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Abstract

Recagnitiondif culty is statisticallylinkedto  subjectco-

variatefactors sud asage andgenderfor threefacereca-

nition algorithms: principle componentanalysis,an inter-

personalimage differenceclassi er, and an elastic bunch

graphmatdingalgorithm. Thecovariatesassessace gen-
der, age, glassewuse facial hair, bangs,mouthstate com-
plexion, state of eyes, maleup use and facial expression.
We usetwo statisticalmodels.First,an ANOVA relatesco-

variatesto normalizedsimilarity scoes. Secondogistic
regressionrelatessubjectcovariatesto probability of rank
one recanition. Thesemodelshave strong explanatory
power as measued by and deviancereduction,while

providing complementarynd corroborative results. Some
factors, like changesto the eye status,affectall algorithms
similarly. Other factors, sud asrace affect different al-

gorithmsdifferently. Tabular and graphical summariesof

resultsprovide a wealth of empirical evidence Plausible
explanationsof manyresultscan be motivatedfrom knowl-
edce of the algorithms. Other resultsare surprisingand
suggesta needfor further study

1 Intr oduction

Many algorithmshave beenproposedor humanfacerecog-
nition [19, 4, 20], spavning a new industry [15]. Scien-
tistsworking with thesesystemsknow thatsomepeopleare
harderto recognizethanare others. Surprisingly however,
few studieshave beenpublishedooking at what attributes
make a subjecteasieror harderto recognizefor evena sin-
gle classof facerecognitionalgorithm.

This paperexamineshow subjectfactorsaffect recogni-
tion dif culty for threewell known algorithms.The rst is
aprincipal componentgPCA) algorithm[18]. The second
is aninterpersonalmagedifferenceclassi er (1IDC) [10].

The work was fundedin part by the DefenseAdvancedResearch
ProjectsAgeng (DARPA) undercontractDABT63-00-1-0007.

The third, an elasticbunchgraphmatching(EBGM) algo-
rithm, useslocalizedlandmarksand Gaborjets [13]. The
PCA algorithmis choserbecausét is a defactostandard.
The IIDC and EBGM algorithms performedwell in the
original FERETevaluationd14] andrepresentjualitatvely
distinctalternatvesto PCA.

Our study uses imagesfrom the FERET data
set[14, 5]: two imagesfor eachof humansubjects.
This includesmostof the FERET subjects.Earlier studies
includedmoreimagesandsubjectsbut doingsoimbalances
the numberof image pairs per subject. It alsointroduces
imagepairstakenon differentdaysandsuchtemporalsep-
arationis understoodo make recognitionmoredif cult.

The covariatesin our study measureace,gender age,
glassease,facial hair, bangs,mouthstate,skin complec-
ion, stateof eyes,makeupuse,andfacialexpressionThese
covariateswere not collectedwith the FERET data, so it
was necessaryor us to reconstructhem from visual in-
spectionof theimages.

Two statisticalmodelsareusedin this study The rst is
an ANOVA relating covariatesto normalizedpairwiseim-
agedistancescores.Inferencesrom this modelarebased
onthebeliefthatsubjectsaremoreeasilyrecognizedvhen
the distancebetweenthe two imagesof a subjectis small.
Obviouslythisis a heuristic,sincethetop ranked choiceof
anearesheighborclassi er dependson how otherimages
distributethemselesin theimmediatevicinity of theimage
beingtested.Ourresultsbelov suggesthatthis heuristicis
generallysound thoughnot perfect.

Thesecondnodelis ageneralizedinearmodelthatuses
logistic regressiorto relatesubjectcovariatego probability
of rank onerecognition. For eachsubjectand eachimage
of that subject,a gallery of imagesis sortedby in-
creasingdistance(decreasingsimilarity) to the probeim-
age. ldeally the rst imagein the sortedgallery is of the
samesubjectasthe probeimage. Whenthisis true,anear
estneighborclassi er recognizeshis subject‘at rankone”.
If analgorithmhastroublerecognizinga subject,thenthe



matchingimagewill be found at someinferior positionin
thesortedgallery.

The advantageof using logistic regressionis that the
probabilityof rankonerecognitiorrelatesdirectly to recog-
nition rate,andrecognitionrateis a nearlyuniversalperfor
mancemeasureor facerecognitionalgorithms. One dis-
adwantageariseshecausall threeof thealgorithmsstudied
hererecognizemostsubjectscorrectly Thus,only a lim-
ited portion of our datais directly informative aboutrank
onerecognitionfailure. In contrastall subjectscontritute
similarity scoresto the linear modelwhich are (in a rough
sensekquallyinformative.

Both analyse$have value. Wheretheresultsagree con-
clusionsareevenmorecorvincing; disagreementsighlight
interestingcasesvhereimagedistanceas notdirectlylinked
torankonerecognitionperformanceAn importantstrength
of bothmodelsis their multivariatenature. This allows for
theinterpretatiorof subjectfactorsto becontrolledfor other
covariatestherebyeliminatingthe variableconfoundingor
surrogay thatinvalidatessimplerone-way analyseshatex-
aminethe effect of a singlecovariatein isolation.

The major conclusionsof this studyare summarizedn
Figuresl and 2, and Tables1 and2. We nd that older
subjectandnon-Caucasiagubjectsareeasietto recognize,
regardlesof the algorithm. Subjectswith their eyesclosed
are easierto recognizefor PCA andIDC, but harderfor
EBGM. We believe thisis the rst exampleof alarge,con-
trolled study shawing a clear algorithm-cwariateinterac-
tion. Moreover, thisresultis plausible:EBGM useseyesas
landmarksandit may not be ableto localizethemaswell
whenthe eyesare closed. Otherresultscon rm common
sense:subjectswho changeacrossthe pair of images,for
exampleby alteringtheir expressionor openingor closing
their eyes, are harderto recognizethan subjectswho are
moreconsistent.

2 The SubjectCovariates

Below is alist of the covariatefactorsandtheir levels. For
eachfactor, one level was designatechs a baseline,indi-
catedwith an asteriskin the list belov. Thesecovariates
wereassignedyy handby a single personviewing the im-
ages. Thusthe ratingshave a subjectve componentbut
they do notintroduceinter-viewer variability. Gendeyskin,
glassesandbangswereeasyfor ourviewerto judge.Race,
facial hair, expression,mouth and eyes were someavhat
harder althoughthe viewerwasstill con dentin his judge-
ments. Age and makeup were reportedto be dif cult to
estimate Whenthe evidencefor a factorwasinconclusie,
thedefaultvaluewasselected.

Age,Race GenderandSkinratingswereconstrainedo
remainconstantwithin eachsame-subjecimagepair; the
othercovariateratingscoulddiffer betweerthetwo images

of a subject. No subjectsamongthe 1,072 we examined
changedheir useof glassedbetweerimages.

Age Young and Old . Old was assignedto subjects
judgedto beatleast40.

Race White , African-American, Asian, Other. The
“Other” category wasusedfor Arab, Indian,Hispanic,
mixed race,and ary subjectthat did not t into the
otherthreecateagories.

Gender Male , Female. Self-explanatory

Skin Clear, Other . The Othercateyory includedwrin-
kles,freckles,etc.

Glasses Yes,No . Self-explanatory

Facial Hair Yes,No . Thereweremary menwho had
thin beardsor werenot cleanshaven. Any visible fa-
cial hairtriggereda Yesrating.

Makeup Yes,No . A Yeswasonly assignedf it was
obviousthata subjectwaswearingmakeup. The most
obvious featureto look for wasthe shadeof the lips,
however the eyes and generalappearancealsoin u-
encedhedecision.

Bangs Yes,No . Bangswassetto Yesif the subjects
hairwasvisible in themasled/normalizedmage.This
includedhair that camedown over the foreheadand
hair that sometimesoveredthe sidesof the face. In
somecasedair wasbarelyvisible aroundthe edgeof
theimage;thesecasesvereassignedNo.

Expression Neutral, Other . Neutralreferredto a nat-
ural, relaxed face. The other category were mostly
smiles,but includedall non-neutrakxpressions.

Mouth Closed, Other. Closedwas typically associ-
atedwith arelaxed, neutralexpression.Subjectswith
mostly neutralexpressiorwith their mouthopenthey
were assignedOther as were subjectswith visible
teethor smiles,indescribablesxpressionsandclosed
mouthsmiles.

Eyes Open, NotOpen . Openeyeswereassociatedvith
relaxed openeyelids, with the personstaringdirectly
into the camera.Not Openstatesncludedclosedeye-
lids and eyes that were half open,that looked some-
whereotherthandirectly atthecamerapr thatin some
otherway did not appearelaxed.

3. Algorithms

ThePCAalgorithmis basedn Turk andPentlands original
algorithm[18], with onetwist. Thesimilarity measurés the
cosineof theanglebetweeriwo imagesafterthey havebeen
projectednto thewhitenedPCA subspaceTo bemorespe-
ci ¢, eachdimensiorof subspacés scaledby theinverseof
its samplestandarddeviation. This is awhiteningtransfor
mation,sinceit givesthetrainingdataunit samplevariance



in all directions. This whitenedcosinemeasurés are ne-
mentof oneproposediy Moon andPhillips in the original
FERETstudy[11]. PCA usingthis measurds competitive
with both[IDC andEBGM onthe FERETdata[1].

The IIDC is basedon an algorithm developed by
MoghaddamandPentland[9. A detaileddescriptionof our
implementatiorappearsn [17]. ThealgorithmusesPCAto
generatea parametriccharacterizatiorof two spaces.The
rst is thespaceof intrapersonaimagedifferencesi.e. dif-
ferencesdetweensame-subjedmagepairs. The seconds
the spaceof interpersonaimages,or differencesbetween
imagesof differentpeople.Thesetwo classe®f imagedif-
ferencesareassumedo be Gaussian.Two variantsof the
algorithmemploy a maximuma posteriori(MAP) or maxi-
mumlikelihood(ML) classi er. Experimentsuggestshere
is little differencebetweerthe two on the FERET data,so
ML is usedhere.

The EBGM algorithm is basedon an approachfrom
University of SouthernCalifornia[13. The algorithmlo-
cates landmarkgperimage,includingtheeyes,noseand
mouth. Theselandmarksare locatedbasedon templates
extractedby handfrom modelimages. Our implementa-
tionuses suchtemplatesor eachlandmark.dravn from

handchosenimages. Gaborjets are extractedat each
landmarkandusedto form facegraphsthealgorithmmea-
suressimilarity betweerfacegraphsby comparingthe cor-
respondingsaborjets. A detaileddescriptionof ourimple-
mentatiormaybefoundin [2].

Thesethreeealgorithmsarequalitatively different,mak-
ing comparison®etweertheminteresting PCAis arguably
the simplest,being a nearestneighborclassi er in a sub-
spaceexplicitly basedon the variancein the training data.
[IDC is a parametricalgorithmthat operaten imagedif-
ferencegatherthanimages.Finally, EBGM is a localized
methodusingdistinctfaciallandmarkslt thereforeempha-
sizessomefaceregionsover othersby design.

3.1 Image Normalization

Ourwork on FEREThasmadeusacutelyawareof how im-

portantimagenormalizationis to recognitionperformance.

Theimageryin this study hasbeensubjectedo the same
preprocessingsusedoy NIST in theoriginal FERETstudy

First,facesaretranslatedo thecenterof theimagebasedn

hand-selectedye coordinates.Next theimageis cropped
usingan elliptical masksuchthat only the facefrom fore-

heado chinandcheekto cheekis visible. Histogramequal-
izationis appliedto theunmasledregion of theimage,and
nally pixel valuesarescaledto have ameanof zeroanda

standardieviation of one.

3.2 Training

EBGM has no training phase, beyond the personwho

handpicks the landmarktemplates. Both PCA and IIDC

usetraining datato automaticallyconstructsubspaces$or

recognition. Ideally, we would train and test thesealgo-
rithmson differentimagesets.Unfortunately only two im-

agesare availablefor mostFERET subjectsandthereare
insufcient datato supportdisjoint training and test sets.
ConsequentlyPCA and1IDC aretrainedon the complete
setof 2,144images.This is the bestchoicegiventhe lim-

its of the FERET data,in thatit removesconcernghatob-

senedeffectsmightbedueto traininginequities.

3.3 Data Coding

All threealgorithmsare run on 2,144images,generating
three2,144 by 2,144 similarity matrices. The imagesare
partitionedinto two sets:the rst imageof eachsubjectand
the secondmageof eachsubject. Which imageis rst is
arbitrary but the partition playsanimportantrole in com-
putingrecognitionrank. For eachsubjectthe rst imageis
treatedasa probeimage,andthe secondmagesis treated
aspartof the gallery*. Thegalleryis sortedby decreasing
similarity relative to the probeimage,andthe position,i.e.
rank, of the secondmageof the probesubijectis recorded.
This is the recognitionrank for the probeimage. This pro-
cessis repeatedeversingtherole of probeandgalleryim-
ages.Thus,eachsubjectgenerateswo obsenationsin our
dataset:one wherethe rst imageis the probe, and one
wherethe secondmageis the probe.Theresultingpairsof
recognitionranksareusedby the generalizedinearmodel.

Thereare two responsevariablesfor eachobsenation:
recognitionrank and normalizedsimilarity score. For the
algorithmsstudiedhere,the similarity scoresare symmet-
ric, andthereforeidentical for a given subject. However,
thenormalizationof similarity scoreds probespeci c, cre-
atingasymmetrimormalizedsimilarity scores.

To normalize similarity scores, all 1,072 similarity
scoresbetweenthe probeimageand gallery images(only
one of which matchegshe probe)are pooled. Normalized
similarity scoresare calculatedby substractinghe sample
meansimilarity score anddividing theresultby the sample
standarddeviation. This operationgivesthe 1,072scores
for aprobeimagea samplemeanof zeroanda samplevari-
anceof one. Sinceall threealgorithmsrecognizemostsub-
jectssuccessfullyat rank one,normalizedsimilarity scores
betweera probeandthe matchingimageof the samesub-
jectusuallyexceeds3.

Normalizationplacessimilarity scoredrom differental-
gorithmson a commonfooting. The processs imperfect,

1Theuseof thetermsprobe,probesetandgallery herearethe sameas
in theoriginal FERETevaluation.



however. The meannormalizedscores(acrossall probes)
betweena probeandits matchwere 7.39, 3.24,and 4.50,
for PCA, IIDC, andEBGM, respectiely, andthe standard
deviationswere2.62,1.11,and1.33. We easilyequilibrate
theabsolutdevelsof normalizedsimilarity scoresacrossal-
gorithmsin our modelingframework. Interpretatiorof our
modelsis complicatedbut notinvalidated)by thediffering
standardieviations.Overall, normalizatioris usefuland,to
a rst order, allow scorego becompared.
Eachresponsds associatedvith a probeimageanda
galleryimage,andtheseimagesmay differ with respecto
thefacialhair, makeup,bangsgexpressionmouth,andeyes
factors.We codedthreepredictorsfor eachfactor, indicat-
ing that (i) both imageshave the baselinelevel, (ii) both
imageshave thenon-baselindevel, or (iii) onebaselindm-
ageandonenon-baselinémageis in the pair. Coding(i) is
treatedasthebaselindevel of eachpredictor

4 Analysis and Results

4.1 Linear and GeneralizedLinear Models

Mostreaderswill alreadybefamiliarwith thelinearmodel-
ing framavork; ANOVA is reviewedin [12]. Herewe will
introducegeneralizedinearmodelg[8]. Let bearandom
variablerepresentinga responseij.e. a quantity measured
to evaluatethe performanceof a singleattemptby a single
algorithmfacedwith a singlerecognitiontask.

Let denotea vector of independentvariableswith
which we hopeto predictthe response Herethesearethe
subjectcovariates.Thecovariatefactorsarecategoricalpre-
dictorsandthey contrilute vectorsof binaryindicatorvari-

ablesto in theusualANOVA fashion[12].
An experimentgenerallyconsistsof trials, resulting
in a datasef obsenations We

write the componentof the the th predictorvectoras
and useuppercaseto denoteran-
domvariablesandlower caseto denoteobsenedvalues.

A generalizedinearmodelconsistf threeparts:alink
function,alinearpredictor anda distributionalmodel. The
link function, , is a possibly nonlinear monotonicreal-
valuedfunction of , the conditionalmeanof the re-
sponsgyiventhe predictorsfor the th subject. It links the
conditionalmeanto the predictorsn  accordingto

)

Theright sideof (1) is calledthelinearpredictor Thevec-
tor of parameters playsarole analogousgo ordinarylin-
earregressiomparameterseach describeshe magnitude
anddirectionof relationshifbetween andthe th
predictorvariable. The conditionaldistributionof ~ given

is assumedo be . The are
conditionallyindependent.

The simplestgeneralizedinear modeltakes
and N , WhereN is
the normal densitywith mean andvariance . In this
casethe generalizedinear modelreducesto the ordinary
multiple linear regressionmodel, or ANOVA, for regress-
ing on . Thelinearmodelhereusesnormalizedmage
distancefor Y. Distanceis simply the negationof the nor-
malizedsimilarity score

Another form of generalizedinear model arisesfrom
assumingthat is a binary randomvariable. The well-
known logistic regressionmodel [7] is establishedy us-
ing Bern , WhereBern

(with ) is the Bernoulli distri-
butior?. This assumptioris pairedwith the canonicallink
logit .

We usethisform of generalizedinearmodelto estimate
the probability of rank onerecognitionaspredictedby the
subjectcovariates . For the th probe, if andonly
if that probeis recognizedat rank one. Otherwise

. The probability of rank one recognitionis essentially
synorymouswith the expectedrecognitionrate.

4.2 Results

The ANOVA resultsaresummarizedn Figurel. For each
algorithm, the barsindicatethe changein normalizeddis-
tanceassociatedvith theindicatedpredictorlevel, relative
to the normalizeddistanceassociatedvith that algorithm
when all predictorsare at baselinelevels. Thus,the g-
ure comparesalgorithm-speci ceffects of eachpredictor
controlling for all otherpredictors.A diamondindicatesa
deviationfrom zerothatis statisticallysigni cant.

To illustrate how one interpretsan effect in Figure 1,
considerthe fourth predictordown: EyesNot Open. This
indicatesthe eyesfactorbeingNot Openfor both images.
Relative to the baselineof having eyes openin both im-
agesEBGM nds subjectswith eyesNot Openin bothim-
agesharderto recognize put not signi cantly so. Thelin-
earmodel predictsanincreasein normalizeddistancebe-
tweena pair of imagesof the samesubjectof about
( from Table 1) for EBGM when eyesare
Not Open. In contrast,the PCA algorithm seesa statisti-
cally signi cant dropin normalizeddistanceof about
wheneyesareNot Openin bothimages.Someeffectsare
moreuniversal:thethird predictordown in Figurel showns
that changingeye statefrom oneimageto anothermakes
recognitionharderfor all algorithms.

Detailsof the ANOVA areshavn in Table1. Themodel
is parameterizewith treatmentontrast43], which means
that every parameteishavn representshe deviation from
the t for PCA for youngwhite clearskinnedmaleshav-

2Thereis anothersimpleway to write this modelthatemplas the Bi-
nomialdistribution; seethereferences.
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Figurel: Summaryof effectsfor thelinearmodel.

ing all othercovariatesat baselinein bothimages. Thus,
thep-valuesheretestcomparisongagainstPCA atbaseline,
whereaghe signi cance diamondsn Figure 1 testwithin-
algorithmeffects. For example,considerthe effectslabeled
Asian, IIDC:Asian, and EBGM:Asian. The estimatedef-
fectfor Asian (-0.64)indicatesthat PCA distancesresig-
ni cantly decreasedp ), which con rms the blue
bar in Figure 1. The EBGM:Asian effect (0.90) shawvs
thatEBGM distancedor Asiansaresigni cantly increased
(p ) comparedto the Asian effect for PCA The
[IDC:Asian effect shavs that Asian doesnot signi cantly
increaselIDC distancescomparedio PCA, althoughFig-
ure 1 shaws that Asiansare signi cantly easierfor 1IDC
thanWhites.

Themultiple  for the ANOVA modelis 0.657,andthe
partial  for all the covariatepredictorsandinteractions,
given algorithm, is . In otherwords, after adjusting
for algorithm,subjectcovariatesandtheir interactionswith
algorithmaccountfor % of the remainingvariationin
normalizeddistances.

Theresultsfor the generalizedinear modelaresumma-
rizedin Table2. An informal, iteratve modelsearchwas
usedto arrive at the generallinear model presentechere.

Thismodelwasarrivedatafter tting thefull modelwith all
possiblefactorsandtwo-wayinteractionsandthendeleting
termsbaseduponthe the standardchi-squaredlik elihood
ratio) testfor changesn deviance. In somecases,nter
actionscould be deletedbut main effects could not. We
did notallow deletionof maineffectsin the presencef re-
latedsigni cant interactions After sequentiallydeletingall
non-signi cantterms, deletedtermswere individually re-
insertedin the modelto testfor signi cance. Additional
cyclesof addition/deletiorof termsled to the nal model
givenabove. The (nonsequential) Devianceentriesindi-
catethe changein deviancethat would resultfrom delet-
ing thesetermsfrom the given model, and the p-valueis
obtainedfrom the correspondinghi-squaredest. All in-
teractionsandmain effectsnot includedin thetableabove
would have non-signi cantp-valuesif they weretestedfor
additionto themodelgivenabove.

The effects tted in the generalizedlinear model are
shawn in Figure2, which usesthe sameorganizationahnd
inferential structureas Table 1 exceptthat the responses
now the estimatedorobability of rank onerecognitionand
thesigni cancelevelsof individualbarsarenotshown. Fig-
ure 2 is organizedso that predictorswith signi cant algo-
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Figure2: Summaryof effectsthegeneralizedinearmodel.

rithm interactionsappearat the top andthosewith no algo-
rithm interactionappeamt the bottom.

To illustratehow to interpretFigure2, considerthe sec-
ond covariatedown: Glasses.For PCA, the probability of
recognizinga subjectwith eyesNot Openin bothimages,
relative to the baselineof a subjectwith eyesOpenin both
images,s about greater In contrastthereis adropin
expectedprobability of rank onerecognitionof about
for IIDC. SobetweerPCAandIIDC, thedifferencds about

, meaningthatPCA will recognize moresubjectout
of correctlyatrankonewhenbothalgorithmsarefaced
with anEyesNot Openimagepair insteadof EyesOpen.

Thereareonly (out of  possible)caseswherethe
linearandgeneralizedinearmodelsindicatesigni cant and
oppositeeffects. Thesecasesuggessomethingnteresting
is goingonrelativeto how imagesarelocally distributed,in
that normalizedsimilarity scoresandrank onerecognition
probabilityarenot positively correlated.

Both the linear and generalizedinear model indicate
mary signi cant covariateeffectsandinteractionsbetween
algorithmsandcovariates.While thereis a wealthof inter-
estingresults Jet usdraw specialattentionto several:

Age: Oldersubjectsareconsistentlyeasierto recognize.

Gender The linear model indicateswomenare harderto
recognizethanmenonly for PCA (p ). Theother
two algorithmshave no signi cant dependencepongen-
der For the generalizedinear model, the story is more
compl. If eitherthe algorithm genderinteractionor the
main gendereffect is removed separatelyneitherappears
signi cant. However, if both are taken together both be-
comesigni cantandEBGM appearso have moredif culty
recognizingvomen.

Genderas a covariateis of particularinterestbecause
others have studiedit using a simple data partition ap-
proach[16, 15]. In otherwords, they have divided their
testdatainto two sets,menandwomen,andnotedhigher
recognitionratesfor men. However, thesestudiesdo not
controlfor othercovariatessuchasfacial hair or makeup.

Glasses: The linear model suggestsall algorithmsbene-
t from a subjectwearing glasses:presumablythe same
glasses However, herewe seea rarereversalbetweerthe
linear and generalizedinear model for 1IDC, where the
probabilityof rankonerecognitiondropsbyabout  nfor
subjectswvearingglassesss. subjectsnot wearingglasses.
Indeed for thegeneralizedinearmodel,theonly algorithm
to bene t from glassess PCA.



Table1: ANOVA resultsfor the linear model. "B'="both Table2: Summaryof generalizedinearmodelresults.

images', O'="Other', "Ch'="change$rom oneimageto the df Deviance p
other',and™:" indicatesaninteraction. Intercept 1 Notel
! = <E Algorithm 2 Note2
redictor st. .E. t P
Intercept -8.44 | 0.08 | -107.76 Age 1 5.73 0.0167
IIDC 548 | 0.11| 49.46 Bangs 2 63.99
EBGM 354 | 011 | 31.98 FacialHair 2 11.12 0.0039
oud -0.57 | 0.08 -7.09 Mouth 2 76.50
Female 0.18 | 0.09 2.14 0.0324 .
Afr.-American 019| 011| -1.76| 0.0790 Race& Alg. : Race 9 46.48
Asian -0.64 | 0.10 -6.43 Skin& AIg : Skin 3 24.00
O Race -0.07 | 0.12 -0.59 0.5534 Expr. & Alg. : Expr. 6 54.64
O Skin -0.29 | 0.09 -3.08 0.0021 Eyes& Alg. : Eyes 6 131.87
B Bangs -0.82| 0.08| -9.74 ;
BangsCh 108 | 019 563 Glasses® Alg. : Glasses| 3 8.15 0.0430
B O Expression 0.65 | 0.15 4.39 Gender& Alg. : Gender | 3 9.55 0.0228
ExpressiorCh 1.63 | 0.08 19.94
B EyesNot Open -1.66 | 0.32 -5.22 Notel The null model devianceis on df. The model
EyesCh 156 | 0.11 13.79 using all termsgiven above hasresidualdeviance of on
B FacialHair 0.25 | 0.10 2.40 0.0164 df—nhighly signi cant.
FacialHair Ch -0.751 0.32 -2.34 0.0191 Note2 The factorindicatingalgorithmhasmary signi cant interactions
B Glasses -2.43 | 0.13 | -18.14 . L _— .
B Makeup 023 011 2.02 0.0439 in this modelandis highly signi cant. In atableorganizedtio shav
MakeupCh 0.32 | 0.26 1.23 0.2179 subjectcovariate effects, an analogougestfor algorithmwould be
B O Mouth 0.52 | 0.12 4.20 distracting.
Mouth Ch 1.14 | 0.08 | 13.69
IIDC : Old 0.37 | 0.11 3.22 0.0013
EBGM: Old 0.27 | 0.11 2.39 0.0171
IIDC : Female 011 012 | -0.92 0.3602 i . . :
EBGM : Female 2002 | 012 019 0.8526 Eye; Not Open: Subpctswho have their eyes closedin
[IDC : Afr.-Amer. -0.28 | 0.15 -1.82 0.0693 bothimagesare,accordingto bothmodels easierto recog-
EBGM : Afr. Amer. 0.20 | 0.15 1.29 0.1956 nize for PCA andharderfor EBGM. A plausibleexplana-
EggMAiz?an 8'38 8&3 é'gg 02778 tion is that PCA hasno meansof discountingor ignoring
IIDC : O Race 009 | 0.17 -0.53 0.5930 strongvariationsassociated{vith pgpils andthe Whites of
EBGM : O Race -0.13 | 0.17 -0.78 0.4339 the eyes. Consequentlysubjectswith closedeyesin both
”Dg : Oglgfll_ 8-33 g-lg g-lg 8-8232 imagesare more easilyrecognized.Corversely EBGM is
EBGM: in . A A . :
IDC : B Bangs 005! 012| 050 0.6201 alandmarkalgorithmthatsuffers whenthe eyescannotbe
EBGM : B Bangs 0.53| 012 | 447 reliably located. o o
IIDC : BangsCh 0.39 | 0.27 1.42 0.1557 Race: Racehasa modestbut statisticallysigni cant effect
ﬁgg'\"é %aI’E‘QSCh g-gg g-Z g-gi 8-888% for mostalgorithms andnotalwaysthesameeffectfor each
: Xpr. -0. . -3. . . . . . .
EBGM: B O Expr. 067 | 021 320 0.0014 algquthm.Therqs atrenqmward npn—whnesubjectsbelng
IIDC : Expr. Ch 1471 012 ] -12.72 easierto recognize put it is not universalacrossracesand
EBGM : Expr. Ch -0.99 | 0.12 -8.58 algorithms.lt is true for all non-whitesubjectausingPCA,
IDC : B OEyes 160\ 045]  3.55|  0.0004 andwe've obsenedthis sameeffectin prior studies.
EBGM: B O Eyes 1.98 | 0.45 4.39 B 4 Facial Hair: Therei | d .
IIDC : EyesCh 116|016 | -728 angsand Facial Hair: Thereis ac eartren suggesting
EBGM : EyesCh 059 | 016 | -3.71 0.0002 bangsmake recognitioneasierandthathaving bangsor fa-
IDC : B Fac. Hair 0131 015| -0.86 0.3889 cial hair in oneimageand not anothey makesrecognition
EBGM: B Fac.Hair | -0.53 | 0.15| -3.62 0.0003 ; o ; ; ;
DG - Fac. Hair Ch 0.00 | 028 1233 01841 easier This |s_une<pected,g|vgnt_hatbangsandfamal hair
EBGM : Fac.Hairch | 042 | 045 0.92 0.3593 aresourcef interpersonavariation. Theseresultssuggest
IIDC : B Glasses 0.78 | 0.19 4.12 aneedfor furtherstudy
ﬁgg'\"é EGllasseS 8-2‘13 g-ig i-gg 8-8222 An obvious hypothesigo discountmary of our results
: akeup . . . . . . . .
EBGM : B Makeup 032 | 016 204 0.0409 is thatsubjgctsmth covanqtefactor!evelsthat are under
IIDC : MakeupCh 0.03| 037 -0.09 0.9294 representech thedatasetwill beeasierto recognizedueto
EBGM : MakeupCh | -0.66 | 0.37 -1.79 0.0742 theirrelative uniguenesn thegallery. In earlierwork with
lIDC : B O Mouth -051 017\ -2.90 |  0.0037 thesesamedata,we have speci cally testecthis hypothesis
EBGM:BOMouth | -0.44 | 0.17| -2.54 0.0113 ith iewf fullvdesianedxoeri tghatbal
IIDC : MouthCh 102| 012| -89 with a seriesof carefullydesignedxperimentghatbalance
EBGM : Mouth Ch -0.76 | 0.12 -6.44 representationf the factorsin question[6]. In every case,

the hypothesisghat modeledrecognitionimpactscould be



explainedby dataimbalancevassoundlyrefuted.

5. Conclusion

We have presentedwo studiesrelating subjectand im-

age covariatesto the performanceof facerecognitional-

gorithms. Onestudyusesan ANOVA to modelthe effects
of covariateson the similarity betweentwo imagesof the

samesubject. The secondstudy usesa generalizedinear

modelto measureheeffectsof the samecovariateson rank
onerecognitionrates. Both methodscontrol for otherco-

variatestherebyeliminatingvariableconfoundingor surro-
gag. Thegeneralizedinear modelhasthe advantagethat
it directly predictsrecognitionrates,but the disadwantage
thatonly a limited portion of the datais directly informa-

tive aboutrecognitionfailure (becausef high recognition
rates). Roughly speakingthe ANOVA hasthe advantage
thatit usesdatamoreef ciently, but the disadantagethat
its responsevariableis imperfectly relatedto recognition
performance.Most of the time the two modelsagree,in-

creasingour con dencein their conclusions.

Both statisticalmodelssuggestthat older subjectsare
easierto recognizethan younger subjects,regardlessof
which facerecognitionalgorithmis used. Subjectswho
close their eyes are easierto recognizeusing PCA, but
harderto recognizewith EBGM. Racealso plays a part:
thereis ageneratrendtowardnon-whitesubjectdeingeas-
ier to recognizehanwhite subjectsput thetrendis not uni-
versalacrossalgorithmsor otherraces. Occassionallythe
ANOVA andgeneralizedinearmodeldisagree For exam-
ple, the ANOVA suggestghat all algorithmsbene t from
having a subjectwear(the samepair of) glassesn bothim-
ages.Accordingto the generalizedinear model, however,
only PCA improves undertheseconditions. Furtherem-
pirical studieswith more subjects,morereplication,more
algorithms,more preciseandvaried codingsof covariates,
andcompletelyindependenalgorithmtrainingwill further
elucidateimportantsubjectfactorsthataffectrecognition.
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