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Abstract

Somepeoplesfacesare easierto recanizethanothers, but
it is not obviouswhatsubject-speci dactors male individ-
ual faceseasyor dif cult to recaynize This studyconsid-
ers 11 factors that might male recanition easyor dif cult
for 1;072humansubjectsin the FERETdataset. The spe-
ci ¢ factors are: race (white Asian, African-Americanor
other), gender age (youngor old), glasseqpresentor ab-
sent),facial hair (presentor absent) bangs(presentor ab-
sent),mouth(closedor other), eyes(openor other), com-
plexion (clear or other), maleup (presentor absent),and
expression(neutral or other). An ANOVA is usedto deter
minetherelationshipbetweerthesesubjectcovariatesand
thedistancebetweerpairs of imagesof the samesubjectin
a standad EigenfacesubspaceSomeesultsare notterri-
bly surprising For example the distancebetweerpairs of
imagesof thesamesubjectincreasedor peoplewhochange
their appeaance e.g., openand closetheir eyes,openand
closetheir mouthor change expression.Thuschangingap-
pearmncemalesrecanition harder Other ndings are sur-
prising. Distancebetweerpairs of imagesfor subjectsde-
creasedor peoplewho consistentlyvear glassessowear
ing glassesmales subjectsmore recaynizable Pairwise
distancealso deceasedor peoplewho are either Asianor
African-Americarratherthanwhite A possibleshortcom-
ing of our analysisis that minority classi cationssud as
African-Americanandwealers-of-glassesre underepre-
sentedin training. Followup experimentswith balanced
training addresseshis concernand corroboratesthe origi-
nal ndings. Anotherpossibleshortcomingof this analysis
is the novel useof pairwise distancebetweenmagesof a
single person as the predictor of recaynition dif culty. A
sepaateexperimenton rms thatlarger distancedetween
pairsof subjecimagesimpliesalarger recaynitionrankfor
thatsamepair ofimages,thuscon rming thatthe subjectis
harderto recaynize
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1 Introduction

Many algorithmshave beenproposedor humarfacerecog-
nition [13, 3, 14], spavning a new industry [6]. Scien-
tistsworking with thesesystemsknow thatsomepeopleare
harderto recognizethanare others. Surprisingly however,
few studieshave beenpublishedooking at what attributes
male a subjecteasieror harderto recognize.

This paperpresentsa study of how factorsassociated
with subjectsaffect recognitiondif culty usinga standard
principal componentanalysis(PCA) basedhearesneigh-
bor classi er [8]. This study uses2;144 imagesfrom the
FERETdataset[11, 7]: two imagesfor eachof 1;072 hu-
mansubjects.While this is not all of the potentialFERET
subjectsit is largenumberthatenablesisto look for statis-
tically signi cant relationshipsbetweereaseof recognition
and11 subjectcovariates.

The covariatesin our study are race (white, Asian,
African-American,or other), gender age (young or old),
glasseqabsentor present) facial hair (absentor present),
bangs(absentor present),mouth (closedor other), eyes
(open or other), compleion (clear or other), makeup
(presenbr absent)andexpression(neutralor other). These
covariateswere not collectedat the time the FERET data
werecollected,andsoit wasnecessarjor usto reconstruct
theseasbestwe couldby visualinspectionof theimages.

To carryout our analysisa standardCA classi er was
trainedon all 2; 144 imagesandeachimagewasprojected
into the resultingsubspaceDistancebetweenpairsof im-
agesof the samesubjectis usedastheresponseariable.A
linearmodelwasthenusedto estimatethe degreeto which
eachcovariatein uenceddistance.

Usingthe pairwisedistancebetweerimagesof the same
subjectasthe responsevariablehassomeadvantagesver
otherpossiblechoicessuchasrecognitionrate or recogni-
tion rank. Recognitionrateis a function over a setof im-
ages,andthereforecannotbe tied clearly to ary one sub-
ject. Recognitiorrankfor a givensubjectis moreappropri-
ate,but it depend®n the gallery of imagesbeingmatched
againstnotjustonthesubject.Therearealsodistributional



propertieof recognitionrankthatmale it lesssuitablethan
pairwisedistancefor regressioranalysis.Recognitionrank
doesplay an importantbackuprole, however, providing a
way to testour implicit hypothesisthat pairwise distance
predictseaseof recognition.

The major conclusionsof this studyare summarizedn
Figurel. It suggestshat older subjectsare easierto rec-
ognizethanyoungsubjectsthat subjectswvho consistently
wearglassesare easierto recognizethan subjectswithout
glassesandthatsubjectsvhoseeyesarealwaysclosedare
easierto recognizethan subjectswhose eyes are always
open. Not surprisingly subjectswho changeacrossthe
pair of images,for exampleby changingtheir expression
or openingor closing their eyes, are harderto recognize
thansubjectswho are more consistent.Perhapsnore sur
prisingly, white subjectsareharderto recognizehanAsian,
African-Americanor othersubjectsgvenwhenthe system
is trainedwith racially balancedlatasets.

2 The Subject Covariates

Whenthe FERET imageswere collected,little or no data
wererecordedaboutthe subjectshemseles. Therefore it

hasbeennecessaryor us to estimatesuch dataafter the
fact from the imagesthemseles. Suchpost-hocestima-
tions areboundto beimperfect,but it is far moreinterest-
ing to proceedwith imperfectdatathanto do nothing. For

this study elevencovariateswereselectedor examination:
age,race,gendey expressionskin appearancegglassesfa-

cial hair, makeup,bangs,mouthandeyes. Eachis further
describedbelov. All covariatevalueswere estimatedby

a single viewer, so while thereis clearly somedegree of

subjectvity in assigningvaluesto covariates,we have at
leastavoidedintroducingfurtherinconsisteng by changing
viewers.

Below is a list of the covariatesandtheir values. Each
item is a covariateand next to eachis a list of the possi-
ble values. For eachcovariatea default value was desig-
nated. If the viewer found the evidencefor one choiceof
covariate value versusanotherinconclusve, then the de-
fault value was selected. For example,if the viewer was
uncertainabouta subjects expression the expressiorwas
assignedhe defaultvalueneutral.

In somecases,our initial setof covariatevalueswere
consolidatednto a smallermore manageablset. So, for
example,initially agewasdividedinto teenstwenties thir-
ties,etc. However, for all our analysisagewasconsolidated
into only two categories,youngversusold.

Age f Teen,20, 30,40, 50, 60+g. Consolidatedo f Young
[teen-30sjandOld [40s-60+]. Default= Young.This
covariatewasoneof themostdif cult tojudge.

Race f White, African-American,Asian, Otheg. Default
= White. This covariatewaseasiero judgethanwas
age. If theimagelooked African-Americanor Asian,
thecorrespondingateyory wasselected The “Other”
catgyory was usedfor Arab, Indian, Hispanic,mixed
race,andary otherapparentacethatdid not t into
theotherthreecatayories.

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

Skin f Clear Wrinkled, Freckled,Both, Otheg. Consoli-
datecto f Clear Otheig. Default= Clear Skinwasrel-
atively easyto judge.Wrinkled wasobvious. Freckled
wasmoredif cult to judge. If therewassomedoubt
aboutthis covariatethedefaultvalueof clearwaskept.
For analysisary imagethatwasnotratedasClearwas
calledOther

Glassesf Yes,Nog. Default= No. The cateyory waseasy
to judgeandshouldbeaccurate.

Facial_Hair fYes,Nog. Default= No. In mary caseghis
catgyory waseasyto judge,for example,mary of the
men had mustache®or beards. However, therewere
a lot of menthat had thin beardsor were not clean
shaven. In thesecases,f thereappearedo be hair
visible thenit wascountedasfacialhair. Otherwiseijt
wasnot.

Makeup fYes,Nog. Default= No. Like facial hair, this
wasalsovery dif cult to judge. Thegeneralrule that
wasusedfor makeupwasto only assigra Yesif it was
obviousthata woman(or man)waswearingmakeup.
The mostobviousfeatureto look for wasthe shadeof
thelips, howevertheeyesandgenerabppearancalso
in uencedthedecision.

Bangs f Yes,Nog. Default= No. Bangswassetto Yesif
thesubjectshairwasvisiblein themasled/normalized
image. This included hair that camedown over the
foreheadandhair that sometimesoveredthe sidesof
the face. In somecasegherewashair hardly visible
aroundthe edgeof the image; thesecaseswere as-
signedNo.

Expression f Neutral, Othelg. Default = Neutral. Neutral
referredto a naturalrelaxed face. The otherexpres-
sionswere mostly smiles,but includedary otherdis-
tortion of theface.

Mouth fOpen, Closed, Teeth, Othelg. Consolidatedto
f Closed, Otheg. Default = Closed. Closedwas
typically associatedvith a relaxed/neutrakxpression.
When subjectshad a mostly neutral expressionwith
their mouth openthey were assignedOpen. In most



casedTeethreferredto a smile. Otherwasusedfor in-
describablexpression®r closedmouthsmiles.In the
analysispnly the consolidatedactorwasused.

Eyes f Open, Closed, Otheg. Consolidatedto f Open,
Otheg. Default = Open. Openeyeswere associated
with relaxed openeyelids, with the personstaringdi-
rectly into the camera.Closedwasalsoa relaxed ex-
pressionhowever with the eyelids closed. The Other
rating was assignedo eyesthat were half open,that
looked somavhereother than directly at the camera,
or thatin someotherway did notappearelaxed.

The systemusedto collect covariatedatahasa graph-
ical userinterfacethat displaysa FERET image, both the
original full imageandthe normalizedversion. The GUI
also presentsradio buttonsfor selectingcovariatevalues.
The personassigningthe covariatevaluescanrapidly step
throughimagesmakingappropriateselections.Theresults
areloggedto a simple ASCIl le. The GUI is written in
C++usingthe Qt graphicsAPI. We arehappy to make this
softwareavailableuponrequest.

3 Measuring Recognition Difficulty

The standard=ERET evaluationprotocoldistinguishede-

tweentraining, gallery and probeimages. A PCA classi-
er useshetrainingdatato determinea subspacén which

a nearesteighborclassi er will match probe imagesto

gallery images. Recognitionrate is the fraction of the

probeimagesthat bestmatchan image of the samesub-

ject, andthusrecognitionrateis de ned over setsof probe
andgalleryimages.Recognitionrankis de ned for a spe-
ci ¢ probeimageandis the positionof the rst occurrence
of animageof the samesubjectin the galleryimageswhen

thoseimagesare sortedby increasingdistancerelative to

theprobeimage.

Therearemary waysto formalizethe notionthata sub-
jectis hardto recognize Givenaspeci ¢ gallery, onemight
equatdif culty with highrecognitionranks:asubjectwith
recognitionrank 1 is easy one with recognitionrank 2 is
harder etc. Thereis somelogic to this approachhut there
arealso problems. First, it not clearthat dif culty is lin-
earin recognitionrank. Intuitively, the differencebetween
ranks1 and 10 carriesfar moreweightthanthe difference
betweernranks10 and20. Second sincerecognitionrank
is de ned relative to a gallery, whethera subjectis hardor
easyto recognizebecomes globalpropertyof theentireset
of imagesin the gallery: differentgalleriesyield different
ranks. While it is true thatthe performanceof facerecog-
nition systemsilepend®n the othersubjectsn the gallery,
this dependenginterfereswith attemptgo isolatetherela-
tivedif culty of speci ¢ subjects.

Here,we equaterecognitiondif culty with distancebe-
tweenpairsof imagesof the samesubject. Theassumption
is asimpleone: anearesheighborclassi er is morelikely
to recognizea subjectat rank 1 whenthetwo imagesof the
subjectareclosetogether Theadwantageof thisassumption
is it yieldsa performancevariablethatdependsolelyupon
thetwo imagesof the subjectin question(andon training).
To emphasizethis meansthe performancevariableis not
dependentipondistancebetweerimagesof the subjectand
othersubjectsandis thereforenotdependentiponaspeci ¢
galleryset.

It is importantto examinewhetherthe assumptiorthat
rank 1 recognitionis easierfor imagesthat are closeto-
getheris valid in practice. One canimagine pathologies
wheremary subjectanight clusterverytightly in subspace,
resultingin small distancedetweenpairsof imagesof the
samesubjectbut similarly smalldistancedbetweerpairsof
imagesof differentsubjects. To testfor suchpathologies,
we alsolook at rank-distancébetweenpairs of imagesof
the samesubject. Rank-distancés closelyassociateavith
recognitionrank,andis formally de ned in Sectionb.

4 Primary Experiment

We conductecan ANOVA to determinenow subjectcovari-
atesin uence the distancebetweenpairs of imagesof the
samesubject.In this section the experimentadesignis de-
scribed followedby themodel,andthentheresults.Subse-
guentsectionswill investigatespeci ¢ questions/concerns
associatedvith this primaryexperiment.

4.1 Primary Experiment Design

Severalpilot studieswereconductedisingup to 2;974im-
agesof 1;120subjectsprior to the primary experimentpre-
sentechere. Thesepilot studieswereimportantin enabling
usto arrive at the nal experimentdesign,andleadusto
male decisionssuchasto limit oursehesto pairsof images
for only 1;072 subjects. Thus, only image pairstaken on
the sameday wereincludedsinceincreasedime between
imagesis known to make recognitionharder Also, several
subjectswere discardedbecausehey wore glassesn one
pictureandnotin another The pilot studiescon rmed that
thismakesrecognitionharderandsinceit is notasurprising
or terribly interestingresult,thesecasesvereremoved.

Pilot studiesalsoincludedmultiple pairs of imagesfor
somesubjects.This createdsereralproblems.It meantthat
someresponse&alueswerecorrelatedvithin subjectswvhile
otherswerenot. It alsomadesubsequenbalancingof the
training datamoredif cult. Our primary experimentthere-
foreincludesonly onepair of imagegpersubject.More will
be saidaboutbalancedrainingbelow.



TheCSUstandardPCAalgorithmwasusedin this study
The codefor this algorithmis part of the CSU Facelden-
ti cation Evaluation System[5] and is available through
ourwebsite[2]. The PCA algorithmwastrainedusingall
2;144imagesandhencetraining wascarriedout usingall
the datasubsequentlysedin our analysis.While it is typ-
ically a mistale to train on the test datawhen evaluating
algorithms,it is appropriatevhenfocusingspeci cally on
guestion®f which subjectsareclosein subspacandwhich
arenot,andwhenonedoesnotwishto complicatetheques-
tion with whetherzero, one or both of the subjectimages
werein thetraining set. In keepingwith commonpractice
for aPCAclassi er, theresultingsubspacevastruncatedat
90% eneny, resultingin 177 basisvectors. Subsequento
training, all 2; 144imageswereprojectedinto thesubspace
andthe distancebetweerall pairsof imageswasrecorded.

Thespeci ¢ distancaneasuraised Mahalanobisgnetric,
hasbeenshavn to performbestonthe FERET databothin
our own prior studies[15, 1] aswell asin studiesdoneby
Moon and Phillips [11]. Therehasbeensomedrift in the
de nition of this measure.For a pair of imagesA andB
alreadyprojectednto the PCA subspacethe distancemea-
surewasde ned by Moon[11] as:

k | i
dm(A;B) = i;”lﬁ—azaibi where a = 0:25 (1)

wherea; andb; aretheith component®f the projectedm-
agesandl ; is theith eigervalue.

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

dy(A;B) = Zp—abl )

Most of the experimentsperformedby Yamborassumed
a pre-processingtepthat normalizedall imagesin PCA

spaceto be of unit length. To generalizethe measuren-

tendedby Yamborto imagesthatmaynotbeof unit length,

themeasurenmaybewritten as:

k
AKB)= Y P

19—34 3)
jAiBi ~ jAiB Zl '

Thisdistanced(A; B) is the Mahalanobisnetricusedhere.
In additionto recordingthe Mahalanobisnetricbetween
thepair of imagedfor eachsubjecttherank-distancés also
recorded. For a given subject,this is done by selecting
the rst imageof the subjectasa probe,andthensorting
theremaining2,143imagesby increasingdistance.Rank-
distanceis thenthe positionin this sortedlist of the other
imageof the subject. This rank-distancewill be usedbe-
low to testthe strengthof the relationshipbetweenMaha-
lanobismetricdistanceandrank 1 recognition.

1We subtracted. sothattheideal outcomecorrespondetb a rankdis-
tanceof 0.

4.2 ANOVA Model

Thestatisticamodelingusedn theprimaryexperimentvas
ananalysisof variance(ANOVA). Themodelis de ned as
follows:

Y; = distanceébetweentwo imagesof subjecti (4)
Xij = subjectcovariatefactor j for subject (5)
b;j = parameterguantifyingfactorj'seffect (6)

and
Yi = bo+ Xi1b1+ Xiobo+ :::4 g (7)

wheretheg areassumedo beiid normalrandomvariables
with meanzero. Note that this modelassumegpurely ad-

ditive effectswith no interactions.We madethis choiceto

ensurereliable parametelestimationwith a simple model
form. We did not have sufcient datato estimateinterac-
tion effectsbetweercovariates.

In this somevhatuncorventionalnotation(adoptechere
to elucidatefactor codingsand effects), the components
Xijbj are productsbetweena row vector X;; and column
vectorbj. This accommodatefactorswith morethantwo
possibleoutcomeslin our casethis caneitherhapperwhen
afactorhasmorethantwo possiblevalues,aswith race,or
whena factormay changegrom oneimageof the subjectto
anotheraswith Eyes.Tablel shavs our speci ¢ encoding
for this analysis.

So,for example, with Eyes thevector[0; 0] indicateshe
eyesareopenin bothimagesof the subject,[1; 0] indicates
eyesarealwaysclosedand[0; 1] indicatesheeyesareopen
in oneimagean closedin another Note thatthis encoding
doesnot distinguishwhich imagehasthe eyesopenfor the
casewheretheimagesdiffer. This is intentional,sincethe
casewherethereis a changebetweenthe imagesis of in-
terest,but thereis nothing specialaboutthe order of the
images.

Onecanseein Tablel that vefactorsareencodedvith
a 1x1 vector ve areencodedwith a 2x1 vector andone,
Racejs encodedvith a3x1vector Themodelincludesone
parametefor eachelemenin thesevectorsandthustheen-
tire modelhas19 parameters$o estimate:18 for thefactors
plusthe offsetbg. Notethatbg is the regressiorparameter
for our base-casén which all X;; arezero. Readingoff the
zeroesn Tablel shovsthatthebase-casis ayoung,white,
malewith clearskin, no glassesno facial hair, no makeup,
no bangs,a neutralexpression,a closedmouth and eyes
open.

4.3 Primary Experiment Results

The ANOVA resultsaresummarizedn Figurel. Base-case
settingsareindicateddown the centerof the diagram,with



the degreeand direction of effects noted. Effects are ex-
pressedhs percentchangefrom base-caseandrescaledn
termsof similarity (1 minusdistance)so that positive ef-
fectscorrespondo easierrecognition. The thresholdof a
two-sided95% con denceinterval is shavn asathin verti-
calline. Solid barsindicatestatisticallysigni cant changes
in distancemeasure,whereashollow bars indicate non-
signi cant effects.

To illustrate, the pairwise distancebetweenimagesof
subjectsalways wearing glassess reducedby 35% rela-
tive to the base-cas®f subjectsnot wearingglasses. In
this case the thin vertical line indicating statisticalsignif-
icanceappearsat 9%; thusthe effect is highly signi cant

Subject Covariates

Factor Values Xij
Age Young [0]
old 11
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]
Image Speci ¢ Covariates
Factor Values Xij
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]

Tablel: Factorencodingusedin the model,equation(7).

andthe baris shadedsolid. A reductionin distancesug-
gestghe subjectsaaremoreeasilyrecognizedhencethe bar
for GlassesAlways On is shovn on the right side of the
chart.

Corversely considerthe subjectswhoseeyes are open
in oneimageandclosedin another In the basecase,sub-
jectshave eyesopenin bothimages. The effect for Eyes
Open/Closeds thetop solid baronthesideof Figurel cor
respondingo moredif cult recognition,andit indicatesa
12%increasen relative distancebetweerpairsof subjects.
Thus, not surprisingly our studysuggestshat subjectsare
signi cantly harderto recognizef they closetheir eyesin
oneimagebut not the othet Perhapsnore surprising,ob-
senethatsubjectavhoseeyesarealwaysclosedaresigni -
cantlyeasierto recognizeghanthosewhoseeyesarealways
open.

The ANOVA yielded R? = 0:39, indicating that about
39% of thetotal variationin similarity canbe explainedby
the subjectcovariates.Whencomparedo baselineruns of
the PCA algorithm,in which about75% of subjectscanbe
correctlyrecognizedatrank 1, this R? is notable.

4.4 Primary Experiment Conclusions

Someaspectof Figure 1 are of particularinterest. Start-
ing with the mostsigni cant effect obsered, glasseselp
facerecognition.Thisis perhapstartling,sinceatleastone
authorhassuggestedhat syntheticremoval of glassess a
critical pre-processingteprequiredto improve facerecog-
nition [16]. It is temptingto invent posthoc explanations
for why glassesmprove performanceandonereasonable
hypothesiss that glassesaredistinguishingfeaturesbeing
encodedn the PCA space.Note, it is implicit for our tests
that a subjectwearingglasseds wearingthe samepair of
glassedn eachimage. Furtherempirical work is needed
to seeif this resultextendsto otherdatasetsandto better
explainwhy theglasse®ffectis sopronounced.

Another somavhat startling outcomeis the raceeffect.
In our setof 1;072FERET subjects720arewhite, 143are
Asian, 121 are African-Americanand 88 are other races.
Relative to the majority of the subjectg(which are white),
Asians,African-Americansand othersareall signi cantly
easielto recognize Thisis notwhatwe expectedyoinginto
this experiment.To thecontrary our expectationwasthata
PCA spacdrainedprimarily on white subjectsvould favor
thosesubjects. Frul et. al. [10] have obsened a similar
resultfor a smallersubsewf the FERET dataandlooking
only atthedistinctionbetweenwWhite andAsian.

Anotherresultfrom Figurel worth notingis thelack of a
signi cant gendetreffect. Of the 1;072 subjectausedin this
study 624weremaleand448arefemale.Many researchers
engagedn facerecognitionwork have at onetime or an-
otherbeenpart of informal discussion®f whethermenor
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Figurel: Resultsof ANOVA for primary FERETsubjectcovariatestudy Seesectiond.3for explanationof this graph.

womanour moreeasilyrecognizedandit is intriguing how
oftenresearcherbave anopinionon this question.

Thereis little prior formal evaluationof gender Oneim-
portantexceptionis the work of Grosset. al. [12]. They
reportrecognitionratesof 87:6 for malesand 93.7 for fe-
malesusing 1; 119 subjects. However, direct comparison
is not appropriate.Grosset. al. useda differentdataset,
a differentalgorithm (Facelt[4].), and a wealer analytic
techniquegomparingecognitiorratesoverwholegalleries
partitionedonly by gender Thedifferencein analytictech-
niguealonecould explain the difference.We are currently
working on analyzingour datausingthe simplerapproach
employedby Grosset. al. in orderto determinefor certain
if ourfailureto obsere asigni cant gendereffectmightbe
direct consequencef our doing a more completecovari-

ate analysisthat controlsfor otherfactorspotentially con-
foundedwith genderin thesimpleranalysis.

Finally, we notea variety of othersigni cant resultsare
shavnin Figurel, includingtheresultthatold peoplewere
signi cantly easierto recognizethanyoungones. Perhaps
this con rms theideathata facegainscharactemwith age.

Looking at the raceeffect, onemightimagineobtaining
theresultshavn in Figurel withoutit directly translatingo
improvedrecognitionperformance.Essentially one might
arguethat Asians,African-Americansandothersracesare
clusteringmoretightly dueto low representatiom thePCA
training set. Indeed,one might raisethis concernwith ary
of theresultswe've foundwherethe “easier” categyory rep-
resentsa minority of the total subjects. In Section6 we
will reportonaseriesof follow up experimentghattestand
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Figure 2. Log-log relationshipbetweenrank distanceand
distance.

solidly refutethis criticism.
Onemightalsoquestionwhethertheresultsof ourinitial
experimentare awed dueto the relianceon pairwisedis-
tanceto predictrecognitionperformance.As alreadysug-
gestedin our introduction, this is a potentially valid con-
cern,andonethatcanbe addressedby studyinghow pair-
wisedistancebetweerimagesof the samesubjectrelateso
rank-distanceThis analysisof rank-distancés presentedh
thefollowing section,andagainthecriticismis foundto be
empiricallyunsubstantiated.

5 Relating Distance to Rank Distance

Figure 2 shaws the log-log relationshipbetweenthe dis-
tance(Y;) betweenimagesusedas our responsevariable,
andtherankdistancgR;) describedbore whichrelatesdi-
rectly to recognitionrank. Clearly thereis a very strong
relationshipbetweerthesetwo variables.Thisis reassuring
becausdt suggestshatinferencesaboutsubjectcovariates
basedon distanceare likely to hold for recognitionrank,
too.

To further con rm this relationshipwe t alogistic re-
gression[9] to rank 1 recognition: the responsevariable
waszZ = 1if R = 0,andz = 0if R > 0. The predictor
variablewasdistancey;. Themodelcanbe summarizecs
ZjY; Bernoulli(p;) wherelog(pi=(1 pi)) = bo+ b1Yi.

Figure 3 shaws the resultsof this model. The individ-
ual Z; are shovn as hashmarks. The smoothline is the
tted curve, which shaws that the probability of a rank 1
matchdecreasesharplywith increasingMahalanobisnet-
ric distance. In fact, the estimateof by is -10585.3with
standarcerror809.5,andthe negative relationshipbetween

-0.0030 -0.0020 -0.0010
Distance, Y_i

Figure3: Resultsof logistic regressiorof rank distanceon
Mahalanobisnetricdistance.

thesevariableds stronglysigni cant.

The sameanalysiswas carried out individually for in-
dividual groupsof subjectsgroupedby race,glassesage,
skin, andgender The sameconclusionwasfoundin every
case.Theseresultseffectively refutethe potentialcriticism
of our primary study that our chosenresponsevariableis
uninformative aboutrecognitionperformanceof the algo-
rithm.

6 Balance Experiments

Many of the resultsfrom our primary experimentcould
be explained by arguing that groups of subjectsunder
representech training appearcloserin PCA subspacéde-
causePCA s proportionallyunderrepresentinghe portion
of the spacein which thesegroupslie. Consequentlythey
appeamoretightly clusteredthando the majority group-
ings. If this hypothesids true, it would be of considerable
concern,sincewe are drawing the conclusionthat Asians
areeasyto recognizebaseduponthedecreasedveragedis-
tancebetweemairsof imagesof Asiansrelative to whites.

To testthis hypothesiswve repeatedhe primary experi-
mentwith a training datasetthat was carefully balanced,
so that groupsof interestare equally representedWe ran
atotal of six additionalexperimentspalancingtrainingon
variousgroupingsof oneor morevariables—raceage,skin
or glasses—whileontrollingfor others.It wasnotpossible
to balanceovertheeyesfactordueto aninsufcient number
of subjectsn somecateaories.

Table2 summarizeshe experimentsave conducted For
example,to con rm whetherAsianswere really easierto
recognize we balancedAsiansand Whitesacrossage. In
otherwords,we choseequalnumbersof youngAsiansand
Whites,andequalnumbersof old Asiansand Whites. We
controlledfor threevariables(glassesgyes, and skin) by
limiting considerationo only subjectswith openeyes,clear
skin,andno glassesThis balancingandcontrollingde nes



To TestRace
Glasses= Off, Eyes= Open,Skin= Clear

BalanceAge Total PCA

Test Compare | Young Old Images | Dim.
. Asian 89 6

Asian White 89 6 380 78
Black 78 16

Black White 78 16 376 102
Other 62 6

Other White 62 6 272 75

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

BalanceSkin Total PCA

Test Compare | Clear | Other | Images| Dim.
Oold 131 57

Age Young | 131 57 752 130

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

BalanceAge Total PCA

Test Compare Old Young | Images | Dim.
. Clear 72 57

Skin Other 79 57 516 117

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

BalanceAge Total PCA
Test Compare Old Young | Images | Dim.
Off 14 16
Glasses on 14 16 120 50

Table2: SubjectcountsjmagecountsandPCAdimensions
for trainingin the balancedrainingexperiments.

a subsetof the subjectsusedin the primary analysis,and
the samplesizesshavn in Table?2 re ect the limited num-
bersof sometypesof subjectsn thedatasetOur balancing
andcontrollingstrateyy wasdesignedo provide thelargest
possiblesamplesizesin theindividual cellsin Table2.

Continuing the example of comparing Asians and
Whites, we thentrained PCA on the 380 imageslisted in
row oneof Table2. Thus,AsiansandWhiteswereequally
representedh the training, and balancedor controlledon
otherimportantcovariates.We thenprojectedall 2,144im-
agesinto PCA space computedhe distancedbetweenm-
agesandconductedANOVA modelingasbefore.An anal-
ogoushalancingandcontrolling processvasconductedor
theotherfactorslistedin Table2.

Of the several ANOVA modelswe t to the datafrom
thesesix experimentswe reporthereresultsfrom full mod-
elsidenticalto (7). In thesemodelsiit isimportantto exam-
ine only the effect of the particularvariablefor which bal-
ancingis beingconductedTheexperimentcon rmed that,

adjustingfor otherfactors Asiansareeasiethanwhites(p-
value= 0.0104),African-Americansareeasietthanwhites
(p-value = 0.0064), other race membersare easierthan
whites(p-value= 0.0249),0ld peopleareeasiethanyoung
people(p-value< 0.0001),otherskin peopleare easierto
recognizethan clear skin people(p-value= 0.0122),and
subjectswith glassesare easierno recognizethan subjects
without glassegp-value= 0.0005).

Thus,whetherPCA is trainedon animbalancecdollec-
tion of diversepeople(asis likely in mary real applica-
tions), or on a carefully balancedcollectionof people,our
resultscon rm thatsomepeopleareeasietto recognizehan
others andthatsubject-speci covariatescanexplainasig-
ni cant portionof this variation.
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