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Abstract

Recognitiondif�culty is statisticallylinkedto
���

subjectco-
variatefactorssuch asageandgenderfor threefacerecog-
nition algorithms:principlecomponentsanalysis,an inter-
personal image differenceclassi�er, and an elasticbunch
graphmatchingalgorithm.Thecovariatesassessrace, gen-
der, age, glassesuse, facial hair, bangs,mouthstate, com-
plexion, stateof eyes,makeupuse, and facial expression.
We usetwo statisticalmodels.First, an ANOVA relatesco-
variatesto normalizedsimilarity scores. Second,logistic
regressionrelatessubjectcovariatesto probability of rank
one recognition. Thesemodelshave strong explanatory
power as measured by ��� and deviancereduction,while
providing complementaryandcorroborative results.Some
factors, like changesto theeyestatus,affectall algorithms
similarly. Other factors, such as race, affect different al-
gorithmsdifferently. Tabular and graphical summariesof
resultsprovide a wealth of empirical evidence. Plausible
explanationsof manyresultscanbemotivatedfromknowl-
edge of the algorithms. Other resultsare surprising and
suggesta needfor furtherstudy.

1 Intr oduction

Many algorithmshavebeenproposedfor humanfacerecog-
nition [19, 4, 20], spawning a new industry [15]. Scien-
tistsworkingwith thesesystemsknow thatsomepeopleare
harderto recognizethanareothers.Surprisingly, however,
few studieshave beenpublishedlooking at whatattributes
make a subjecteasieror harderto recognizefor evena sin-
gleclassof facerecognitionalgorithm.

This paperexamineshow subjectfactorsaffect recogni-
tion dif�culty for threewell known algorithms.The�rst is
a principalcomponents(PCA) algorithm[18]. Thesecond
is an interpersonalimagedifferenceclassi�er (IIDC) [10].

�
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The third, an elasticbunchgraphmatching(EBGM) algo-
rithm, useslocalizedlandmarksandGaborjets [13]. The
PCA algorithmis chosenbecauseit is a de factostandard.
The IIDC and EBGM algorithmsperformedwell in the
originalFERETevaluations[14] andrepresentqualitatively
distinctalternativesto PCA.

Our study uses �	�

��
�


imagesfrom the FERET data
set[14, 5]: two imagesfor eachof

�

�
����� humansubjects.
This includesmostof theFERETsubjects.Earlier studies
includedmoreimagesandsubjects,butdoingsoimbalances
the numberof imagepairsper subject. It also introduces
imagepairstakenon differentdaysandsuchtemporalsep-
arationis understoodto makerecognitionmoredif�cult.

The covariatesin our studymeasurerace,gender, age,
glassesuse,facial hair, bangs,mouthstate,skin complex-
ion, stateof eyes,makeupuse,andfacialexpression.These
covariateswere not collectedwith the FERET data,so it
was necessaryfor us to reconstructthem from visual in-
spectionof theimages.

Two statisticalmodelsareusedin this study. The�rst is
an ANOVA relatingcovariatesto normalizedpairwiseim-
agedistancescores.Inferencesfrom this modelarebased
on thebelief thatsubjectsaremoreeasilyrecognizedwhen
thedistancebetweenthe two imagesof a subjectis small.
Obviously this is a heuristic,sincethetop rankedchoiceof
a nearestneighborclassi�er dependson how otherimages
distributethemselvesin theimmediatevicinity of theimage
beingtested.Our resultsbelow suggestthatthisheuristicis
generallysound,thoughnotperfect.

Thesecondmodelis ageneralizedlinearmodelthatuses
logistic regressionto relatesubjectcovariatesto probability
of rank onerecognition. For eachsubjectandeachimage
of that subject,a gallery of

�

������� imagesis sortedby in-
creasingdistance(decreasingsimilarity) to the probeim-
age. Ideally the �rst imagein the sortedgallery is of the
samesubjectastheprobeimage.Whenthis is true,a near-
estneighborclassi�er recognizesthissubject“at rankone”.
If an algorithmhastroublerecognizinga subject,thenthe
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matchingimagewill be found at someinferior positionin
thesortedgallery.

The advantageof using logistic regressionis that the
probabilityof rankonerecognitionrelatesdirectly to recog-
nition rate,andrecognitionrateis anearlyuniversalperfor-
mancemeasurefor facerecognitionalgorithms. Onedis-
advantagearisesbecauseall threeof thealgorithmsstudied
hererecognizemostsubjectscorrectly. Thus,only a lim-
ited portion of our datais directly informative aboutrank
onerecognitionfailure. In contrast,all subjectscontribute
similarity scoresto the linearmodelwhich are(in a rough
sense)equallyinformative.

Both analyseshave value.Wheretheresultsagree,con-
clusionsareevenmoreconvincing;disagreementshighlight
interestingcaseswhereimagedistanceis notdirectly linked
to rankonerecognitionperformance.An importantstrength
of bothmodelsis their multivariatenature.This allows for
theinterpretationof subjectfactorsto becontrolledfor other
covariates,therebyeliminatingthevariableconfoundingor
surrogacy thatinvalidatessimplerone-wayanalysesthatex-
aminetheeffectof a singlecovariatein isolation.

The major conclusionsof this studyaresummarizedin
Figures1 and 2, and Tables1 and 2. We �nd that older
subjectsandnon-Caucasiansubjectsareeasierto recognize,
regardlessof thealgorithm.Subjectswith their eyesclosed
areeasierto recognizefor PCA and IIDC, but harderfor
EBGM. We believe this is the�rst exampleof a large,con-
trolled study showing a clear algorithm-covariateinterac-
tion. Moreover, this resultis plausible:EBGM useseyesas
landmarks,andit maynot beableto localizethemaswell
whenthe eyesareclosed. Other resultscon�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 a list of thecovariatefactorsandtheir levels. For
eachfactor, one level was designatedas a baseline,indi-
catedwith an asteriskin the list below. Thesecovariates
wereassignedby handby a singlepersonviewing the im-
ages. Thus the ratingshave a subjective component,but
they donot introduceinter-viewervariability. Gender, skin,
glasses,andbangswereeasyfor ourviewer to judge.Race,
facial hair, expression,mouth and eyes were somewhat
harder, althoughtheviewerwasstill con�dent in his judge-
ments. Age and makeup were reportedto be dif�cult to
estimate.Whentheevidencefor a factorwasinconclusive,
thedefaultvaluewasselected.

Age,Race,Gender, andSkin ratingswereconstrainedto
remainconstantwithin eachsame-subjectimagepair; the
othercovariateratingscoulddiffer betweenthetwo images

of a subject. No subjectsamongthe 1,072we examined
changedtheir useof glassesbetweenimages.

Age � Young� and Old � . Old was assignedto subjects
judgedto beat least40.

Race � White� , African-American, Asian, Other� . The
“Other” categorywasusedfor Arab,Indian,Hispanic,
mixed race,and any subjectthat did not �t into the
otherthreecategories.

Gender � Male� , Female� . Self-explanatory.
Skin � Clear� , Other� . The Othercategory includedwrin-

kles,freckles,etc.
Glasses � Yes,No ��� . Self-explanatory.
Facial Hair � Yes,No ��� . Thereweremany menwho had

thin beardsor werenot cleanshaven. Any visible fa-
cial hair triggeredaYesrating.

Makeup � Yes,No ��� . A Yeswasonly assignedif it was
obviousthata subjectwaswearingmakeup.Themost
obvious featureto look for wasthe shadeof the lips,
however the eyes and generalappearancealso in�u-
encedthedecision.

Bangs � Yes,No �

� . Bangswasset to Yesif the subject's
hairwasvisible in themasked/normalizedimage.This
includedhair that camedown over the foreheadand
hair that sometimescoveredthe sidesof the face. In
somecaseshair wasbarelyvisible aroundtheedgeof
theimage;thesecaseswereassignedNo.

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

Mouth � Closed� , Other� . Closedwas typically associ-
atedwith a relaxed,neutralexpression.Subjectswith
mostlyneutralexpressionwith their mouthopenthey
were assignedOther, as were subjectswith visible
teethor smiles,indescribableexpressions,andclosed
mouthsmiles.

Eyes � Open� , Not Open� . Openeyeswereassociatedwith
relaxed openeyelids, with the personstaringdirectly
into thecamera.Not Openstatesincludedclosedeye-
lids andeyes that werehalf open,that looked some-
whereotherthandirectlyat thecamera,or thatin some
otherwaydid notappearrelaxed.

3. Algorithms
ThePCAalgorithmisbasedonTurkandPentland'soriginal
algorithm[18], with onetwist. Thesimilaritymeasureis the
cosineof theanglebetweentwo imagesafterthey havebeen
projectedinto thewhitenedPCAsubspace.To bemorespe-
ci�c, eachdimensionof subspaceis scaledby theinverseof
its samplestandarddeviation. This is a whiteningtransfor-
mation,sinceit givesthetrainingdataunit samplevariance
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in all directions.This whitenedcosinemeasureis a re�ne-
mentof oneproposedby Moon andPhillips in theoriginal
FERETstudy[11]. PCA usingthis measureis competitive
with bothIIDC andEBGM on theFERETdata[1].

The IIDC is based on an algorithm developed by
MoghaddamandPentland[9]. A detaileddescriptionof our
implementationappearsin [17]. ThealgorithmusesPCAto
generatea parametriccharacterizationof two spaces.The
�rst is thespaceof intrapersonalimagedifferences,i.e.dif-
ferencesbetweensame-subjectimagepairs. Thesecondis
the spaceof interpersonalimages,or differencesbetween
imagesof differentpeople.Thesetwo classesof imagedif-
ferencesareassumedto be Gaussian.Two variantsof the
algorithmemploy a maximuma posteriori (MAP) or maxi-
mumlikelihood(ML) classi�er. Experimentssuggeststhere
is little differencebetweenthe two on theFERETdata,so
ML is usedhere.

The EBGM algorithm is basedon an approachfrom
University of SouthernCalifornia[13]. The algorithm lo-
cates��� landmarksperimage,includingtheeyes,nose,and
mouth. Theselandmarksare locatedbasedon templates
extractedby handfrom model images. Our implementa-
tion uses��� suchtemplatesfor eachlandmark,drawn from

��� handchosenimages. Gaborjets are extractedat each
landmarkandusedto form facegraphs;thealgorithmmea-
suressimilarity betweenfacegraphsby comparingthecor-
respondingGaborjets.A detaileddescriptionof our imple-
mentationmaybefoundin [2].

Thesethreeealgorithmsarequalitatively different,mak-
ingcomparisonsbetweentheminteresting.PCAis arguably
the simplest,being a nearestneighborclassi�er in a sub-
spaceexplicitly basedon the variancein the trainingdata.
IIDC is a parametricalgorithmthatoperateson imagedif-
ferencesratherthanimages.Finally, EBGM is a localized
methodusingdistinctfaciallandmarks.It thereforeempha-
sizessomefaceregionsoverothersby design.

3.1 ImageNormalization

Ourwork onFEREThasmadeusacutelyawareof how im-
portantimagenormalizationis to recognitionperformance.
The imageryin this studyhasbeensubjectedto the same
preprocessingasusedby NIST in theoriginalFERETstudy.
First,facesaretranslatedto thecenterof theimagebasedon
hand-selectedeye coordinates.Next the imageis cropped
usingan elliptical masksuchthat only the facefrom fore-
headto chinandcheekto cheekis visible. Histogramequal-
izationis appliedto theunmaskedregionof theimage,and
�nally pixel valuesarescaledto have a meanof zeroanda
standarddeviationof one.

3.2 Training

EBGM has no training phase,beyond the person who
handpicks the landmarktemplates.Both PCA and IIDC
usetraining datato automaticallyconstructsubspacesfor
recognition. Ideally, we would train and test thesealgo-
rithmsondifferentimagesets.Unfortunately, only two im-
agesareavailablefor mostFERETsubjects,andthereare
insuf�cient datato supportdisjoint training and test sets.
Consequently, PCA andIIDC aretrainedon the complete
setof 2,144images.This is thebestchoicegiven the lim-
its of theFERETdata,in that it removesconcernsthatob-
servedeffectsmightbedueto traininginequities.

3.3 Data Coding

All threealgorithmsare run on 2,144 images,generating
three2,144by 2,144similarity matrices. The imagesare
partitionedinto two sets:the�rst imageof eachsubjectand
the secondimageof eachsubject. Which imageis �rst is
arbitrary, but the partitionplaysan importantrole in com-
putingrecognitionrank.For eachsubject,the�rst imageis
treatedasa probeimage,andthesecondimagesis treated
aspartof thegallery1. Thegallery is sortedby decreasing
similarity relative to theprobeimage,andtheposition,i.e.
rank,of thesecondimageof theprobesubjectis recorded.
This is therecognitionrankfor theprobeimage.This pro-
cessis repeatedreversingtherole of probeandgalleryim-
ages.Thus,eachsubjectgeneratestwo observationsin our
dataset:one wherethe �rst imageis the probe,and one
wherethesecondimageis theprobe.Theresultingpairsof
recognitionranksareusedby thegeneralizedlinearmodel.

Thereare two responsevariablesfor eachobservation:
recognitionrank andnormalizedsimilarity score. For the
algorithmsstudiedhere,the similarity scoresaresymmet-
ric, and thereforeidentical for a given subject. However,
thenormalizationof similarity scoresis probespeci�c, cre-
atingasymmetricnormalizedsimilarity scores.

To normalize similarity scores, all 1,072 similarity
scoresbetweenthe probeimageandgallery images(only
oneof which matchesthe probe)arepooled. Normalized
similarity scoresarecalculatedby substractingthesample
meansimilarity score,anddividing theresultby thesample
standarddeviation. This operationgivesthe 1,072scores
for aprobeimageasamplemeanof zeroandasamplevari-
anceof one.Sinceall threealgorithmsrecognizemostsub-
jectssuccessfullyat rankone,normalizedsimilarity scores
betweena probeandthematchingimageof thesamesub-
jectusuallyexceed3.

Normalizationplacessimilarity scoresfrom differental-
gorithmson a commonfooting. The processis imperfect,

1Theuseof thetermsprobe,probesetandgalleryherearethesameas
in theoriginalFERETevaluation.
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however. The meannormalizedscores(acrossall probes)
betweena probeandits matchwere7.39,3.24,and4.50,
for PCA, IIDC, andEBGM, respectively, andthestandard
deviationswere2.62,1.11,and1.33. We easilyequilibrate
theabsolutelevelsof normalizedsimilarity scoresacrossal-
gorithmsin our modelingframework. Interpretationof our
modelsis complicated(but not invalidated)by thediffering
standarddeviations.Overall,normalizationis usefuland,to
a �rst order, allow scoresto becompared.

Eachresponseis associatedwith a probeimageand a
gallery image,andtheseimagesmaydiffer with respectto
thefacialhair, makeup,bangs,expression,mouth,andeyes
factors.We codedthreepredictorsfor eachfactor, indicat-
ing that (i) both imageshave the baselinelevel, (ii) both
imageshavethenon-baselinelevel, or (iii) onebaselineim-
ageandonenon-baselineimageis in thepair. Coding(i) is
treatedasthebaselinelevel of eachpredictor.

4 Analysisand Results

4.1 Linear and GeneralizedLinear Models

Mostreaderswill alreadybefamiliarwith thelinearmodel-
ing framework; ANOVA is reviewedin [12]. Herewe will
introducegeneralizedlinearmodels[8]. Let � bearandom
variablerepresentinga response,i.e. a quantity measured
to evaluatetheperformanceof a singleattemptby a single
algorithmfacedwith a singlerecognitiontask.

Let � denotea vector of independentvariableswith
which we hopeto predictthe response.Herethesearethe
subjectcovariates.Thecovariatefactorsarecategoricalpre-
dictorsandthey contributevectorsof binaryindicatorvari-
ablesto � in theusualANOVA fashion[12].

An experimentgenerallyconsistsof � trials, resulting
in a datasetof observations ��� ��!��#"$!&%&�('�'('(���)��*+�
",*-%.� . We
write the / componentsof the the 0 th predictorvectoras

�21�34� �51)6 !��('�'('(���21 6 7�% anduseuppercaseto denoteran-
domvariablesandlowercaseto denoteobservedvalues.

A generalizedlinearmodelconsistsof threeparts:a link
function,a linearpredictor, andadistributionalmodel.The
link function, 8 , is a possiblynonlinear, monotonicreal-
valuedfunction of 9$:�;
< =>; , the conditionalmeanof the re-
sponsegiventhepredictorsfor the 0 th subject. It links the
conditionalmeanto the / predictorsin � accordingto

8@? 9A:
;

< =
;CB

3D"
1 E

3DF-GIHJF
!LKM1 6 !

HDN�N(N�HOF
7�KP1)6 7 (1)

Theright sideof (1) is calledthelinearpredictor. Thevec-
tor of parametersE playsa role analogousto ordinarylin-
earregressionparameters:eachF-Q describesthemagnitude
anddirectionof relationshipbetween8R?S9A:

;
< =

;CB andthe T th
predictorvariable.Theconditionaldistribution of �U1 given

�
1 is assumedto be �

1WV
�

1YX[Z
? �+\#9A:

;
< =

;CB
. The �

1 are
conditionallyindependent.

The simplestgeneralizedlinear model takes 8U� ]�%23^]

and Z ?

�+\#9A:�;C< =_; B 3 N ?

�+\#9A:�;C< =_;.�
`U� B , whereN �SaM�.bL��% is
the normal densitywith mean a and variance b(� . In this
casethe generalizedlinear model reducesto the ordinary
multiple linear regressionmodel,or ANOVA, for regress-
ing � on � . Thelinearmodelhereusesnormalizedimage
distancefor Y. Distanceis simply thenegationof the nor-
malizedsimilarity score

Another form of generalizedlinear model arisesfrom
assumingthat � is a binary randomvariable. The well-
known logistic regressionmodel [7] is establishedby us-
ing Z ?S�+\#9A: ; < = ;CB 3 Bern ?S�+\#9A: ; < = ;
B , whereBern� �P\
cA%Y3

c,d	�

�fe

cA%

!Lg

d (with �ihjckh

�

) is the Bernoulli distri-
bution2. This assumptionis pairedwith thecanonicallink

8+�S]�%l3 logit � ]�%>3nmpo�qY� ]	r	�

�Ie

]�%#% .
We usethis form of generalizedlinearmodelto estimate

theprobabilityof rankonerecognitionaspredictedby the
subjectcovariates� . For the 0 th probe,�U1_3

�

if andonly
if that probeis recognizedat rank one. Otherwise �U1s3

� . The probability of rank one recognitionis essentially
synonymouswith theexpectedrecognitionrate.

4.2 Results

TheANOVA resultsaresummarizedin Figure1. For each
algorithm,the barsindicatethe changein normalizeddis-
tanceassociatedwith the indicatedpredictorlevel, relative
to the normalizeddistanceassociatedwith that algorithm
when all predictorsare at baselinelevels. Thus, the �g-
ure comparesalgorithm-speci�ceffectsof eachpredictor,
controlling for all otherpredictors.A diamondindicatesa
deviation from 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-
ages,EBGM �nds subjectswith eyesNot Openin bothim-
agesharderto recognize,but not signi�cantly so. The lin-
earmodelpredictsan increasein normalizeddistancebe-
tweena pair of imagesof the samesubjectof about �t' u��

( 3

�

' v�w

ex�

' y�y from Table 1) for EBGM when eyes are
Not Open. In contrast,the PCA algorithmseesa statisti-
cally signi�cant drop in normalizeddistanceof about

�

' y�y

wheneyesareNot Openin both images.Someeffectsare
moreuniversal:thethird predictordown in Figure1 shows
that changingeye statefrom one imageto anothermakes
recognitionharderfor all algorithms.

Detailsof theANOVA areshown in Table1. Themodel
is parameterizedwith treatmentcontrasts[3], which means
that every parametershown representsthe deviation from
the �t for PCA for youngwhite clear-skinnedmaleshav-

2Thereis anothersimpleway to write this modelthatemploys theBi-
nomialdistribution; seethereferences.
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Figure1: Summaryof effectsfor thelinearmodel.

ing all othercovariatesat baselinein both images. Thus,
thep-valuesheretestcomparisonsagainstPCAatbaseline,
whereasthesigni�cancediamondsin Figure1 testwithin-
algorithmeffects.For example,considertheeffectslabeled
Asian, IIDC:Asian, andEBGM:Asian. The estimatedef-
fect for Asian(-0.64)indicatesthatPCA distancesaresig-
ni�cantly decreased(p z{�t' �����

�

), which con�rms theblue
bar in Figure 1. The EBGM:Asian effect (0.90) shows
thatEBGM distancesfor Asiansaresigni�cantly increased
(p z|�t' �����

�

) comparedto the Asian effect for PCA. The
IIDC:Asian effect shows that Asian doesnot signi�cantly
increaseIIDC distancescomparedto PCA, althoughFig-
ure 1 shows that Asiansare signi�cantly easierfor IIDC
thanWhites.

Themultiple �}� for theANOVA modelis 0.657,andthe
partial �}� for all the covariatepredictorsandinteractions,
given algorithm, is �-' u


�


. In otherwords,after adjusting
for algorithm,subjectcovariatesandtheir interactionswith
algorithmaccountfor u




'




% of the remainingvariationin
normalizeddistances.

Theresultsfor thegeneralizedlinearmodelaresumma-
rized in Table2. An informal, iterative modelsearchwas
usedto arrive at the generallinear model presentedhere.

Thismodelwasarrivedatafter�tting thefull modelwith all
possiblefactorsandtwo-wayinteractions,andthendeleting
termsbaseduponthe the standardchi-squared(likelihood
ratio) test for changesin deviance. In somecases,inter-
actionscould be deletedbut main effects could not. We
did not allow deletionof maineffectsin thepresenceof re-
latedsigni�cant interactions.After sequentiallydeletingall
non-signi�cant terms,deletedtermswere individually re-
insertedin the model to test for signi�cance. Additional
cyclesof addition/deletionof termsled to the �nal model
givenabove. The(nonsequential)~ Devianceentriesindi-
catethe changein deviancethat would result from delet-
ing thesetermsfrom the given model, and the p-value is
obtainedfrom the correspondingchi-squaredtest. All in-
teractionsandmaineffectsnot includedin the tableabove
would have non-signi�cantp-valuesif they weretestedfor
additionto themodelgivenabove.

The effects �tted in the generalizedlinear model are
shown in Figure2, which usesthesameorganizationaland
inferentialstructureasTable1 except that the responseis
now theestimatedprobabilityof rankonerecognitionand
thesigni�cancelevelsof individualbarsarenotshown. Fig-
ure 2 is organizedso that predictorswith signi�cant algo-
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Figure2: Summaryof effectsthegeneralizedlinearmodel.

rithm interactionsappearat thetopandthosewith no algo-
rithm interactionappearat thebottom.

To illustratehow to interpretFigure2, considerthesec-
ondcovariatedown: Glasses.For PCA, theprobabilityof
recognizinga subjectwith eyesNot Openin both images,
relative to thebaselineof a subjectwith eyesOpenin both
images,is about �-' ��� greater. In contrast,thereis a dropin
expectedprobabilityof rankonerecognitionof about �t' ��u

for IIDC. SobetweenPCAandIIDC, thedifferenceis about
�t' ��� , meaningthatPCA will recognize� moresubjectsout
of

�

��� correctlyat rankonewhenbothalgorithmsarefaced
with anEyesNot Openimagepair insteadof EyesOpen.

Thereare only � (out of �

�

possible)caseswherethe
linearandgeneralizedlinearmodelsindicatesigni�cant and
oppositeeffects.Thesecasessuggestsomethinginteresting
is goingonrelativeto how imagesarelocally distributed,in
thatnormalizedsimilarity scoresandrank onerecognition
probabilityarenotpositively correlated.

Both the linear and generalizedlinear model indicate
many signi�cant covariateeffectsandinteractionsbetween
algorithmsandcovariates.While thereis a wealthof inter-
estingresults,let usdraw specialattentionto several:
Age: Oldersubjectsareconsistentlyeasierto recognize.

Gender The linear model indicateswomenare harderto
recognizethanmenonly for PCA (p 3•�-' ��u��




). Theother
two algorithmshave no signi�cant dependenceupongen-
der. For the generalizedlinear model, the story is more
complex. If either the algorithmgenderinteractionor the
main gendereffect is removed separately, neitherappears
signi�cant. However, if both are taken together, both be-
comesigni�cant andEBGM appearsto havemoredif�culty
recognizingwomen.

Genderas a covariate is of particular interestbecause
others have studied it using a simple data partition ap-
proach[16, 15]. In other words, they have divided their
testdatainto two sets,menandwomen,andnotedhigher
recognitionratesfor men. However, thesestudiesdo not
controlfor othercovariatessuchasfacialhair or makeup.

Glasses: The linear model suggestsall algorithmsbene-
�t from a subjectwearingglasses:presumablythe same
glasses.However, herewe seea rarereversalbetweenthe
linear and generalizedlinear model for IIDC, where the
probabilityof rankonerecognitiondropsbyabout�-' ��� n for
subjectswearingglassesvs. subjectsnot wearingglasses.
Indeed,for thegeneralizedlinearmodel,theonly algorithm
to bene�t from glassesis PCA.
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Table1: ANOVA resultsfor the linear model. `B'=`both
images',̀ O'=`Other', `Ch'=`changesfrom oneimageto the
other',and`:' indicatesaninteraction.

Predictor Est. S.E. t p
Intercept -8.44 0.08 -107.76 €2•�‚ •L•L•�ƒ

IIDC 5.48 0.11 49.46 €2•�‚ •L•L•�ƒ

EBGM 3.54 0.11 31.98 €2•�‚ •L•L•�ƒ

Old -0.57 0.08 -7.09 €2•�‚ •L•L•�ƒ

Female 0.18 0.09 2.14 0.0324
Afr.-American -0.19 0.11 -1.76 0.0790
Asian -0.64 0.10 -6.43 €2•�‚ •L•L•�ƒ

O Race -0.07 0.12 -0.59 0.5534
O Skin -0.29 0.09 -3.08 0.0021
B Bangs -0.82 0.08 -9.74 €2•�‚ •L•L•�ƒ

BangsCh -1.08 0.19 -5.63 €2•�‚ •L•L•�ƒ

B O Expression 0.65 0.15 4.39 €2•�‚ •L•L•�ƒ

ExpressionCh 1.63 0.08 19.94 €2•�‚ •L•L•�ƒ

B EyesNot Open -1.66 0.32 -5.22 €2•�‚ •L•L•�ƒ

EyesCh 1.56 0.11 13.79 €2•�‚ •L•L•�ƒ

B FacialHair 0.25 0.10 2.40 0.0164
FacialHair Ch -0.75 0.32 -2.34 0.0191
B Glasses -2.43 0.13 -18.14 €2•�‚ •L•L•�ƒ

B Makeup -0.23 0.11 -2.02 0.0439
MakeupCh 0.32 0.26 1.23 0.2179
B O Mouth 0.52 0.12 4.20 €2•�‚ •L•L•�ƒ

Mouth Ch 1.14 0.08 13.69 €2•�‚ •L•L•�ƒ

IIDC : Old 0.37 0.11 3.22 0.0013
EBGM : Old 0.27 0.11 2.39 0.0171
IIDC : Female -0.11 0.12 -0.92 0.3602
EBGM : Female -0.02 0.12 -0.19 0.8526
IIDC : Afr.-Amer. -0.28 0.15 -1.82 0.0693
EBGM : Afr. Amer. 0.20 0.15 1.29 0.1956
IIDC : Asian 0.15 0.14 1.09 0.2778
EBGM : Asian 0.90 0.14 6.36 €2•�‚ •L•L•�ƒ

IIDC : O Race -0.09 0.17 -0.53 0.5930
EBGM : O Race -0.13 0.17 -0.78 0.4339
IIDC : O Skin 0.28 0.13 2.14 0.0327
EBGM : O Skin 0.29 0.13 2.19 0.0286
IIDC : B Bangs -0.06 0.12 -0.50 0.6201
EBGM : B Bangs 0.53 0.12 4.47 €2•�‚ •L•L•�ƒ

IIDC : BangsCh 0.39 0.27 1.42 0.1557
EBGM : BangsCh 0.80 0.27 2.95 0.0032
IIDC : B O Expr. -0.76 0.21 -3.64 0.0003
EBGM : B O Expr. -0.67 0.21 -3.20 0.0014
IIDC : Expr. Ch -1.47 0.12 -12.72 €2•�‚ •L•L•�ƒ

EBGM : Expr. Ch -0.99 0.12 -8.58 €2•�‚ •L•L•�ƒ

IIDC : B O Eyes 1.60 0.45 3.55 0.0004
EBGM : B O Eyes 1.98 0.45 4.39 €2•�‚ •L•L•�ƒ

IIDC : EyesCh -1.16 0.16 -7.28 €2•�‚ •L•L•�ƒ

EBGM : EyesCh -0.59 0.16 -3.71 0.0002
IIDC : B Fac.Hair -0.13 0.15 -0.86 0.3889
EBGM : B Fac.Hair -0.53 0.15 -3.62 0.0003
IIDC : Fac.Hair Ch 0.60 0.45 1.33 0.1841
EBGM : Fac.Hair Ch 0.42 0.45 0.92 0.3593
IIDC : B Glasses 0.78 0.19 4.12 €2•�‚ •L•L•�ƒ

EBGM : B Glasses 0.56 0.19 2.95 0.0032
IIDC : B Makeup 0.31 0.16 1.92 0.0545
EBGM : B Makeup 0.32 0.16 2.04 0.0409
IIDC : MakeupCh -0.03 0.37 -0.09 0.9294
EBGM : MakeupCh -0.66 0.37 -1.79 0.0742
IIDC : B O Mouth -0.51 0.17 -2.90 0.0037
EBGM : B O Mouth -0.44 0.17 -2.54 0.0113
IIDC : MouthCh -1.02 0.12 -8.69 €2•�‚ •L•L•�ƒ

EBGM : Mouth Ch -0.76 0.12 -6.44 €2•�‚ •L•L•�ƒ

Table2: Summaryof generalizedlinearmodelresults.
df ~ Deviance p

Intercept 1 Note1
Algorithm 2 Note2
Age 1 5.73 0.0167
Bangs 2 63.99 z„�t' �����

�

FacialHair 2 11.12 0.0039
Mouth 2 76.50 z„�t' �����

�

Race& Alg. : Race 9 46.48 z…�-' �����

�

Skin& Alg. : Skin 3 24.00 z…�-' �����

�

Expr. & Alg. : Expr. 6 54.64 z„�t' �����

�

Eyes& Alg. : Eyes 6 131.87 z…�-' �����

�

Glasses& Alg. : Glasses 3 8.15 0.0430
Gender& Alg. : Gender 3 9.55 0.0228

Note1 The null model deviance is †�‡‰ˆLŠLŠ�‚ ‹ on Š�‡S†&ˆLŒ df. The model
using all termsgiven above hasresidualdevianceof •�‡SŠ&Ž.Š�‚ ‹ on

Š�‡S•L•LŠ df—highly signi�cant.

Note2 The factorindicatingalgorithmhasmany signi�cant interactions

in this modelandis highly signi�cant. In a tableorganizedto show

subjectcovariateeffects,an analogoustestfor algorithmwould be

distracting.

Eyes Not Open: Subjectswho have their eyes closedin
bothimagesare,accordingto bothmodels,easierto recog-
nize for PCA andharderfor EBGM. A plausibleexplana-
tion is that PCA hasno meansof discountingor ignoring
strongvariationsassociatedwith pupils and the whitesof
the eyes. Consequently, subjectswith closedeyesin both
imagesaremoreeasilyrecognized.Conversely, EBGM is
a landmarkalgorithmthatsufferswhentheeyescannotbe
reliably located.
Race: Racehasa modestbut statisticallysigni�cant effect
for mostalgorithms,andnotalwaysthesameeffectfor each
algorithm.Thereis atrendtowardnon-whitesubjectsbeing
easierto recognize,but it is not universalacrossracesand
algorithms.It is truefor all non-whitesubjectsusingPCA,
andwe'veobservedthis sameeffect in prior studies.
Bangsand Facial Hair: Thereis a cleartrendsuggesting
bangsmakerecognitioneasier, andthathaving bangsor fa-
cial hair in oneimageandnot another, makesrecognition
easier. This is unexpected,giventhatbangsandfacialhair
aresourcesof interpersonalvariation.Theseresultssuggest
aneedfor furtherstudy.

An obvious hypothesisto discountmany of our results
is that subjectswith covariatefactor levels that areunder-
representedin thedatasetwill beeasierto recognizedueto
their relativeuniquenessin thegallery. In earlierwork with
thesesamedata,we havespeci�cally testedthis hypothesis
with aseriesof carefullydesignedexperimentsthatbalance
representationof thefactorsin question[6]. In every case,
the hypothesisthat modeledrecognitionimpactscould be
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explainedby dataimbalancewassoundlyrefuted.

5. Conclusion
We have presentedtwo studiesrelating subjectand im-
agecovariatesto the performanceof facerecognitional-
gorithms.OnestudyusesanANOVA to modeltheeffects
of covariateson the similarity betweentwo imagesof the
samesubject. The secondstudyusesa generalizedlinear
modelto measuretheeffectsof thesamecovariatesonrank
onerecognitionrates. Both methodscontrol for otherco-
variates,therebyeliminatingvariableconfoundingor surro-
gacy. The generalizedlinearmodelhastheadvantagethat
it directly predictsrecognitionrates,but the disadvantage
that only a limited portion of the datais directly informa-
tive aboutrecognitionfailure (becauseof high recognition
rates). Roughlyspeaking,the ANOVA hasthe advantage
that it usesdatamoreef�ciently , but thedisadvantagethat
its responsevariableis imperfectly relatedto recognition
performance.Most of the time the two modelsagree,in-
creasingourcon�dencein their conclusions.

Both statisticalmodelssuggestthat older subjectsare
easierto recognizethan youngersubjects,regardlessof
which face recognitionalgorithm is used. Subjectswho
close their eyes are easierto recognizeusing PCA, but
harderto recognizewith EBGM. Racealso plays a part:
thereisageneraltrendtowardnon-whitesubjectsbeingeas-
ier to recognizethanwhitesubjects,but thetrendis notuni-
versalacrossalgorithmsor otherraces. Occassionallythe
ANOVA andgeneralizedlinearmodeldisagree.For exam-
ple, the ANOVA suggeststhat all algorithmsbene�t from
having asubjectwear(thesamepairof) glassesin bothim-
ages.Accordingto thegeneralizedlinearmodel,however,
only PCA improvesundertheseconditions. Furtherem-
pirical studieswith moresubjects,morereplication,more
algorithms,morepreciseandvariedcodingsof covariates,
andcompletelyindependentalgorithmtrainingwill further
elucidateimportantsubjectfactorsthataffect recognition.
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