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Abstract

Somepeople'sfacesareeasierto recognizethanothers,but
it is notobviouswhatsubject-speci�cfactorsmake individ-
ual faceseasyor dif�cult to recognize. This studyconsid-
ers 11 factors that mightmake recognition easyor dif�cult
for 1;072humansubjectsin theFERETdataset.Thespe-
ci�c factors are: race(white, Asian,African-American,or
other),gender, age (youngor old), glasses(presentor ab-
sent),facial hair (presentor absent),bangs(presentor ab-
sent),mouth(closedor other), eyes(openor other), com-
plexion (clear or other), makeup(presentor absent),and
expression(neutral or other). An ANOVA is usedto deter-
minetherelationshipbetweenthesesubjectcovariatesand
thedistancebetweenpairsof imagesof thesamesubjectin
a standard Eigenfacessubspace. Someresultsarenot terri-
bly surprising. For example, thedistancebetweenpairs of
imagesof thesamesubjectincreasesfor peoplewhochange
their appearance, e.g., openandclosetheir eyes,openand
closetheir mouthor changeexpression.Thuschangingap-
pearancemakesrecognitionharder. Other�ndings aresur-
prising. Distancebetweenpairs of imagesfor subjectsde-
creasesfor peoplewhoconsistentlywearglasses,sowear-
ing glassesmakes subjectsmore recognizable. Pairwise
distancealsodecreasesfor peoplewhoare eitherAsianor
African-Americanrather thanwhite. A possibleshortcom-
ing of our analysisis that minority classi�cationssuch as
African-Americansandwearers-of-glassesare underrepre-
sentedin training. Followup experimentswith balanced
trainingaddressesthis concernandcorroboratestheorigi-
nal �ndings. Anotherpossibleshortcomingof this analysis
is the novel useof pairwisedistancebetweenimagesof a
singlepersonas the predictor of recognition dif�culty. A
separateexperimentcon�rms that larger distancesbetween
pairsof subjectimagesimpliesa larger recognitionrankfor
thatsamepair of images,thuscon�rming that thesubjectis
harder to recognize.

� The work was funded in part by the DefenseAdvancedResearch
ProjectsAgency (DARPA) undercontractDABT63-00-1-0007.

1 Introduction

Many algorithmshavebeenproposedfor humanfacerecog-
nition [13, 3, 14], spawning a new industry [6]. Scien-
tistsworkingwith thesesystemsknow thatsomepeopleare
harderto recognizethanareothers.Surprisingly, however,
few studieshave beenpublishedlooking at whatattributes
makea subjecteasieror harderto recognize.

This paperpresentsa study of how factorsassociated
with subjectsaffect recognitiondif�culty usinga standard
principalcomponentsanalysis(PCA) basednearestneigh-
bor classi�er [8]. This studyuses2;144 imagesfrom the
FERETdataset[11, 7]: two imagesfor eachof 1;072hu-
mansubjects.While this is not all of thepotentialFERET
subjects,it is largenumberthatenablesusto look for statis-
tically signi�cant relationshipsbetweeneaseof recognition
and11subjectcovariates.

The covariates in our study are race (white, Asian,
African-American,or other), gender, age(young or old),
glasses(absentor present),facial hair (absentor present),
bangs(absentor present),mouth (closedor other), eyes
(open or other), complexion (clear or other), makeup
(presentor absent),andexpression(neutralor other).These
covariateswerenot collectedat the time the FERETdata
werecollected,andsoit wasnecessaryfor usto reconstruct
theseasbestwecouldby visualinspectionof theimages.

To carryout our analysis,a standardPCA classi�er was
trainedon all 2;144 imagesandeachimagewasprojected
into the resultingsubspace.Distancebetweenpairsof im-
agesof thesamesubjectis usedastheresponsevariable.A
linearmodelwasthenusedto estimatethedegreeto which
eachcovariatein�uenceddistance.

Usingthepairwisedistancebetweenimagesof thesame
subjectasthe responsevariablehassomeadvantagesover
otherpossiblechoicessuchasrecognitionrateor recogni-
tion rank. Recognitionrate is a function over a setof im-
ages,andthereforecannotbe tied clearly to any onesub-
ject. Recognitionrankfor agivensubjectis moreappropri-
ate,but it dependson thegalleryof imagesbeingmatched
against,not justonthesubject.Therearealsodistributional
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propertiesof recognitionrankthatmakeit lesssuitablethan
pairwisedistancefor regressionanalysis.Recognitionrank
doesplay an importantbackuprole, however, providing a
way to test our implicit hypothesisthat pairwisedistance
predictseaseof recognition.

The major conclusionsof this studyaresummarizedin
Figure1. It suggeststhat older subjectsareeasierto rec-
ognizethanyoungsubjects,that subjectswho consistently
wearglassesareeasierto recognizethansubjectswithout
glasses,andthatsubjectswhoseeyesarealwaysclosedare
easierto recognizethan subjectswhoseeyes are always
open. Not surprisingly, subjectswho changeacrossthe
pair of images,for exampleby changingtheir expression
or openingor closing their eyes, are harderto recognize
thansubjectswho aremoreconsistent.Perhapsmoresur-
prisingly, whitesubjectsareharderto recognizethanAsian,
African-Americanor othersubjects,evenwhenthesystem
is trainedwith raciallybalanceddatasets.

2 The Subject Covariates

Whenthe FERETimageswerecollected,little or no data
wererecordedaboutthesubjectsthemselves. Therefore,it
hasbeennecessaryfor us to estimatesuchdataafter the
fact from the imagesthemselves. Suchpost-hocestima-
tionsareboundto be imperfect,but it is far moreinterest-
ing to proceedwith imperfectdatathanto do nothing. For
this study, elevencovariateswereselectedfor examination:
age,race,gender, expression,skin appearance,glasses,fa-
cial hair, makeup,bangs,mouthandeyes. Eachis further
describedbelow. All covariatevalueswere estimatedby
a single viewer, so while thereis clearly somedegreeof
subjectivity in assigningvaluesto covariates,we have at
leastavoidedintroducingfurtherinconsistency by changing
viewers.

Below is a list of the covariatesandtheir values. Each
item is a covariateandnext to eachis a list of the possi-
ble values. For eachcovariatea default valuewasdesig-
nated. If the viewer found the evidencefor onechoiceof
covariatevalue versusanotherinconclusive, then the de-
fault valuewas selected.For example,if the viewer was
uncertainabouta subject's expression,the expressionwas
assignedthedefault valueneutral.

In somecases,our initial set of covariatevalueswere
consolidatedinto a smallermoremanageableset. So, for
example,initially agewasdividedinto teens,twenties,thir-
ties,etc.However, for all ouranalysisagewasconsolidated
into only two categories,youngversusold.

Age f Teen,20,30, 40,50, 60+g. Consolidatedto f Young
[teen-30s]andOld [40s-60+]g. Default= Young.This
covariatewasoneof themostdif�cult to judge.

Race f White, African-American,Asian, Otherg. Default
= White. This covariatewaseasierto judgethanwas
age. If the imagelookedAfrican-Americanor Asian,
thecorrespondingcategorywasselected.The“Other”
category wasusedfor Arab, Indian, Hispanic,mixed
race,andany otherapparentracethat did not �t into
theotherthreecategories.

Gender f Male,Femaleg. Default= Male. This factorwas
easyto judgeandis probablyhighly accurate.

Skin f Clear, Wrinkled, Freckled,Both, Otherg. Consoli-
datedto f Clear, Otherg. Default= Clear. Skinwasrel-
atively easyto judge.Wrinkledwasobvious.Freckled
wasmoredif�cult to judge. If therewassomedoubt
aboutthiscovariatethedefaultvalueof clearwaskept.
For analysis,any imagethatwasnotratedasClearwas
calledOther.

Glassesf Yes,Nog. Default = No. Thecategory waseasy
to judgeandshouldbeaccurate.

Facial Hair f Yes,Nog. Default = No. In many casesthis
category waseasyto judge,for example,many of the
men hadmustachesor beards. However, therewere
a lot of men that had thin beardsor were not clean
shaven. In thesecases,if thereappearedto be hair
visible thenit wascountedasfacialhair. Otherwise,it
wasnot.

Makeup f Yes,Nog. Default = No. Like facial hair, this
wasalsovery dif�cult to judge. Thegeneralrule that
wasusedfor makeupwasto only assignaYesif it was
obviousthata woman(or man)waswearingmakeup.
Themostobviousfeatureto look for wastheshadeof
thelips, however theeyesandgeneralappearancealso
in�uencedthedecision.

Bangs f Yes,Nog. Default = No. Bangswassetto Yesif
thesubject'shairwasvisiblein themasked/normalized
image. This includedhair that camedown over the
foreheadandhair thatsometimescoveredthesidesof
the face. In somecasestherewashair hardly visible
aroundthe edgeof the image; thesecaseswere as-
signedNo.

Expression f Neutral,Otherg. Default = Neutral. Neutral
referredto a naturalrelaxed face. The otherexpres-
sionsweremostly smiles,but includedany otherdis-
tortionof theface.

Mouth f Open, Closed,Teeth, Otherg. Consolidatedto
f Closed, Otherg. Default = Closed. Closed was
typically associatedwith a relaxed/neutralexpression.
When subjectshad a mostly neutralexpressionwith
their mouthopenthey wereassignedOpen. In most
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casesTeethreferredto a smile. Otherwasusedfor in-
describableexpressionsor closedmouthsmiles.In the
analysis,only theconsolidatedfactorwasused.

Eyes f Open, Closed, Otherg. Consolidatedto f Open,
Otherg. Default = Open. Openeyeswereassociated
with relaxedopeneyelids,with thepersonstaringdi-
rectly into thecamera.Closedwasalsoa relaxedex-
pression,however with theeyelidsclosed.TheOther
rating wasassignedto eyesthat werehalf open,that
looked somewhereother than directly at the camera,
or thatin someotherway did notappearrelaxed.

The systemusedto collect covariatedatahasa graph-
ical userinterfacethat displaysa FERET image,both the
original full imageandthe normalizedversion. The GUI
also presentsradio buttonsfor selectingcovariatevalues.
The personassigningthecovariatevaluescanrapidly step
throughimagesmakingappropriateselections.Theresults
are loggedto a simpleASCII �le. The GUI is written in
C++ usingtheQt graphicsAPI. We arehappy to make this
softwareavailableuponrequest.

3 Measuring Recognition Difficulty

ThestandardFERETevaluationprotocoldistinguishesbe-
tweentraining, gallery andprobeimages. A PCA classi-
�er usesthetrainingdatato determinea subspacein which
a nearestneighborclassi�er will match probe imagesto
gallery images. Recognitionrate is the fraction of the
probeimagesthat bestmatchan imageof the samesub-
ject, andthusrecognitionrateis de�ned over setsof probe
andgallery images.Recognitionrank is de�ned for a spe-
ci�c probeimageandis thepositionof the�rst occurrence
of animageof thesamesubjectin thegalleryimageswhen
thoseimagesare sortedby increasingdistancerelative to
theprobeimage.

Therearemany waysto formalizethenotionthata sub-
ject is hardto recognize.Givenaspeci�c gallery, onemight
equatedif�culty with highrecognitionranks:asubjectwith
recognitionrank 1 is easy, onewith recognitionrank 2 is
harder, etc. Thereis somelogic to this approach,but there
arealso problems. First, it not clear that dif�culty is lin-
earin recognitionrank. Intuitively, thedifferencebetween
ranks1 and10 carriesfar moreweight thanthedifference
betweenranks10 and20. Second,sincerecognitionrank
is de�ned relative to a gallery, whethera subjectis hardor
easyto recognizebecomesaglobalpropertyof theentireset
of imagesin the gallery: differentgalleriesyield different
ranks. While it is true that theperformanceof facerecog-
nition systemsdependson theothersubjectsin thegallery,
this dependency interfereswith attemptsto isolatetherela-
tivedif�culty of speci�c subjects.

Here,we equaterecognitiondif�culty with distancebe-
tweenpairsof imagesof thesamesubject.Theassumption
is a simpleone:a nearestneighborclassi�er is morelikely
to recognizeasubjectat rank1 whenthetwo imagesof the
subjectareclosetogether. Theadvantageof thisassumption
is it yieldsaperformancevariablethatdependssolelyupon
thetwo imagesof thesubjectin question(andon training).
To emphasize,this meansthe performancevariableis not
dependentupondistancebetweenimagesof thesubjectand
othersubjectsandis thereforenotdependentuponaspeci�c
galleryset.

It is importantto examinewhetherthe assumptionthat
rank 1 recognitionis easierfor imagesthat are close to-
getheris valid in practice. One can imaginepathologies
wheremany subjectsmightclustervery tightly in subspace,
resultingin smalldistancesbetweenpairsof imagesof the
samesubject,but similarly smalldistancesbetweenpairsof
imagesof differentsubjects.To test for suchpathologies,
we also look at rank-distancebetweenpairs of imagesof
thesamesubject.Rank-distanceis closelyassociatedwith
recognitionrank,andis formally de�ned in Section5.

4 Primary Experiment

WeconductedanANOVA to determinehow subjectcovari-
atesin�uence the distancebetweenpairsof imagesof the
samesubject.In thissection,theexperimentaldesignis de-
scribed,followedby themodel,andthentheresults.Subse-
quentsectionswill investigatespeci�c questions/concerns
associatedwith this primaryexperiment.

4.1 Primary Experiment Design

Severalpilot studieswereconductedusingup to 2;974im-
agesof 1;120subjectsprior to theprimaryexperimentpre-
sentedhere.Thesepilot studieswereimportantin enabling
us to arrive at the �nal experimentdesign,and leadus to
makedecisionssuchasto limit ourselvesto pairsof images
for only 1;072 subjects.Thus,only imagepairs taken on
the sameday wereincludedsinceincreasedtime between
imagesis known to make recognitionharder. Also, several
subjectswerediscardedbecausethey wore glassesin one
pictureandnot in another. Thepilot studiescon�rmed that
thismakesrecognitionharder, andsinceit isnotasurprising
or terribly interestingresult,thesecaseswereremoved.

Pilot studiesalsoincludedmultiple pairsof imagesfor
somesubjects.This createdseveralproblems.It meantthat
someresponsevalueswerecorrelatedwithin subjectswhile
otherswerenot. It alsomadesubsequentbalancingof the
trainingdatamoredif�cult. Our primaryexperimentthere-
foreincludesonly onepairof imagespersubject.Morewill
besaidaboutbalancedtrainingbelow.
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TheCSUstandardPCAalgorithmwasusedin thisstudy.
The codefor this algorithmis part of the CSU FaceIden-
ti�cation EvaluationSystem[5] and is available through
our website [2]. ThePCA algorithmwastrainedusingall
2;144images,andhencetrainingwascarriedout usingall
thedatasubsequentlyusedin our analysis.While it is typ-
ically a mistake to train on the test datawhen evaluating
algorithms,it is appropriatewhenfocusingspeci�cally on
questionsof whichsubjectsareclosein subspaceandwhich
arenot,andwhenonedoesnotwishto complicatetheques-
tion with whetherzero,oneor both of the subjectimages
werein the trainingset. In keepingwith commonpractice
for aPCAclassi�er, theresultingsubspacewastruncatedat
90% energy, resultingin 177basisvectors.Subsequentto
training,all 2;144imageswereprojectedinto thesubspace
andthedistancebetweenall pairsof imageswasrecorded.

Thespeci�c distancemeasureused,Mahalanobismetric,
hasbeenshown to performbeston theFERETdatabothin
our own prior studies[15, 1] aswell asin studiesdoneby
Moon andPhillips [11]. Therehasbeensomedrift in the
de�nition of this measure.For a pair of imagesA and B
alreadyprojectedinto thePCAsubspace,thedistancemea-
surewasde�ned by Moon [11] as:

dm(A;B) = �
k

∑
i= 1

√

l i

l i + a2aibi where a = 0:25 (1)

whereai andbi aretheith componentsof theprojectedim-
agesandl i is theith eigenvalue.

Yambor[15] found a simpler variant performedbetter
andde�ned themeasureas:

dy(A;B) = �
k

∑
i= 1

1
p

l i
aibi (2)

Most of the experimentsperformedby Yamborassumed
a pre-processingstep that normalizedall imagesin PCA
spaceto be of unit length. To generalizethe measurein-
tendedby Yamborto imagesthatmaynotbeof unit length,
themeasuremaybewrittenas:

d(A;B) = �
k

∑
i= 1

1
p

l i

ai

jAj
bi

jBj
= �

1
jAjjBj

k

∑
i= 1

1
p

l i
aibi (3)

Thisdistanced(A;B) is theMahalanobismetricusedhere.
In additionto recordingtheMahalanobismetricbetween

thepairof imagesfor eachsubject,therank-distanceis also
recorded. For a given subject,this is done by selecting
the �rst imageof the subjectasa probe,and thensorting
theremaining2,143imagesby increasingdistance.Rank-
distanceis thenthe positionin this sortedlist of the other
imageof thesubject1. This rank-distancewill be usedbe-
low to testthe strengthof the relationshipbetweenMaha-
lanobismetricdistanceandrank1 recognition.

1Wesubtracted1 sothattheidealoutcomecorrespondedto a rankdis-
tanceof 0.

4.2 ANOVA Model

Thestatisticalmodelingusedin theprimaryexperimentwas
ananalysisof variance(ANOVA). Themodelis de�ned as
follows:

Yi = distancebetweentwo imagesof subjecti (4)

Xi j = subjectcovariatefactor j for subjecti (5)

b j = parametersquantifyingfactor j 'seffect (6)

and
Yi = b0 + Xi1b1 + Xi2b2 + : : :+ ei (7)

wheretheei areassumedto beiid normalrandomvariables
with meanzero. Note that this modelassumespurely ad-
ditive effectswith no interactions.We madethis choiceto
ensurereliableparameterestimationwith a simple model
form. We did not have suf�cient datato estimateinterac-
tion effectsbetweencovariates.

In this somewhatunconventionalnotation(adoptedhere
to elucidatefactor codingsand effects), the components
Xi jb j are productsbetweena row vector Xi j and column
vectorb j . This accommodatesfactorswith morethantwo
possibleoutcomes.In ourcase,thiscaneitherhappenwhen
a factorhasmorethantwo possiblevalues,aswith race,or
whena factormaychangefrom oneimageof thesubjectto
another, aswith Eyes.Table1 shows our speci�c encoding
for this analysis.

So,for example,with Eyes,thevector[0;0] indicatesthe
eyesareopenin bothimagesof thesubject,[1;0] indicates
eyesarealwaysclosed,and[0;1] indicatestheeyesareopen
in oneimageanclosedin another. Note that this encoding
doesnot distinguishwhich imagehastheeyesopenfor the
casewherethe imagesdiffer. This is intentional,sincethe
casewherethereis a changebetweenthe imagesis of in-
terest,but there is nothing specialabout the order of the
images.

Onecanseein Table1 that� ve factorsareencodedwith
a 1x1 vector, � ve areencodedwith a 2x1 vector, andone,
Race,is encodedwith a3x1vector. Themodelincludesone
parameterfor eachelementin thesevectors,andthustheen-
tire modelhas19 parametersto estimate:18 for thefactors
plus theoffsetb0. Note thatb0 is theregressionparameter
for our base-casein which all Xi j arezero.Readingoff the
zeroesin Table1 showsthatthebase-caseis ayoung,white,
malewith clearskin,no glasses,no facialhair, no makeup,
no bangs,a neutralexpression,a closedmouth and eyes
open.

4.3 Primary Experiment Results

TheANOVA resultsaresummarizedin Figure1. Base-case
settingsareindicateddown thecenterof thediagram,with
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the degreeanddirection of effectsnoted. Effectsareex-
pressedaspercentchangefrom base-case,andrescaledin
termsof similarity (1 minusdistance)so that positive ef-
fectscorrespondto easierrecognition. The thresholdof a
two-sided95%con�denceinterval is shown asa thin verti-
cal line. Solid barsindicatestatisticallysigni�cant changes
in distancemeasure,whereashollow bars indicate non-
signi�cant effects.

To illustrate, the pairwisedistancebetweenimagesof
subjectsalways wearingglassesis reducedby 35% rela-
tive to the base-caseof subjectsnot wearingglasses. In
this case,the thin vertical line indicatingstatisticalsignif-
icanceappearsat 9%; thus the effect is highly signi�cant

SubjectCovariates
Factor Values Xi j

Age Young [0]
old [1]

Race White [0;0;0]
Asian [1;0;0]
Black [0;1;0]
Other [0;0;1]

Gender Male [0]
Female [1]

Skin Clear [0]
Not Clear [1]

Glasses AlwaysNo [0]
AlwaysYes [1]

FacialHair No [0]
Yes [1]

ImageSpeci�c Covariates
Factor Values Xi j

Makeup No No [0;0]
Yes Yes [1;0]
No Yes [0;1]
Yes No [0;1]

Bangs No No [0;0]
Yes Yes [1;0]
No Yes [0;1]
Yes No [0;1]

Expression Neutral Neutral [0;0]
Other Other [1;0]
Neutral Other [0;1]
Other Neutral [0;1]

Mouth Closed Closed [0;0]
Open Open [1;0]
Closed Open [0;1]
Open Closed [0;1]

Eyes Open Open [0;0]
Closed Closed [1;0]
Open Closed [0;1]
Closed Open [0;1]

Table1: Factorencodingusedin themodel,equation(7).

and the bar is shadedsolid. A reductionin distancesug-
geststhesubjectsaremoreeasilyrecognized,hencethebar
for GlassesAlways On is shown on the right side of the
chart.

Conversely, considerthe subjectswhoseeyesareopen
in oneimageandclosedin another. In thebasecase,sub-
jectshave eyesopenin both images. The effect for Eyes
Open/Closedis thetopsolidbaronthesideof Figure1 cor-
respondingto moredif�cult recognition,andit indicatesa
12%increasein relativedistancebetweenpairsof subjects.
Thus,not surprisingly, our studysuggeststhatsubjectsare
signi�cantly harderto recognizeif they closetheir eyesin
oneimagebut not theother. Perhapsmoresurprising,ob-
servethatsubjectswhoseeyesarealwaysclosedaresigni�-
cantlyeasierto recognizethanthosewhoseeyesarealways
open.

The ANOVA yielded R2 = 0:39, indicating that about
39%of thetotal variationin similarity canbeexplainedby
thesubjectcovariates.Whencomparedto baselinerunsof
thePCA algorithm,in which about75%of subjectscanbe
correctlyrecognizedat rank1, thisR2 is notable.

4.4 Primary Experiment Conclusions

Someaspectsof Figure1 areof particularinterest. Start-
ing with the mostsigni�cant effect observed,glasseshelp
facerecognition.This is perhapsstartling,sinceat leastone
authorhassuggestedthat syntheticremoval of glassesis a
critical pre-processingsteprequiredto improvefacerecog-
nition [16]. It is temptingto invent posthoc explanations
for why glassesimprove performance,andonereasonable
hypothesisis thatglassesaredistinguishingfeaturesbeing
encodedin thePCA space.Note,it is implicit for our tests
that a subjectwearingglassesis wearingthe samepair of
glassesin eachimage. Furtherempirical work is needed
to seeif this resultextendsto otherdatasetsandto better
explainwhy theglasseseffect is sopronounced.

Anothersomewhat startlingoutcomeis the raceeffect.
In oursetof 1;072FERETsubjects,720arewhite,143are
Asian, 121 are African-Americanand 88 are other races.
Relative to the majority of the subjects(which arewhite),
Asians,African-Americansandothersareall signi�cantly
easierto recognize.This is notwhatweexpectedgoinginto
this experiment.To thecontrary, ourexpectationwasthata
PCA spacetrainedprimarily on white subjectswould favor
thosesubjects. Frul et. al. [10] have observed a similar
resultfor a smallersubsetof the FERETdataandlooking
only at thedistinctionbetweenWhiteandAsian.

Anotherresultfrom Figure1 worthnotingis thelackof a
signi�cant gendereffect. Of the1;072subjectsusedin this
study, 624weremaleand448arefemale.Many researchers
engagedin facerecognitionwork have at onetime or an-
otherbeenpart of informal discussionsof whethermenor
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Change in Similarity

-50% -40% -30% -20% -10% 0% 0% +10% +20% +30% +40% +50%

Harder                                                         Easier

Glasses Off
Glasses Always On

Age Young Age Old

Eyes Open Eyes Always ClosedEyes Open/Closed

Expr. NeutralAlways Non-neutral

Expression Changes

Race White Race Asian

Race African-Amer.

Race Other

No Facial HairAlways Facial Hair Facial Hair Changes

No MakeupAlways Makeup

Makeup Changes

Mouth ClosedMouth Always Open

Mouth Changes

No Bangs Always Bangs

Bangs Change

Skin Clear Skin Not Clear

MaleFemale

Figure1: Resultsof ANOVA for primaryFERETsubjectcovariatestudy. Seesection4.3for explanationof thisgraph.

womanourmoreeasilyrecognized,andit is intriguinghow
oftenresearchershaveanopinionon this question.

Thereis little prior formalevaluationof gender. Oneim-
portantexceptionis the work of Grosset. al. [12]. They
reportrecognitionratesof 87:6 for malesand93:7 for fe-
malesusing 1;119 subjects. However, direct comparison
is not appropriate.Grosset. al. useda differentdataset,
a different algorithm (FaceIt [4].), and a weaker analytic
technique;comparingrecognitionratesoverwholegalleries
partitionedonly by gender. Thedifferencein analytictech-
niquealonecouldexplain thedifference.We arecurrently
working on analyzingour datausingthesimplerapproach
employedby Grosset. al. in orderto determinefor certain
if our failureto observeasigni�cant gendereffectmightbe
direct consequenceof our doing a more completecovari-

ateanalysisthat controlsfor otherfactorspotentiallycon-
foundedwith genderin thesimpleranalysis.

Finally, we notea varietyof othersigni�cant resultsare
shown in Figure1, includingtheresultthatold peoplewere
signi�cantly easierto recognizethanyoungones.Perhaps
thiscon�rms theideathata facegainscharacterwith age.

Looking at theraceeffect,onemight imagineobtaining
theresultshown in Figure1 without it directly translatingto
improvedrecognitionperformance.Essentially, onemight
arguethatAsians,African-Americansandothersracesare
clusteringmoretightly dueto low representationin thePCA
trainingset. Indeed,onemight raisethis concernwith any
of theresultswe've foundwherethe“easier”category rep-
resentsa minority of the total subjects. In Section6 we
will reportonaseriesof follow upexperimentsthattestand
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Figure2: Log-log relationshipbetweenrank distanceand
distance.

solidly refutethiscriticism.
Onemightalsoquestionwhethertheresultsof ourinitial

experimentare�a wed dueto the relianceon pairwisedis-
tanceto predictrecognitionperformance.As alreadysug-
gestedin our introduction,this is a potentiallyvalid con-
cern,andonethat canbeaddressedby studyinghow pair-
wisedistancebetweenimagesof thesamesubjectrelatesto
rank-distance.Thisanalysisof rank-distanceis presentedin
thefollowing section,andagainthecriticism is foundto be
empiricallyunsubstantiated.

5 Relating Distance to Rank Distance

Figure 2 shows the log-log relationshipbetweenthe dis-
tance(Yi) betweenimagesusedas our responsevariable,
andtherankdistance(Ri) describedabovewhichrelatesdi-
rectly to recognitionrank. Clearly thereis a very strong
relationshipbetweenthesetwo variables.This is reassuring
becauseit suggeststhat inferencesaboutsubjectcovariates
basedon distanceare likely to hold for recognitionrank,
too.

To furthercon�rm this relationship,we �t a logistic re-
gression[9] to rank 1 recognition: the responsevariable
wasZi = 1 if Ri = 0, andZi = 0 if Ri > 0. The predictor
variablewasdistance,Yi . Themodelcanbesummarizedas
Zi jYi � Bernoulli(pi) wherelog(pi=(1� pi)) = b0 + b1Yi .

Figure3 shows the resultsof this model. The individ-
ual Zi are shown as hashmarks. The smoothline is the
�tted curve, which shows that the probability of a rank 1
matchdecreasessharplywith increasingMahalanobismet-
ric distance. In fact, the estimateof b1 is -10585.3with
standarderror809.5,andthenegativerelationshipbetween

Distance, Y_i

Z
_i

-0.0030 -0.0020 -0.0010

0.
0

0.
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Figure3: Resultsof logistic regressionof rankdistanceon
Mahalanobismetricdistance.

thesevariablesis stronglysigni�cant.
The sameanalysiswas carriedout individually for in-

dividual groupsof subjects,groupedby race,glasses,age,
skin, andgender. Thesameconclusionwasfoundin every
case.Theseresultseffectively refutethepotentialcriticism
of our primary study that our chosenresponsevariableis
uninformative aboutrecognitionperformanceof the algo-
rithm.

6 Balance Experiments

Many of the results from our primary experimentcould
be explained by arguing that groups of subjectsunder-
representedin training appearcloserin PCA subspacebe-
causePCA is proportionallyunder-representingtheportion
of thespacein which thesegroupslie. Consequently, they
appearmoretightly clusteredthando the majority group-
ings. If this hypothesisis true, it would beof considerable
concern,sincewe aredrawing the conclusionthat Asians
areeasyto recognizebaseduponthedecreasedaveragedis-
tancebetweenpairsof imagesof Asiansrelative to whites.

To test this hypothesiswe repeatedthe primary experi-
mentwith a training dataset that wascarefully balanced,
so that groupsof interestareequallyrepresented.We ran
a total of six additionalexperiments,balancingtrainingon
variousgroupingsof oneor morevariables—race,age,skin
or glasses—whilecontrollingfor others.It wasnotpossible
to balanceovertheeyesfactordueto aninsuf�cient number
of subjectsin somecategories.

Table2 summarizestheexperimentswe conducted.For
example,to con�rm whetherAsianswere really easierto
recognize,we balancedAsiansandWhitesacrossage. In
otherwords,we choseequalnumbersof youngAsiansand
Whites,andequalnumbersof old AsiansandWhites. We
controlledfor threevariables(glasses,eyes, and skin) by
limiting considerationto only subjectswith openeyes,clear
skin,andnoglasses.Thisbalancingandcontrollingde�nes
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To TestRace
Glasses= Off, Eyes= Open,Skin= Clear

BalanceAge Total PCA
Test Compare Young Old Images Dim.

Asian
Asian
White

89
89

6
6

380 78

Black
Black
White

78
78

16
16

376 102

Other
Other
White

62
62

6
6

272 75

To TestAge
Glasses= Off, Eyes= Open,Race= White

BalanceSkin Total PCA
Test Compare Clear Other Images Dim.

Age
Old

Young
131
131

57
57

752 130

To TestSkin
Glasses= Off, Eyes= Open,Race= White

BalanceAge Total PCA
Test Compare Old Young Images Dim.

Skin
Clear
Other

72
72

57
57

516 117

To TestGlasses
Eyes= Open,Race= White, Skin= Clear

BalanceAge Total PCA
Test Compare Old Young Images Dim.

Glasses
Off
On

14
14

16
16

120 50

Table2: Subjectcounts,imagecountsandPCAdimensions
for trainingin thebalancedtrainingexperiments.

a subsetof the subjectsusedin the primary analysis,and
thesamplesizesshown in Table2 re�ect the limited num-
bersof sometypesof subjectsin thedataset.Ourbalancing
andcontrollingstrategy wasdesignedto providethelargest
possiblesamplesizesin theindividualcellsin Table2.

Continuing the example of comparing Asians and
Whites,we then trainedPCA on the 380 imageslisted in
row oneof Table2. Thus,AsiansandWhiteswereequally
representedin the training, andbalancedor controlledon
otherimportantcovariates.We thenprojectedall 2,144im-
agesinto PCA space,computedthedistancesbetweenim-
ages,andconductedANOVA modelingasbefore.An anal-
ogousbalancingandcontrollingprocesswasconductedfor
theotherfactorslistedin Table2.

Of the several ANOVA modelswe �t to the datafrom
thesesix experiments,wereporthereresultsfrom full mod-
elsidenticalto (7). In thesemodels,it is importantto exam-
ine only theeffect of theparticularvariablefor which bal-
ancingis beingconducted.Theexperimentscon�rmedthat,

adjustingfor otherfactors,Asiansareeasierthanwhites(p-
value= 0.0104),African-Americansareeasierthanwhites
(p-value = 0.0064), other race membersare easierthan
whites(p-value= 0.0249),old peopleareeasierthanyoung
people(p-value< 0.0001),otherskin peopleareeasierto
recognizethanclear skin people(p-value= 0.0122),and
subjectswith glassesareeasierto recognizethansubjects
withoutglasses(p-value= 0.0005).

Thus,whetherPCA is trainedon an imbalancedcollec-
tion of diversepeople(as is likely in many real applica-
tions),or on a carefully balancedcollectionof people,our
resultscon�rm thatsomepeopleareeasierto recognizethan
others,andthatsubject-speci�ccovariatescanexplainasig-
ni�cant portionof this variation.
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