm canbeappliedto. In order
to ensurehevalidity of ourfindingsin termsof facerecay-
nition accuray, we provided both algorithirs with correct
locatiors of the left andright eyes. This is dore by apply-
ing Facelts facefinding modue with a subsegantmanual
verification of the results. If the initial facepositionwas
incorrect, the locationof theleft andright eye wasmarked
manually andthe facefinding modude is rerun on the im-
age. Thefacedetectionmodue becameamore likely to fall
asdepaturefrom thefrontal view increased.

4.2 Pose

Using the CMU PIE datalasewe arein the unique po-
sition to evaluatethe perfomanceof facerecogiition algo-
rithms with respectto posevariations in grea detail. We
exhaustively sampledthe posespaceby using eachview



in turn asgallery with the remairnng views asprokes. As
thereis only a singleimagepersubjectandcameaview in
the databae, the galleryimagesareincludel in the probe
set. Table2 shavs the compete poseconfusion matrix for
Facelt. Of particularinterestis the questionhow far the al-
gorithm cangeneralizérom givengalleryviews.

Two thingsareworth noting. First, Facelthasareason-
ablegeneralizaliity for frontal gallely images:therecoqi-
tion ratedropsto the 70%-8% rangefor 45 degreeof head
rotatian (corespond to camergoositiors 11 and37in Fig-
ure1l). Figure6 shows therecogition accuraies of the
differentcameraviews for amugshao gallery view.

Gallery pose: 34

Gallery pose: 27
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Figure 6. Recogiition accuracieof all camerador the
mugstlot galleryimage.Therecognitionratesareplottedon
theposepositionsshavn in figure 1(b). Thedarker colorin
the lower portion of the graphindicateshigherrecogrition

0.00 1.00

rate. The squarebox marksthe galleryview. _ 0.00

Second,for most nonfrontal views (outsideof the 40
degreerang@, facegenealizability goesdown drastically
evenfor very closeby views. This canbe seenin Figure
7. Heretherecogrition ratesareshawn for the two prdfile Figure 7. Recognitionaccuraées of all camerador the
views asgalleryimages.Thefull setof performane grapls two profile posesas gallery images(camera34 and 22 in
for all 13 gallery viewsis shavn in appenlix A. 1b).
We thenasled the question if we cangainmore by in-
cluding multiple faceposesin the gallery set? Intuitively,
given multiple faceposesywith correspondecebetweerthe
facial featues, one canhave a betterchane of predcting
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a 3 13 2 2 2 15 2 1.9 2 2 2 13 3
ProbePose|| ¢34 || ¢c31 || cl14 || cll c29 || c09 c27 c07 c05 c37 || c25 c02 c22

Gallery Pose

c34 1.00 || 0.03 | 0.01 || 0.00|f 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
cla 0.04| 0.16| 1.00 || 0.28|f 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| 0.011| 0.09| 0.68]f 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|f 0.04]|| 0.07|f 0.04| 0.03 0.06 0.07( 0.98 || 0.04|| 0.04
c02 0.00| 0.01|| 0.03|| 0.03]|f 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]f 0.01]|| 0.03|| 0.03| 0.03| 0.03| 0.04( 0.03| 0.00{(| 1.00

Table 2. Confusiontablefor posevariation. Eachrow of the confusiontableshavs therecognitionrateon eachof theprobeposes
givenaparticulargallery pose.The camergpose indicatedby its azimuth(3) andaltitudeg) anglewasshawvn in Figurel.

novel faceposes.This testis carriedout by takingtwo sets
of faceposes{11, 27,37}, and{05,27, 29} asgalleryand
testonall otherposesTheresultsarepresentedh Table3.

ProbePose| 02| 05| 07 | 09| 11| 14| 22(25(27| 29| 31| 34| 37

Gallery Posg
11-27-37 {0.020.990.91/0.93 1.0|0.350.010.1/1.0/0.910.19 0.0 1.0

05-27-29 |0.01} 1.0/0.90/0.91/0.880.240.010.1/1.0/ 1.0{0.120.01/0.64

Table 3. Posevariation.Recogiition ratesfor Faceltwith
multiple posesn thegalleryset.

An analysisof the results,shavn in Figure8, indicates
that with this algorithm, no additioral gain is achieed
through multiple facegallerly poses.This suggststhat3D
facerecogtition appoachescould have an adwantageover
naive integration of multiple faceposessuchasin the pro-
posedD statisticalSVM or relatechondinearKernelmeth-
ods.

We conductedthesamesetof exparimentsusingtheMIT
algotithm. Theresultsare muchworsethanFacelts even
with manwal identificationof the eyes. We suspecthatthis
might bedueto theextremesensitvity of theMIT algorithm
to faceregistrationerras.

4.3 lllumination

For this test, the PIE and AR databasesare used. We
foundthatbothalgoithmsperformedsignificantlybetteron
theillumination images thanunderthe various posecondi-
tions. Table4 shaws the recogrition accuaciesof Facelt
andthe MIT algorithm on both databasesAs descriledin
section2.2the PIE databaecontaingwo illumination sets.

Theimages in setillumination 1 weretakenwith theroom
lights on. The mugsho gallely imagesdid not have flash
illumination. For theillumination 2 setof imagestheroom
light wasswitchedoff. Theilluminationfor thegallery im-
ageswas provided by a flashdiredly opposite of the sub-
ject’s face. In eachcasethe probe setwasmadeup by the
remainng flashimageg21and20imagegespectiey). As
canbe expeded, the algoithms perform betterin the first
test.

lllumination
PIE1 | PIE2 | ARO5 | ARO06 | ARO7
Facelt| 0.97 | 0.91 0.95 0.93 0.8%
MIT 094 | 0.72 0.77 0.74 0.72

Table 4. lllumination results. PIE 1 and 2 refer to
the two illumination conditionsdescribedin section?2.2.
{AR05,AR06ARO07} arethe {left,right,both} light on con-
ditionsin the AR databasesshavn in Figure5

Theresultson the PIE databasere consistenwith the
outcame of the experimentson the AR databae. Herethe
images5 through 7 dealwith differentillumination condi-
tions, varying the lighting from the left- andright sidesto
bothlights on.

While theseresultsleadoneto concludethatfacerecay-
nition uncerilluminationis asolvedprodem,wewouldlike
to caution that the illumination charge could still causea
major prodem whenit is couged other changs (expres-
sion,posetc.).
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Figure 8. Multiple posesgallery vs. multiple single posegallery Subplotsal anda2 shav the recogrition rate with gallery
posell. With a singlegalleryimage,the algorithmis ableto generalizeto nearbyposes.Subplotsb{1,2} andc{1,2} shav the
recogrition ratesfor poses27 and37. Subplotsd{1,2} shawv therecogrition rateswith gallery poseof {11,27,3%. Onecansee
d{1,2} is the sameastaking the maximumvaluesin a-¢{1,2}. In this caseno additionalgain is achieved by usingthe joint set
{11,2737} asthegalleryposes.



4.4, Expresson

Facesundego large defomationsunderfacial expres-
sions. Humanscaneasilyhandlethis variation but we ex-
pectedhealgoritimsto have problemswith the expression
datatases.To our surpise FaceltandMIT performedvery
well onthe Cohn-Kamdeandthe AR databaseln eachtest
we usedtheneutralexpressionasgalleryimageandprobed
thealgoithm with the peakexpression.

Expression
Cohn-Karade | AR02 | AR03 | AR 04
Facelt 0.97 0.96 0. 0.78
MIT 0.94 0.72 0.67 0.41

Table 5. Expressiorresults. AR 02, AR 03 and AR 04
referto theexpressiorchangesn the AR databasasshavn
in figure 5. Both algorithmsperformreasonaly well under
facialexpressionhoweverthe“scream”expressionAR 04,
prodwceslargerecogiition errors.

Table5 shaws the resultsof bothalgolithms on the two
datalases.The notable exceptian is the sceam(AR04) set
of the AR databae.

For most facial expressions,the facial deformation is
centeed arownd the lower part of the face. This might
leave sufficient invariart information in the upperfacefor
recagnition, which resultsin a high recogition rate. The
expression“‘scream”haseffectson both the uppe andthe
lower faceappa@arancewhich leadsto a significantfall off
in the recoqition rate. This indicatesthat 1) facerecog-
nition unde extreme facial expressionstill remainsanun-
solved prodem, and 2) tempaal information can provide
significart additioral informationin facerecagnition under
expression.

4.5, Occlusion

For the occlusian testswe look atimageswherepartsof
thefaceareinvisible for thecameraThe AR databasgro-
videstwo scenariossubjectsvearingsunglassesandsub-
jectswearinga scarfarownd the lower pottion of the face.
Therecogiition ratesfor the sunglassimagesare accord-
ing to expectations.As Table6 shaws, Faceltis unalble to
hardle this variation (AR08). The resultfurther deterio-
rateswhentheleft or right light is switchedon (AR09 and
AR10). Thisresultis readilyreplicatedontheimagesof the
secondsession.

This testrevealsthat Faceltis morevulnerableto upper
faceocclusionthanthe MIT algorithm. Facial occlusion,
particdarly upper faceocclusion,remainsa difficult prob-
lemyetto besolved Interestingoppenquestios arel) what

Occlusion
AR 08/AR 09|AR 10|AR 11|AR 12|AR13
Facelt 0.10| 0.08 | 0.06 | 0.81 | 0.73 | 0.71
MIT | 0.34| 0.35| 0.28 | 0.46 | 0.43 | 0.40

Table 6. Occlusionresults. AR08, AR09, AR10 referto
the upperfacial occlusionsand AR11, AR12, AR13 refer
to the lower facial occlusims asshown in figure 5. Upper
facialocclusioncauses majordropin recogrition rates.

arethefundamentalimits of ary recogition systemunder
various occlusiors, and 2) to what exterd can otheraddi-
tional facial information, suchas motion, provide the nec-
essanhelpfor facerecanition underocclusion

4.6. Gende

Male andfemalefacesdiffer in both local featuesand
in shape[4]. Men's faceson averag have thicker eye-
brows andgreatertexture in the beardregion. In womeris
faces,the distancebetweenthe eyesandbrows is greater
the protwberanceof the nosesmaller and the chin nar
rower thanin men[4]. Peoplereadly distinguishmale
from femalefacesusing theseand other differences(e.qg.,
hair style), andconnectimist moceling hasyieldedsimilar
results[6, 18]. Little is known, however, abou the sen-
sitivity of faceidentificationalgorithms to differencesbe-
tweenmen’s andwomens faces. The relative proportiors
of menandwomenin trainingsampless seldomrepoted,
andidentification resultstypicdly fail to reportwhethe al-
gorithmsaremoreor lessaccuratedor onesex or the other
Otherfactos thatmayinfluerce identificatian, suchasdif-
ferercesin face shapebetweenindividuals of Eurgean,
Asian, andAfrican ancestry[4, 9], have similarly beenig-
norel in pastresearch.

We evaluatedthe influerce of genderon facerecoqi-
tion algorittmsonthe AR databaseéueto its balarcedratio
betweerthe femaleandmalesubjects.Figure9 shawvs the
recog@ition rateachievedby Faceltacrosshe 13 variatiors
including illumination, occlusia, andexpression.

Theresultsreveal a surpising trend betterrecogrition
ratesare consistentlyachieved for female subjects. Aver
agedacrossthe corditions (excluding the tests AR08-10
where Facelt breks down) the recogiition rate for male
subjectds 83.4%,while therecoqition ratefor femalesub-
jectsis 91.86%. It is not clearwhathascausedhis effect.
To furthe validate this result, a much larger datalaseis
needd.

If this resultis further substantiatedt opers up mary
interestingquestionson facerecgnition. In particularit
raisegshequestionsl) whatmakesonefaceeasieto recay-



nizethanandher, and2) aretherefaceclassewith similar
recanizability.

ARDB Male/Female
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Figure 9. ARDB resultsmalevs. female. The dashed
line indicatesthe recogrition ratefor male subjectsin the
AR databaseshawn in figure5.

5. Discussion

In naturd ervironmets, pose,illumination, expression,
occlwsion and individual differerce amorg peope repre-
sentcritical challergesto facerecogiition algorithns. The
FERET tests[23] andthe Facial Recogiition Vendbr Test
200 [3] provided initial resultson limited variatins of
thesefactors.

Faceltandthe MIT algorithmwereoverall the bestper
formerin thesetests.We evaluatedbothalgorittmsonmul-
tiple independentdatabaseshat systematicallyary pose,
illumination, expressionocclusionandgencer. We found:

1. Pose:Posevariatian still presenta challengefor face
recogition. Frortal trainingimages have bettergener
alizability to novel views thando nonfrontal training
images. For a frontal training view, we canachieve
reasomlble recogiition ratesof 70-8®6 for up to 45
degreeheadrotation.In addtion, usingmultiple train-
ing views doesnotnecessarilymprove therecogiition
rate.

2. lllumination: Pureillumination change on the face
are hardled well by curren face recogition algo-
rithms.

3. Expression: With the exception of extreme expres-
sionssuchasscreamthe algoithms arerelatively ro-
bust to facial expression Deformdion of the mouth

andocclusionof the eyeshby eye narraving andclos-
ing preseha prodemto thealgorithms.

4. Occlusion: The performarce of the facerecogiition
algoritmsunde occlusionvaries.Faceltis more sen-
sitive to upper faceocclusionthanMIT. Faceltis more
robust to lower faceocclusian.

5. Gender: We foundsurprisindy consistentifferences
of facerecogrition ratesacrosghegencer. This result
is basedon testingon the AR datatasewhich has70
male and 60 femalesubjects. On averag the recay-
nition ratefor femalesis consistentlyabou 5% higher
thanfor males,acrossa range of pertubation. While
the databaseisedin thesetestsis too small to draw
geneal conclwsionsit pointsinto aninterestingdirec-
tion for futureresearctanddatabaseollectiors.

The curren study has several limitations. One, we
did not exanine the effect of faceimagesize on al-
gorithm perfamancein the various condtions. Mini-
mum size threshold may well differ for variousper
mutatiors, which would be importar to deternine.
Two, the influene of racial or ethnic differenceson
algorithm perfamancecould not be examned dueto
the homaeneityof racial and ethnic backgourds in
thedatalasesWhile large databasewith ethnicvaria-
tion areavailable,they lackthe paranetric variatian in
lighting, shapeposeandotherfactorsthatwerethefo-
cusof this investigation. Three,faceschang dramat-
ically with development,but the influerce of change
with develgpmenton algoithm performarcecouldnot
be examined. Fourth while we were ableto exam-
ine the comlined effeds of somefactos, databases
areneededhatsupprt exaninationof all ecologdcally
valid comhbnations,which may be non-additive. The
resultsof the current study sugget that greateratten-
tion be paid to the multiple sour@s of variaion that
arelikely to affectfacerecogtition in naturalerviron-
ments.
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A. Appendix

Thefollowing figuresshow the recogiition ratesfor all
cameraviews in turn asgalleryimages. They areordeed
accordng to thecameranumbersrouchly going from left to
rightin Figurel.
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Figure 10. Recogition accuraciesof all camerasfor
cameraview 34 asgalleryimage.
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Figure 11. Recogition accuraciesof all camerasfor
cameraview 31 asgalleryimage.
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Figure 12. Recognitionaccuraciesof all camerasfor
cameraview 14 asgalleryimage.
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Figure 13. Recognitionaccuraciesof all camerasfor
cameraview 11 asgalleryimage.
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Figure 14. Recogition accuraciesof all camerasfor Figure 16. Recognitionaccuraciesof all camerasfor
cameraview 29 asgalleryimage. cameraview 27 asgalleryimage.
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Figure 15. Recogition accuraciesof all camerasfor Figure 17. Recognitionaccuraciesof all camerasfor
cameraview 07 asgalleryimage. cameraview 09 asgalleryimage.
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Figure 18. Recogition accuraciesof all camerasfor
cameraview 05 asgalleryimage.

Gallery pose: 37

Figure 19. Recogition accuraciesof all camerasfor
cameraview 37 asgalleryimage.

Gallery pose: 02

Figure 20. Recognitionaccuraciesof all camerasfor
cameraview 02 asgalleryimage.

Gallery pose: 25
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Figure 21. Recognitionaccuraciesof all camerasfor
cameraview 25 asgalleryimage.



Gallery pose: 22

0.00 1.00

Figure 22. Recogition accuraciesof all camerasfor
cameraview 22 asgalleryimage.
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