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Abstract

This paperpresentstheresultsof severallarge-scalestudiesof facerecognitionemploying visible

light and infra-red (IR) imagery in the context of principal componentanalysis. We �nd that

in a scenarioinvolving time lapsebetweengallery andprobe,andrelatively controlledlighting,

(1) PCA-basedrecognitionusingvisible light imagesoutperformsPCA-basedrecognitionusing

infra-redimages,(2) thecombinationof PCA-basedrecognitionusingvisible light andinfra-red

imagerysubstantiallyoutperformseitheroneindividually. In a samesessionscenario(i.e. near-

simultaneousacquisitionof galleryandprobeimages)neithermodalityis signi�cantly betterthan

the other. Theseexperimentalresultsreinforceprior researchthat employed a smallerdataset,

presentinga convincing argumentthat,evenacrossa broadexperimentalspectrum,thebehaviors

enumeratedabovearevalid andconsistent.
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1 Intr oduction

IR camerasprovide a measureof thermalemissivity from the facial surfaceandtheir imagesare

relatively stableunderillumination variation[1]. Theanatomicalinformationwhich is imagedby

infraredtechnologyinvolvessubsurfacefeaturesbelievedto beuniqueto eachperson[2], though

thetwins imagesarenot necessarilysubstantiallydifferentasshown in Figure 1. Thosefeatures

may be imagedat a distance,usingpassive infraredsensortechnology, with or without the co-

operationof the subject. IR thereforeprovidesa capability for identi�cation underall lighting

conditionsincludingtotal darkness[3]. Limitationsof IR cameras,suchastheir resolutionsbeing

below thatof visible light spectrumcameras,shouldalsobeacknowledged[1].

Figure1: A pair of twins IR images

Facerecognitionin thethermalIR domainhasreceivedrelatively little attentionin theliterature

in comparisonwith recognitionin visible light imagery. Wilder et al. [4] demonstratedthatboth

visible light andIR imageriesperformsimilarly acrossalgorithms. Early studiesby Socolinsky

et al. in [5], [6] and [7] suggestthat long-wave infrared imageryof humanfacesis not only a

valid biometric,but superiorto usingcomparablevisible light imagery. However, the testingset

sizein thesestudiesis relatively small, the training andgallery arecomposedof disjoint setsof

imagesof thesamesubjects,andthereis nosubstantialtimelapsebetweengalleryandprobeimage

acquisition.Ourearlystudies[8] [9] [10] show thatrecognitionperformanceis substantiallypoorer

whenunknown imagesareacquiredon a differentdayfrom theenrolledimages.TheFRVT 2002

coordinators[11] reportthat facerecognitionperformancedecreasesapproximatelylinearly with

elapsedtime. Hence,thetime-lapseissueis onereasonwhy [9] and[10] seemto beat oddswith
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[5], [6], [7] and[12], sincethe formershows thatPCA-basedfacerecognitionusingvisible light

imagerymayoutperformthatusinginfraredimages.Thefollowing factorscouldalsocontribute

to thediscrepancies:

1. Chenet al. [9] [10] manuallylocateeye-locationsin infrared images. Socolinsky et al.

[5] [6] [7] [12] usea sensorcapableof imagingboth modalitiessimultaneouslythrougha com-

monaperturewhich enablesthemto registerthefacewith reliablevisible light imagesinsteadof

infraredimages.[10] showsthatrelatively unreliablefaceregistrationdegradesperformancein IR.

2. Chenetal. [9] and[10] usedmuchhigherresolutionfor visible light sourceimagesthanthe

infraredimages(240� 320). Theresolutionsof visible light andinfraredimagesusedin [5], [6],

[7] and[12] areboth240� 320.

3. Theremight be morevariationsof the facial appearancein [5], [6], [7] and[12] sincethe

imageswererecordedwhenthe subjectpronouncedvowels looking directly toward the camera,

while thesubjectsin [9] and[10] arerequiredto demonstrateonly neutralandsmilingexpressions.

Infraredfaceimagescouldbemoreinsensitive to facialexpressionchange.More recentwork by

SelingerandSocolinsky [13] looksat issuesof eye locationaccuracy in visible-lightandinfra-red

images,andat recognitionaccuracy in thecaseof outdoorimagerythatmayexhibit muchgreater

lighting variationthanthe indoor imageryin [4,5,6,7,8,9]. They �nd that althougheyescannot

bedetectedasreliably in thermalimagesasin visible ones,somefacerecognitionalgorithmscan

still achieve adequateperformance[13]. They also�nd that,while recognitionwith visible-light

imageryoutperformsthatwith thermalimagerywhenbothgalleryandprobeimagesareacquired

indoors,if theprobeimageor thegalleryandprobeimagesareacquiredoutdoors,thenit appears

thattheperformancepossiblewith IR canexceedthatwith visible light.

This paperextendsour early researchanalyzingthe PCA algorithmperformancein infrared

imagery, includingtheimpactof illumination change,facialexpressionchangeandtheshortterm

(minutes)andmediumterm(daysor weeks)changein faceappearance.It alsopresentsacompar-

ativestudyemploying visible light imagery.

Therestof this paperis organizedasfollows. Section2 describesthedatacollectionprocess
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including the experimentalequipment,environmentalconditionsand the subjectspeci�cations.

Our experimentalschemebasedon the PCA algorithmis presentedin section3. Section4 dis-

cussesthe datapreprocessingand its speci�cations. Section5 summarizesthe PCA technique

from a patternrecognitionperspective anddiscussesdistancemeasuresandtheir effect on recog-

nition performance.In Sections6 and7, we give theresultsof two mainrecognitionexperiments:

same-sessionandtime-lapserecognition.Section8 comparesrecognitionperformancein same-

sessionandtime-lapse.We investigatethe effect of time dependency on recognitionin Section

9. Performancesensitivity to eye centerlocationis studiedin Section10. Sincetrainingthesub-

spacein the PCA algorithmis vital to recognitionperformance,we discussin Section11 three

importantfactors:trainingbias,trainingsetsizeandeigenvectortuning.Weexploretheimpactof

illuminationchangeandfacialexpressionchangeonrecognitionperformancein Section12. Com-

binationof visible light andinfraredimageriesis exploredin Section13. Section14 comparesthe

performanceof PCA andacommercialface-recognitionalgorithm.Weconcludein Section15.

2 Data Collection

Our databaseconsistsof 10916imagespermodality (visible light andIR) from 488distinctsub-

jects. Most of thedatawasacquiredat theUniversityof NotreDameduring theyears2002and

2003,while 81 imagespermodalityfrom 81distinctsubjectswereacquiredby EquinoxCorpora-

tion. SelingerandSocolinsky [6] describein detailtheacquisitionprocessof thedatacollectedby

EquinoxCorporation.

Acquisitionswereheldweeklyandmostsubjectsparticipatedmultiple timesacrossa number

of differentweeks. Infraredimageswereacquiredwith a Merlin uncooledlong-wavelengthin-

fraredhigh-performancecamera1, which provideda real-time,60Hz,12 bit digital datastream.

It is sensitive in the 7.0-14.0micron rangeandconsistsof an uncooledfocal planearray incor-

poratinga 320 � 240matrix of microbolometerdetectors.ThreeSmith-Victor A120 lights with
1http://www.indigosystems.com/product/merlin.html
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SylvaniaPhoto-ECAbulbsprovidedstudiolighting. Thelights werelocatedapproximatelyeight

feet in front of thesubject;onewasapproximatelyfour feet to the left, onewascentrallylocated

andonewaslocatedfour feetto theright. All threelightsweretrainedonthesubjectface.Theside

lightsandcentrallight areabout6 feetand7 feethigh,respectively. Onelighting con�gurationhad

thecentrallight turnedoff andtheotherson. This will be referredto as“FERET style lighting”

or “LF” [14]. The othercon�guration hasall threelights on; this will be called“mugshotlight-

ing” or “LM”. For eachsubjectandillumination condition,two imagesweretaken: oneis with

neutralexpression,which will be called“FA”, andthe otherimageis with a smiling expression,

which will be called“FB”. Due to IR's opaquenessto glass,we requiredall subjectsto remove

eyeglassesduring acquisition. Figure2 (a) shows four views of a singlesubjectin both visible

light andinfraredimageryacquiredat Universityof NotreDame.Two imagesof a singlesubject

in visible light andinfraredimageryacquiredby EquinoxCorporationareillustratedin Figure2

(b). Theinfraredimagesshown in this �gure havecontrastenhancedfor display.

3 Experimental Designs

Eachfacerecognitionexperimentis characterizedby threeimagesets.

a. Thetrainingsetis usedto form a facespacein which therecognitionis performed.

b. Thegallery setcontainsthesetof “enrolled” imagesof thesubjectsto be recognized,and

eachimageis uniquelyassociatedwith theidenti�cation of a distinctsubjectin theset.

c. Theprobesetis asetof imagesto beidenti�ed via matchingagainstthegallery. Weemploy

acloseduniverseassumption;i.e. eachprobeimagewill haveacorrespondingmatchin thegallery.

In ourexperiments,thetrainingsetis disjointwith thegalleryandprobesets(actually, in most

of our experiments,the training setwould not containany personsin commonwith thosein the

galleryandprobeset),which makestheperformanceworsethanotherwise.This is to eliminate

any biasthatmightbeintroducedin theeigenspacedueto subjectfactorsandmake theevaluation

of thefacerecognitionsystemmoreobjective.
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FAjLF FBjLF

FAjLM FBjLM
(a)

(b)

Figure2: (a) Four views with differentlighting andexpressionsin visible light andinfraredim-
agery, acquiredat Universityof Notre Dame;(b) Two imagesof a singlesubjectin visible light
andinfraredimagery, acquiredatEquinoxCorporation.
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Accordingto the lighting andexpressionsituationwhenthe imageswereacquired,thereare

four categories: (a) FA expressionunderLM lighting (FAjLM), (b) FB expressionunderLM

lighting (FBjLM), (c) FA expressionunderLF lighting (FAjLF) and(d) FB expressionunderLF

lighting (FBjLF). All thesubsequentexperimentsusethevalid combinationsof two subsetsof the

imagedatabaseandeachsetbelongsto oneof thesefour categories.

Thethreeprimaryfacerecognitiontasksarelistedbelow [11]:

1. Veri�cation: “Am I who I say I am?” A personpresentstheir biometricandan identity

claim to a facerecognitionsystem. The systemthen comparesthe presentedbiometric with a

storedbiometricof the claimedidentity. Basedon the resultsof comparingthe new andstored

biometric,thesystemeitheracceptsor rejectstheclaim.

2. Identi�cation: “Who amI?” An imageof anunknown personis providedto a system.We

assumethat throughsomeothermethodwe know thepersonis in thedatabase.Thesystemthen

comparestheunknown imageto thedatabaseof known people.

3. Watchlist: “Are you looking for me?” A facerecognitionsystemmust �rst detectif an

individual is, or is not,on thewatchlist. If theindividual is on thewatchlist, thesystemmustthen

correctlyidentify theindividual.

Our work focuseson theidenti�cation task.Themainperformancemeasurefor identi�cation

systemsis theability to identify abiometricsignature'sowner. Morespeci�cally, theperformance

measureequalsthepercentageof queriesin which thecorrectanswercanbefoundin thetop few

matches[15]. Identi�cation of a probeimageyields a ranked setof matches,with rank 1 being

thebestmatch.Resultsarepresentedascumulativematchcharacteristic(CMC) curves,wherethe

x-axisdenotesa rankthresholdandthey-axisis thefractionof probesthatyieldsa correctmatch

at ranksequalto or lower thanthethreshold.

By selectingmeaningfuldatasetsasthe pairsof galleriesandprobes,we conductedseveral

experimentsto investigatefacerecognitionperformancein visible light andinfraredimagery. We

requirethateachimageinvolvedin theexperimentusedin onemodalityshouldhaveacounterpart

(acquiredat thesametime,underthesameconditionandof thesamesubject)in theothermodal-
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ity. ThePCA softwaresuiteusedin our experimentswasdevelopedat ColoradoStateUniversity

(CSU)2 andslightly modi�ed by usto correctlyread12-bit infraredimages.

4 Preprocessing

As veryfew existingsoftwareapplicationscanautomaticallylocateafacein theimageandhumans

generallyoutperformacomputerin this task,we locatedfacesmanuallyby clicking with amouse

on the centerof eacheye. Figure2 shows that the featureson a humanfaceappearmorevague

in an infraredimagethanthosein a visible light imageandthustheregistrationin the following

normalizationstepmightnotbeasreliablein IR asin visible light images.

FromFigure2, wenoticethatthebackground,somepossibletransformationsof theface(scal-

ing, rotationandtranslation)andsensor-dependentvariations(for example,automaticgaincontrol

calibrationandbadsensorpoints)couldunderminetherecognitionperformance.This impactcan

beminimizedby normalization,which is implementedin theCSUsoftware.

TheCSUsoftwaresupportsseveralmetricsfor normalization:

a. Integer to �oat conversion. After the imageis readfrom a �le, it is convertedto double

precision(64bit) �oating point for subsequentimagecalculations.

b. Geometricnormalization.This alignsimagessuchthat the facesarethe samesize,in the

samepositionandat thesameorientation.Speci�cally, theimageis scaledandrotatedto makethe

eyecoordinatescoincidentwith prespeci�edlocationsin theoutput.

c. Masking. Maskingis usedto eliminatepartsof the imagethatarenot the face. This is to

ensurethatthefacerecognitionsystemdoesnot respondto featurescorrespondingto background,

hair, clothingetc.TheCSUsystemusesanelliptical maskthatis centeredjustbelow eye level and

obscurestheearsandsidesof theface.This is thesamemaskasusedin theFERETexperiments

[14].

d. Histogramequalization.Histogramequalizationattemptsto normalizetheimagehistogram
2http://www.cs.colostate.edu/evalfacerec/
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to reduceimagevariationdueto lighting andsensordifferences.

e. Pixel normalization.This is to compensatefor brightnessandcontrastvariations.TheCSU

codedoesthis by changingthedynamicrangeof theimagessuchthatthemeanpixel valueis 0:0

andthestandarddeviation is 1:0.

We found that the recognitionsystemperformsbestwhen turning on all the normalizations

abovewith default optionsanda,b, c, d ande appliedin order. Othersettingsbring no signi�cant

performancegainor yield evenworseperformance.For example,we tried turningoff histogram

equalization,consideringthattheoriginal grayvalueresponseata pixel is directly relatedto ther-

mal emission�ux and our algorithm might bene�t most from arraysof correspondingthermal

emissionvaluesratherthanarraysof grayvalues.Theresultturnedout to benobetterthanturning

thehistogramequalizationon.

5 PCA Algorithm

The PCA methodwas �rst describedfor faceimagerepresentationby Sirovich andKirby [16]

andadaptedto facerecognitionby Turk andPentland[17]. The facerecognitionsystemin our

experimentsshouldbeableto do thefollowing:

a. Derive a classi�cationrule from thefaceimagesin thetrainingset;i.e. it shouldbeableto

developadiscriminationtechniqueto separateimagesof differentsubjects.

b. Apply therulesto new faceimages;i.e. givenasetof new enrolledimagesasthegalleryand

asetof new unidenti�ed imagesastheprobe,it shouldbeableto usethediscriminationtechnique

to mapeachprobeimageto onegalleryimage.

5.1 De�nition

Given a training setof N imagesf x1; x2; :::; xN g, all in Rn , taking valuesin an n� dimensional

image,PCA �nds a linear transformationW T mappingtheoriginal n� dimensionalimagespace
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into anm� dimensionalfeaturespace,wherem < n. Thenew featurevectorshavecoordinates

yk = W T xk ; k = 1; 2; :::; N

whereW 2 Rn� m is amatrixwith orthonormalcolumns.Wede�ne thetotalscattermatrixST as:

ST =
NX

k=1

(xk � � )(xk � � )T (1)

whereN is thenumberof trainingimages,and� 2 Rn is thesamplemeanof all images.Examples

of an infraredimagetraining setandits samplemeanimageareshown in Figure3 (a) and(b),

respectively.

Figure3: (a) Training images: frontal IR imagesof eight differentsubjects. (b) Mean image:
averageof the eight imagesin (a). (c) Eigenfaces:principal componentscalculatedfrom (a) in
decreasingeigenvalueorder.

After applying the linear transformationW T , the scatterof the transformedfeaturevectors
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y1; y2; :::; yN is W T ST W. In PCA theprojectionWopt is chosento maximizethedeterminantof

thetotal scattermatrixof theprojectedsamples,i.e.

Wopt = argmaxW jW T ST Wj = [w1w2:::wm ]

wherewi = 1; 2; :::; m is the set of n� dimensionaleigenvectorsof ST correspondingto the m

largesteigenvalues[6]. Sincetheseeigenvectorsareface-like in appearancewhenrearrangedso

that they follow the original imagepixel arrangement,they arecommonlyreferredto as“eigen-

faces”. They arealso referredto asprincipal components.The Eigenfacemethod,which uses

principalcomponentsanalysisfor dimensionalityreduction,yieldsprojectiondirectionsthatsuc-

cessively maximizethe total residualscatteracrossall classes,i.e. all imagesof all faces[18].

Figure3 c shows thetop seveneigenfacesderivedfrom theinput imagesof Figure3 a in decreas-

ing eigenvalueorder.

5.2 DistanceMeasures

Any eigenfacematchesmustemploy a measureof proximity in thefacespace.The“MahCosine”

(namedby theCSUsoftware)andMahalanobisdistancearesimply theanglemetric[19]

d(x; y) = �
x � y

jj xjjjj yjj
= �

P k
i=1 x i yiq P k

i=1 (x i )2
P k

i=1 (yi )2

andEuclideandistancemeasure[19]

d(x; y) = jjx � yjj 2 =
kX

i =1

jx i � yi j2

appliedin theweightedspace,respectively.

TheCSUsoftwareimplementstheMahCosinemeasure,theclassicalEuclideandistancemea-
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sureandthecity blockdistancemeasure[19]

d(x; y) = jx � yj =
kX

i =1

jx i � yi j:

We alsoimplementedtheMahalanobisdistancemeasurefor comparisonwith MahCosine.Based

on initial experiments,we foundthatMahCosineofferedthebestperformance,andsothis metric

is usedfor all resultsreportedin thispaper.

6 Same-sessionRecognition

Thetwo experimentsdescribedin this sectionuse”samesession”images.Thatis, thegalleryand

probeimagesweretakenwithin aminuteof eachotherat thesameacquisitionsession.

In the�rst experiment,We used82 distinctsubjectsandfour imagesfor eachsubjectacquired

within oneminutewith differentilluminationandfacialexpressions.Theseimageswereacquired

duringspring2002.For eachvalid pair of galleryandprobesets,we computedtherank1 correct

matchpercentageandtherankat which all theprobeswerecorrectlymatched.They arereported

in Table1. Eachentry in the leftmostcolumncorrespondsto a galleryset,andeachentry in the

top row correspondsto a probeset.Thesubspacefor Table1 wasderivedby using240imagesof

240distinctsubjects.Theseindividualsarenot in thegalleryor probeset.

X X X X X X X X X X XXGallery
Probe

FAjLF FAjLM FBjLF FBjLM

FAjLF 0.98(2) 0.99(3) 0.99(2)
0.98(10) 0.98(10) 0.94(4)

FAjLM 0.99(2) 0.94(28) 0.95(19)
0.95(6) 1.00(1) 1.00(1)

FBjLF 0.96(4) 0.95(39) 1.00(1)
0.95(6) 1.00(1) 1.00(1)

FBjLM 0.98(2) 0.96(19) 1.00(1)
0.89(17) 0.98(3) 0.98(3)

Table1: Thepercentageof correctlymatchedprobesatrank1 andin parentheses,thesmallestrank
atwhichall probesarecorrectlymatchedfor samesessionrecognitionin visiblelight (bottom)and
IR (top)
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Table1 shows that thereis no consistentdifferencebetweenthe performanceof visible light

andIR. IR is betterin six instances,visible light is betterin four instances,andthey arethesame

in two instances.The overall performancefor samesessionrecognitionis high for both IR and

visible light, andsoit is possiblethatsome“ceiling effect” couldmake it dif�cult to observe any

truedifferencethatmight exist.

Figure4 showstheworstmis-matchesfor visible light andIR, i.e. theprobeimage,thecorrect

matchandtherank-onematch.

probe correctmatch rank-onematch
(a)visible light image

probe correctmatch rank-onematch
(b)IR image

Figure4: Worstmatchexamples

A similarsame-sessionexperimentusing319distinctsubjectsandfour imagesfor eachsubject

acquiredwithin oneminuteduringspring2003with differentillumination andfacialexpressions

is conductedandreportedin Table2. The facespacefor this experimentwasderived by using

oneimagefor eachof 488distinctsubjectsandall eigenvectorswereretained.Of the488training

images,319(FAjLF) comefrom spring2003,whichmeansthatthegalleryandprobesetsof some

subexperimentsoverlapwith thetrainingset.Theperformanceof thesubexperimentsin whichthe

probesetis FAjLF shouldbeignored,becauseprobesetandtrainingsetmustbedisjoint for a fair
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comparison[12].

X X X X X X X X X X XXGallery
Probe

FAjLF FAjLM FBjLF FBjLM

FAjLF 0.73(312) 0.76(312) 0.72(309)
0.96(126) 0.90(276) 0.89(223)

FAjLM N/A 0.78(226) 0.81(312)
N/A 0.91(254) 0.93(259)

FBjLF N/A 0.80(231) 0.84(286)
N/A 0.94(220) 0.96(110)

FBjLM N/A 0.83(312) 0.84(287)
N/A 0.93(212) 0.96(97)

Table2: Thepercentageof correctlymatchedprobesatrank1 andin parentheses,thesmallestrank
atwhichall probesarecorrectlymatchedfor samesessionrecognitionin visiblelight (bottom)and
IR (top),usingSpring2003data

A striking differencefrom theprevioussame-sessionrecognitionresultis themuchlowerper-

formanceof infraredfacerecognition.Thecomparableexperimentusingvisible light imagesstill

achievesverygoodperformancegivena reasonablylargefacespace.Apparently, thevisible light

facerecognitionperformancedegradesslightly whentheexpressionsof thegalleryandprobeim-

agesaredifferent.

SelingerandSocolinsky have lookedat automatedeye locationin visible-light versusthermal

imagery[13]. They �nd that althoughthe error increasefrom visible to LWIR is large, LWIR

valuesstill stay within 15% of the eye size, quite a reasonablebound[13]. Their recognition

experimentsarebasedon evaluatingrecognitionperformanceusinga40-framevideosequenceas

input,potentiallycomplicatingadirectcomparisonof recognitionresults.

7 Time-lapseRecognition

Experimentsin which thereis substantialtime passagebetweengalleryandprobeimageacquisi-

tionsis referredto astime-lapserecognition.

Our �rst experimentof this typeusestheimagesacquiredin tenacquisitionsessionsof Spring

2002.In thetenacquisitionsessions,therewere64,68,64,57,49,56,54,54,60,and44subjects.

14



Figure5 shows the visible light andIR imagesof onesubjectacross10 differentweeks,which

suggeststhattheremaybemoreapparentvariability, onaverage,in theIR imagesof apersonthan

in thevisible light images.For example,notethevariationin IR imagesin thecheeksandtemples

betweenweeks9 and 10, or betweenthe bridge and sidesof the nosein different IR images.

Other research[20] hascon�rmed that thereis variability in facial IR imagesdue to startling,

gum-chewing, etc.More recently, Socolinsky etal. [21][22] havereplicatedourbasicearlyresult

[10][9] of lower IR performancein thetime-lapseexperiments.

The scenariofor this recognitionis a typical enroll-onceidenti�cation setup. Thereare 16

subexperimentsbasedon theexhaustive combinationsof galleryandprobesetsgiventhe images

of the�rst sessionunderaspeci�c lighting andexpressionconditionasthegalleryandtheimages

of all the later sessionsundera speci�c lighting andexpressionconditionasthe probe. That is,

eachgallerysethas64 imagesfrom session1, andeachprobesethas431imagesfrom sessions2-

10. Therank-1correctmatchpercentagesaregivenin Table3. For eachsubjectin oneexperiment,

thereis oneenrolledgallery imageandup to nineprobeimages,eachacquiredin a distinct later

session.Thesamefacespaceis usedasin the�rst ”same-session”experiments.
X X X X X X X X X X XXGallery

Probe
FAjLM FAjLF FBjLM FBjLF

FAjLM 0.83(41) 0.84(27) 0.77(48) 0.75(43)
0.91(39) 0.93(54) 0.73(56) 0.71(56)

FAjLF 0.81(38) 0.82(46) 0.74(49) 0.73(43)
0.92(31) 0.92(28) 0.75(32) 0.73(44)

FBjLM 0.77(45) 0.80(49) 0.79(39) 0.78(51)
0.77(33) 0.81(44) 0.86(48) 0.85(47)

FBjLF 0.73(58) 0.76(58) 0.77(36) 0.76(41)
0.75(41) 0.79(40) 0.90(27) 0.90(47)

Table3: Rank1 correctmatchpercentagefor time-lapserecognitionin visible light (bottom)and
IR (top). Row indicatesgalleryandcolumnindicatesprobe.

For IR, Table 3 illustratesa striking differencein performancerelative to the same-session

recognitionresultsshown in Table1. Visible light imageryoutperformsIR in 12 of the16 cases,

with IR andvisible light thesamein anothertwo. Therank1 correctmatchratefor IR dropsby

15%to 20%. Themostobviousreasonis that theelapsedtime causedsigni�cant changesin the
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(a) Week1 (b) Week2

(a) Week3 (b) Week4

(a) Week5 (b) Week6

(a) Week7 (b) Week8

(a) Week9 (b) Week10

Figure5: NormalizedFAjLM faceimagesof onesubjectin visible light andIR across10 weeks.
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thermalpatternsof thesamesubject.Table3 alsoshows thattheperformancedegradesfor visible

light imagerycomparedwith thatin same-sessionrecognition.

For onetime-lapserecognitionwith FAjLF imagesin the �rst sessionasthe gallery setand

FAjLF imagesin thesecondto thetenthsessionsastheprobeset,we illustratethematchandnon-

matchdistancedistributionsin Figure 6 andFigure 7. Thescore(distance)rangesfrom � 1:0 to

1:0 sincewe usethe”MahCosine”distancemetric. Thematchscorehistogramis thedistribution

of distancesbetweentheprobeimagesandtheircorrectgallerymatches.Thenon-matchscorehis-

togramis thedistributionof distancesbetweentheprobeimagesandall their falsegallerymatches.

Essentially, thematchscoredistribution depictsthewithin-classdifference,while thenon-match

scoredistributionrepresentsthebetween-classdifference.Hence,for anidealfacerecognition,the

matchscoresshouldbeassmallaspossibleandthenon-matchscoresshouldbemuchlargerthan

thematchscoresandthey shouldn't overlap.In thisexperiment,thereis signi�cant overlappingfor

bothIR andvisible light, which accountsfor theincorrectmatches.Thematchscoredistribution

for visible light is moreat thesmallerdistanceareathanthatfor IR, i.e. thewithin-classdifference

for visible light imagesis smallerthanthat for IR images.Thenon-matchscoredistributionsfor

thesetwo modalitiesareaboutthesame,i.e. thebetweenclassdifferencesaresimilar. Thus,visi-

ble light imageryperformsbetterthanIR in this setup.Notethatour experimentalsetupincludes

relatively minimal lighting variations.If moredrasticlighting variationwasconsidered,theresults

couldwell bedifferent.For example,in theextremecaseof noambientlight, onewouldnaturally

expectIR to performbetter.

Anothersimilar time-lapseexperimentusingtheimagesacquiredin 12 acquisitionsessionsof

Spring2003is conductedandtheresultsarereportedin Table4. Thefacespacefor thisexperiment

is thesameasthatusedin thesecondsame-sessionexperiment.

As is thecasewith the�rst time-lapseexperiment,theperformancewith IR imagesdropssub-

stantially in comparisonto the same-sessionperformanceshown in Table2: the rank 1 correct

matchratedropsby 15%to 30%.Themostobviousreasonis thattheelapsedtimecausedsigni�-

17



Figure6: Matchandnon-matchscoredistributionsfor onetime-lapserecognitionin IR, darkcolor
barsrepresentcorrectmatch,light colorbarsrepresentincorrectmatch

Figure7: Matchandnon-matchscoredistributionsfor onetime-lapserecognitionin visible light,
darkcolorbarsrepresentcorrectmatch,light colorbarsrepresentincorrectmatch
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X X X X X X X X X X XXGallery
Probe

FAjLM FAjLF FBjLM FBjLF

FAjLM 0.58(142) 0.56(143) 0.51(142) 0.51(142)
0.89(116) 0.88(135) 0.68(136) 0.66(106)

FAjLF 0.61(142) 0.62(142) 0.52(141) 0.55(141)
0.85(137) 0.86(138) 0.64(136) 0.66(138)

FBjLM 0.55(143) 0.53(139) 0.58(141) 0.57(142)
0.76(133) 0.76(138) 0.82(121) 0.82(108)

FBjLF 0.54(140) 0.55(143) 0.58(143) 0.56(139)
0.74(134) 0.76(141) 0.79(125) 0.79(134)

Table4: Rank1 correctmatchpercentagefor time-lapserecognitionin visible light (bottom)and
IR (top). Row indicatesgalleryandcolumnindicatesprobe.

cantchangesamongthermalpatternsof thesamesubject.In addition,theoverall low performance

for infraredfacerecognitionis dueto theunreliableregistrationof theeyecentersdiscussedin last

section.Table4 alsoshowsthattheperformancedegradesfor visible light imagerycomparedwith

thatin same-sessionrecognition.Visible light imageryoutperformsIR in eachsubexperimentand

performsbetterwhentheexpressionsin galleryandprobearethesame.

8 Same-sessionversusTime-lapse

This experimenttries to make a moredirectcomparisonof performancein thesame-sessionand

time-lapsescenarios.This studyusesoneprobefor eachgalleryimage.Thegallerysets(FAjLF)

are the samein same-sessionrecognitionand time-lapserecognition. The probeset for same-

sessionrecognitionis madeup of images(FAjLM) acquiredataboutthesametime (lessthanone

minutedifference)asthe probe. The probesetfor time-lapserecognitionis madeup of images

(FAjLM) acquiredin differentweeksfrom whenthegalleryimageswereacquired.Thefacespace

is thesameastheoneusedin the�rst ”same-session”experiments.

We conducted9 experimentsof differenttime delaysfor time-lapserecognitionandfor each

thereis a correspondingsame-sessionrecognitionexperimentfor comparison. The numberof

galleryandprobepairsfor eachtimedelayis 55,58,48,45,47,48,48,50,and32.

Figure8 showstheresultsfor visible light andIR. For bothmodalities,thesamesessionrecog-
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nition outperformstime-lapserecognitionsigni�cantly. Note that for same-sessionrecognition

thereis no clearadvantagebetweenIR andvisible light. However, in time-lapserecognitionvisi-

ble light generallyoutperformsIR. Thelowerperformanceduringweek10 in time-lapsescenario

mightbedueto thesmallsizeof theprobeset,whichmakesit not statisticallysigni�cant.

Figure8: Rank-1correctmatchratefor same-sessionrecognitionandtime-lapserecognitionin IR
andvisible light

9 Assessmentof Time Dependency

The facespaceusedin the experimentsof this sectionis the sameasthe spaceusedin the �rst

”same-session”experiment.The�rst experimentis designedto revealany obviouseffectof short-

termelapsedtimebetweengalleryandprobeacquisitiononperformance.Theexperimentconsists

of ninesub-experiments.Thegallerysetis FAjLF imagesof session1. Eachof theprobeswasaset

of FAjLF imagestakenwithin asinglesessionaftersession1 (i.e. sub-experiment1 usedsession2

imagesin its probes,sub-experiment2 usedsession3 for its probes,andsoforth). Figure9 shows

thehistogramof theninerank-1correctmatchratesfor theninesub-experimentsin IR andvisible

light imagery. The �gure shows differencesin performancefrom weekto week,but thereis no

20



clearlydiscernibletrendover time in theresults.All therank1 correctmatchratesin visible light

imageryarehigherthanin IR. We alsoconducteda morestatisticallymeaningfulexperimentby

averagingtheresultsof everypossibleexperimentin thecontext of aspeci�c timedelayi.e. to get

theresultfor aoneweekdelay, weusedweek1 dataasgalleryimages,week2 astheprobe,week

2 asgalleryandweek3 asprobe,etc.Thereis no obviously identi�able trendin thiscaseeither.
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Figure9: Rank-1correctmatchratefor 10 differentdelaysbetweengalleryandprobeacquisition
in visible light andIR

Anotherexperimentwasdesignedto examinetheperformanceof thefacerecognitionsystem

with a constantdelayof oneweekbetweengalleryandprobeacquisitions.It consistsof ninesub-

experiments:the �rst usedimagesfrom session1 asa galleryandsession2 asprobe,thesecond

usedsession2 asgalleryandsession3 asprobeandso on. All imageswereFAjLF. The rank 1

correctmatchratesfor this batchof experimentsappearin Figure10. We noteanoverall higher

level of performancewith oneweekof time lapsethanwith larger amountsof time. Thevisible

light imageryoutperformsIR in 7 of the8 sub-experiments.

Togetherwith thetime-lapserecognitionexperimentin Section7, theseexperimentsshow that

delaybetweenacquisitionof galleryandprobeimagescausesrecognitionperformanceto degrade.

Theoneoverall surprisingresultfrom theseexperimentsis thatvisible light imageryoutperforms
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Figure10: Rank-1correctmatchrate for experimentswith gallery andprobeseparatedby one
weekin visible light andIR

IR in thecontext of time-lapse.

10 Sensitivity to EyeCenter Location

We manuallylocatedeye centersin visible light andIR imagesfor normalization.It is possible

thattheerrorsin eyecenterlocationcouldaffect therecognitionperformancedifferentlyin visible

light andIR, especiallyconsideringthat the IR imageryis morevaguethanvisible light imagery

andtheoriginal resolutionfor IR is 320x 240versus1600x1200for thevisible light image.This

is potentiallyanimportantissuewhencomparingtheperformanceof IR andvisible light imagery.

We did a randomreplacementof thecurrentmanually-markedeye centersby anotherpoint in

a3x3 (pixel) window, which is centeredat themanually-markedposition.This is verycloseto the

possiblehumanerror whenimagesaretruthwritten. The time-lapserecognitionresultsby using

imagesnormalizedwith therandomlyperturbedeyecentersareshown in Table5.

WhenTable5 andTable3 arecompared,oneconclusionis that IR is moresensitive to eye

centerlocations. The correctrecognitionratesdrop signi�cantly comparedto the performance
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wherethemanuallylocatedeye centersareused.For visible light imageryin time-lapsescenario,

theperformancedecreaseis at mostslight. This suggeststhatmarkingeye centersin IR might be

harderto do accuratelythanmarkingeye centersin visible light, andthatthis might have affected

IR accuracy relative to visible light accuracy in our experiments.SelingerandSocolinsky [13]

look at automatedeye centerlocationandalsoreport �nding greatererror for thermalimagery

thanfor visible-light imagery. However, they also�nd relatively smallerdifferencesin recognition

performancethan we found, althoughdifferencesin dataset andalgorithmcomplicatea direct

comparison.

X X X X X X X X X X XXGallery
Probe

FAjLM FAjLF FBjLM FBjLF

FAjLM 0.67(52) 0.65(44) 0.62(58) 0.57(59)
0.90(46) 0.91(54) 0.71(55) 0.71(54)

FAjLF 0.68(40) 0.69(56) 0.60(55) 0.62(61)
0.91(50) 0.92(27) 0.74(33) 0.72(44)

FBjLM 0.64(61) 0.67(60) 0.65(62) 0.69(57)
0.75(56) 0.81(45) 0.86(49) 0.84(50)

FBjLF 0.63(57) 0.62(57) 0.63(62) 0.65(55)
0.74(51) 0.78(40) 0.88(33) 0.89(47)

Table5: Rank1 correctmatchpercentagefor time-lapserecognitionin IR (top) andvisible light
(bottom). Eye centeris randomlyreplacedby a point in a 3x3 window that is centeredat the
manually-locatedeyecenter

11 Training SetEffects

Thediscussionof thissectionassumesthatthetrainingsetdiffersfrom thegalleryset.Thetraining

setde�nes the subspacein which recognitionwill be performed.While the lack of exploitation

of classlabel informationmeansthatPCA doesnot enforcegoodseparabilityamongclasses,an

implicit assumptionof thetechniqueis thatbetween-subjectvariationis muchlarger thanwithin-

subjectvariation,i.e. that subjectsarewell clusteredin the projectionspaceandwell separated

from othersubjectclusters.PCA's propertyof variancemaximizationfor a �x ed dimensionun-
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der the basisorthonormalityconstrainttendsto preserve classseparation.If training imagesare

representative of the subjectclasses,separabilitybetweensubjectsin the gallery shouldalsobe

preserved. Hence,PCA can be arguedto provide an ef�cient representationfor imageswhile

preservingseparability.

Trainingsetsizedeterminesthedimensionalityof thesubspace.Apparently, themoresparsely

thegalleryimagesaredistributed,thehigherseparabilitytherecognitionsystemcanachieve. Gen-

erally, by increasingthedimensionality, theimagesshouldbemoresparselydistributed.

Hence,therearetwo schemesof selectingtraining setsto enhancerecognitionperformance.

Oneis to makethetrainingsetmorerepresentativeof thegallery;theotheris to enlargethetraining

setsizein orderto increasethedimensionalityof thesubspace.

Therearetwo kinds of biasassociatedwith training setdesign. Onemagni�es within-class

variance,whichcoulddegradetheperformance;thatis, therecognitionsystemdevelopsaharmful

separabilitythat spreadsout the instancesof the samesubjectin the facespace.The otherbias

canenhancetheseparabilityandimprove theperformanceif thetrainingsetincludesgallery im-

ages(subjects);the recognitionsystemcanspeciallymaximizethevarianceof the imagesin the

gallery, whichof courseprovideshighperformancegiventhesamesizeof trainingset,but it is not

guaranteedto work well whenappliedto a new gallery. In otherwords,it is not possiblein real

applications.Hence,thetwo biasesarebothundesirable.

If thereareN > 2 imagesin thetrainingsetthenST in Equation1 hasrank

r = min (n; N � 1) (2)

wheren is the imagespacedimensionandonly r uniqueeigenvectorscanbeextractedfrom ST .

This meansthat the subspacein which the N imagesaremostseparatedis r dimensional. By

increasingthesizeof the trainingset,themaximumfeaturespacedimensiongrows. This means

that the trainingsetbecomesmoreandmoresparselydistributedif we retainall theeigenvectors

to spanthesubspace.It is particularlyusefulto our experimentaldesign,which mapseachprobe
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imageto onegalleryimagebasedon their distancesin thefacespace.

For onetime-lapserecognitionwith FAjLF imagesin the �rst sessionasthe gallery setand

FAjLF imagesin the secondto the tenthsessionsasthe probeset,we examinedthe eigenvector

selectionresultsfor IR andvisible light images.

For IR, we �nd thatdroppingany of the�rst 10 eigenvectorswill degradetheperformance.A

possiblereasonis that in IR faceimages,thereis no signi�cant irrelevantvariancelike the light-

ing in visible light imagesandthe �rst eigenvectorscanwell describethe truevariancebetween

images.Whenretaining94%of eigenvectorsby removing the lasteigenvectors,theperformance

reachesmaximumperformanceof 82.8%,comparedwith 81.2%when all eigenvectorsare re-

tained.Thisshows thattheselasteigenvectorsencodenoiseonly.

For visiblelight, droppingthe�rst 2 eigenvectorsincreasestheperformanceto apeakof 92.6%

from 91.4%. It is possiblethat somesigni�cant irrelevant variance,like lighting, is encodedin

theseeigenvectors.With thesetwo eigenvectorsdropped,We �nd thatretainingabout80%of the

eigenvectorsby removing the lasteigenvectorsmakestheperformanceincreaseto 94.4%,which

showsthattheselasteigenvectorsarenoisyandunderminetheperformance.

12 Statistical Teston Conditions

In Table3, probepairsof differing facialexpressionsandlighting conditionsareanalyzedfor illu-

minationandfacialexpressionimpact.Pairswith thesamefacialexpressionbut differentlighting

conditionrevealtheillumination impactgivenagalleryof thesamefacialexpressions.Pairsof the

samelighting conditionbut variedfacialexpressiongeneratefacialexpressionimpactin a gallery

of constantlighting conditions. Essentially, we make a comparisonof the responseof matched

pairsof subjects,usingdichotomousscales,i.e. subjectsaregroupedinto only two categories,

correct/incorrectmatchat rank1. HencewechooseMcNemar's test[23].
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12.1 Illumination Impact

Thenull hypothesisH0 is thatthere is nodifferencein performancebasedon whetherthelighting

conditionfor theprobeimageacquisitionis matchedto thelighting conditionfor thegallery image

acquisition. The correspondingp� valuesare reportedin Table 6. For IR, what we observed

is very likely if the null hypothesisweretrue andthe associationbetweenFERETandmugshot

lighting conditionsfor the probeimagesis NOT signi�cant. Therealsois no evidenceto reject

the hypothesisfor visible-light imagery. Perhapsthe mostobvious reasonis the relatively small

differencebetweenthe FERETandthe mugshotlighting conditions. Both representcontrolled

indoorlighting.

Gallery Probepair p-value
FAjLM FAjLM 0.55

FAjLF 0.18
FAjLF FAjLM 0.50

FAjLF 0.85
FBjLM FBjLM 0.50

FBjLF 0.32
FBjLF FBjLM 0.51

FBjLF 0.47

Table6: p-valuesof McNemar's testfor theimpactof lighting changein visible light (bottom)and
IR (top)

12.2 Facial ExpressionImpact

Thenull hypothesisH0 is that there is no differencein performancebasedon whetherthe facial

expressionfor theprobeimage acquisitionis matchedto thefacial expressionfor thegallery im-

ageacquisition. Thecorrespondingp� valuesarereportedin Table7. For visible light imagery, all

p� valuesare0, which meansthat thenull hypothesisis unlikely to betrueaccordingto whatwe

observed,i.e. theperformanceis highly dependenton whetherthefacialexpressionfor theprobe

imageacquisitionis matchedto thefacialexpressionfor thegallery imageacquisition.For IR in

the groupwhich usedneutralexpressionasgallery, we have the sameconclusionasthe visible

light imagery. But for IR with a smiling expressionasgallery, we failedto rejectthehypothesis,
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whichmeanstheexpressionchangeimpactmaynotbesigni�cant in this scenario.

Gallery Probepair p-value
FAjLM FAjLM 0.01

FBjLM 0.00
FAjLF FAjLF 0.00

FBjLF 0.00
FBjLM FBjLM 0.23

FAjLM 0.00
FBjLF FBjLF 0.92

FAjLF 0.00

Table7: p-valuesof McNemar's testfor theimpactof expressionchangein visible light (bottom)
andIR (top)

13 Combination of Visible Light and IR

Table3 showsthatvisible light imageryis betterthanIR in time-lapsedrecognition,but thesetsof

mismatchedprobesof thetwo classi�ersdo not necessarilyoverlap.This suggeststhat thesetwo

modalitiespotentiallyoffer complementaryinformationaboutthe probeto be identi�ed, which

could improve theperformance.It is possibleto realizesensorfusionon differentlevels: sensor

datalevel fusion,featurevectorlevel fusion,anddecisionlevel fusion[24]. Sincetheseclassi�ers

yield decisionrankingsasresults,weconsiderthatfusionon thedecisionlevel hasmorepotential

applications.Our fusionprocessis dividedinto thefollowing two stages[24]:

1. Transformationof thescore

If thescorefunctionsyield valueswhicharenotdirectlycomparable,for example,thedistance

in infraredfacespaceandthedistancein visible light facespace,a transformationstepis required.

Thereexist severalscoretransformationmethods,suchaslinear, logarithmicandexponential.The

purposeof thesetransformationsis , �rst, to map the scoresto the samerangeof values,and,

second,to changethedistributionof thescores.For example,thelogarithmictransformationputs

strongemphasisonthetopranks,whereaslowerrankedscores,whicharetransformedto veryhigh
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values,have a quickly decreasingin�uence. This is particularlytruein our experimentssincethe

top few matchesaremorereliablethanthelaterones.

2. Combinationandreordering

For every classin the combinationset,a combinationrule is appliedandthe classesarere-

orderedin order to get a new ranking. Kittler et al. [25] concludethat the combinationrule

developedunderthemostrestrictiveassumptions,thesumrule,outperformedotherclassi�ercom-

bination schemesand so we have usedthe sum rule for combinationin our experiments. We

implementedtwo combinationstrategies, rank basedstrategiesandscorebasedstrategies. The

formeris to computethesumof therankfor everyclassin thecombinationset.Theclasswith the

lowestranksumwill be the �rst choiceof thecombinationclassi�er. Thoughthescoretransfor-

mationis primarily thoughtfor themanipulationof thescorebasedstrategies,it maybeappliedto

theranks(interpretedasscoresin this case)too. In this way it is possibleto changethein�uence

of therankssigni�cantly. Thescorebasedstrategy is to computethesumof thescore(distance)

for eachclassandchoosetheclasswith thelowestsumscoreasthe�rst match.

We�rst usedanunweightedrankbasedstrategy for combination.Thisapproachis to compute

thesumof therankfor everygalleryimage.On average,for eachprobethereare10-20ranksum

ties(64galleryimages).Sincethevisible light imageryis morereliablebasedon ourexperiments

in thecontext of time-lapse,we usetherankof thevisible light imageryto breakthetie. Thetop

of eachitem in Table8 shows the combinationresultsusingthis approach.Only in 2 out of 16

instancesis thevisible light aloneslightly betterthanthecombination.Thecombinationclassi�er

outperformsIR andvisible light in all theothercases.

For eachindividual classi�er (IR or visible light), the rank at which all probesarecorrectly

identi�ed is far beforerank64 (64 gallery images).Hence,the�rst severalranksaremoreuseful

thanthe later ranks. We logarithmicallytransformedthe ranksbeforecombinationto put strong

emphasisonthe�rst ranksandhavethelaterrankshaveaquickly decreasingin�uence. Themiddle

of eachitemin Table8 showstheresultsof thisapproach.Thecombineroutperformsvisible light

andIR in all thesub-experimentsandis betterthanthecombinerwithout ranktransformation.
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Second,we implementeda scorebasedstrategy. We usethedistancebetweenthegalleryand

probein thefacespaceasthescore,which providesthecombinerwith someadditionalinforma-

tion that is not availablein the rank basedmethod. It is necessaryto transformthe distancesto

make themcomparablesincewe usedtwo differentfacespacesfor IR andvisible light. We used

linear transformation,which mapsa scores in a rangeof I s = [smin ; smax] to a target rangeof

I s0 = [0; 100]. Thenwecomputethesumof thetransformeddistancesfor eachgalleryandtheone

with thesmallestsumof distanceswill bethe�rst match.Thebottomentryof eachitemin Table8

shows theresults.Thescorebasedstrategy outperformstherankbasedstrategy andimprovesthe

performancesigni�cantly comparedwith eitherof theindividual classi�ers(IR andvisible light).

This shows that it is desirableto have knowledgeaboutthe distribution of the distancesandthe

discriminationability basedonthedistancefor eachindividualclassi�er (IR or visible light). This

allows us to changethedistribution of thescoresmeaningfullyby transformingthedistancesbe-

forecombination.Thiscombinationstrategy is similar to thatusedby Changetal. [26] in astudy

of 2D and3D facerecognition.

X X X X X X X X X X XXGallery
Probe

FAjLM FAjLF FBjLM FBjLF

FAjLM 0.91(25) 0.95(23) 0.83(45) 0.81(44)
0.93(26) 0.96(24) 0.85(47) 0.85(47)
0.95(24) 0.97(21) 0.90(46) 0.90(45)

FAjLF 0.91(18) 0.93(19) 0.85(41) 0.83(23)
0.92(24) 0.94(27) 0.87(44) 0.84(35)
0.95(20) 0.97(20) 0.91(39) 0.90(24)

FBjLM 0.87(20) 0.92(34) 0.85(23) 0.86(32)
0.88(22) 0.92(40) 0.87(32) 0.88(32)
0.91(27) 0.94(32) 0.92(25) 0.92(31)

FBjLF 0.85(43) 0.87(40) 0.88(12) 0.90(36)
0.87(33) 0.88(37) 0.90(17) 0.91(38)
0.87(40) 0.91(44) 0.93(20) 0.95(37)

Table8: Rank1 correctmatchpercentagefor time-lapserecognitionof combiningIR andvisible
light. Top: simple rank basedstrategy; Middle: rank basedstrategy with rank transformation;
Bottom: scorebasedstrategy. Row indicatesgalleryandcolumnindicatesprobe.

A similar experimentusingspring2003dataas the testingimageswasconductedapplying
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score-basedstrategy and the result is reportedin Table9. Again, it improvesthe performance

signi�cantly comparedwith eitherof theindividualclassi�ers(IR andvisible light).

X X X X X X X X X X XXGallery
Probe

FAjLM FAjLF FBjLM FBjLF

FAjLM 0.91(47) 0.90(70) 0.80(134) 0.80(119)
FAjLF 0.91(100) 0.91(110) 0.78(99) 0.79(116)
FBjLM 0.85(101) 0.85(106) 0.87(99) 0.87(73)
FBjLF 0.82(120) 0.86(84) 0.87(119) 0.87(93)

Table9: Rank1 correctmatchpercentagefor time-lapserecognitionof combiningIR andvisible
light usingscorebasedstrategy.

Multi-modalities versusmulti-samples

Froma costperspective,a multiple sampleapproach(multiple samplesof thesamemodality,

e.g. two visible light faceimages)will most likely be cheaperthana multiple modalapproach

(visible light andinfrared). Hence,it is particularly importantto determineif a multiple modal

approachis superiorto a multiple sampleapproachfor performance.The following experiment

shows that the improvementby combiningvisible light andinfraredmodalitiesis not duepurely

to usingmultipleprobeimages.

For onetime-lapseexperiment,we usetwo probeimagespermodalityandcombinethedeci-

sionsusingascorebasedstrategy. Theresultsis shown in Table10.

` ` ` ` ` ` ` ` ` ` ` ` ` ` `Modality
Condition

FAjLM FBjLF FAjLF FAjLM + FAjLM

FBjLF FAjLF
IR 0.92 0.73 0.92 0.90 0.93

Visible 0.81 0.73 0.82 0.85 0.85
IR + Visible 0.95 0.97 0.90 N/A N/A

Table10: Topmatchscoresof onetime-lapseexperimentusingoneandtwo probeimages;thetwo
probeimageseithercomefrom two differentmodalities(IR + Visible) or from thesamemodality
but undertwo differentconditions(FAjLM + FBjLF andFAjLM + FAjLF).

Notice that the performanceis worsefor combiningFAjLM andFBjLF thanFAjLM alone.

For infrared,the top matchscorefor combiningFAjLM andFBjLF probesis 0.85,and0.85for

combiningFAjLM and FAjLF. The scoresfor FAjLM, FBjLF and FAjLF aloneare 0.81, 0.73
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and0.82, respectively. The scoresfor combininginfraredandvisible light (alsotwo probes)in

FAjLM, FAjLF andFBjLF are0.95,0.97and0.90,respectively, whicharesigni�cantly betterthan

combiningtwo probesof thesamemodality.

14 Comparisonof PCA and FaceIt

FaceIt3 is a commercialface-recognitionalgorithmthatperformedwell in the2002FaceRecog-

nition VendorTest[27]. We useFaceIt resultsto illustratethe importanceof combinedIR-plus-

visible-light facerecognition. We usedFaceItG3 andG5 technologies.The latter is the latest

version.

Figure11 shows theCMC curvesfor a time-lapserecognitionwith FAjLF imagesin the �rst

sessionasthe gallerysetandFBjLM imagesin the secondto the tenthsessionsasthe probeset

by FaceItandPCA. Note that the fusion methodis score-based.We notice that FaceItG3 and

G5 outperformPCA in visible light imageryandIR individually. However, the fusionof IR and

visible light caneasilyoutperformseithermodalityaloneby PCA or FaceItG3. We shouldtake

into accountthe training setPCA usedwhenmakingthis comparison.Givenanextremelylarge

unbiasedtraining setwhich is not often practicalor ef�cient, PCA might eventuallyoutperform

FaceItin visible light imagery.

15 Conclusions

In samesessionrecognition,neithermodality is clearly signi�cantly better than the other. In

time-lapserecognition,the correctmatchrateat rank 1 decreasedfor both visible light andIR.

In general,delaybetweenacquisitionof galleryandprobeimagescausesrecognitionsystemper-

formanceto degradenoticeablyrelative to same-sessionrecognition.More thanoneweek's delay

yieldedpoorerperformancethanasingleweek'sdelay. However, thereis no cleartrend,basedon
3http://www.identix.com/products/
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Figure11: CMC curvesof time-lapserecognitionusingPCAandFaceItin visible light andIR

thedatain this study, thatrelatesthesizeof thedelayto theperformancedecrease.A longer-term

studymay reveal a clearerrelationship. In this regard, seethe resultsof the FaceRecognition

VendorTest2002[27].

In time-lapserecognitionexperiments,we found that: (1) PCA-basedrecognitionusingvisi-

ble light imagesperformedbetterthanPCA-basedrecognitionusingIR images,(2) FaceIt-based

recognitionusingvisible light imagesoutperformedPCA-basedrecognitionon visible light im-

ages,PCA-basedrecognitionon IR images,and the combinationof PCA-basedrecognitionon

visible light andPCA-basedrecognitionon IR images.

Perhapsthe mostinterestingconclusionsuggestedby our experimentalresultsis that visible

light imageryoutperformsIR imagerywhentheprobeimageis acquiredatasubstantialtimelapse

from the gallery image. This is a distinct differencebetweenour resultsandthoseof others[4]

[5] [6], in thecontext of galleryandprobeimagesacquiredat nearlythesametime. Theissueof

variability in IR imageryovertimecertainlydeservesadditionalstudy. Thisis especiallyimportant

becausemostexperimentalresultsreportedin the literaturearecloserto a same-sessionscenario

thana time-lapsescenario,yet a time-lapsescenariomaybemorerelevant to mostimaginedap-

plications.
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Ourexperimentalresultsalsoshow thatthecombinationof IR plusvisiblelight canoutperform

either IR or visible light alone. We �nd that a combinationmethodthat considersthe distance

valuesperformsbetterthanonethatonly considersranks.

Thelikely reasonfor thesuccessof thetechniquestemsfrom thefactthatfacerecognitionsys-

temsdependonaccuratelocalizationof facialfeatures,in particulartheeyes.Theincorporationof

multiple imageseffectively reduceslocalizationerrorsvia averaging.Systemsbasedon eigenface

techniquesmayreapmorebene�t from suchinformationthanotherpublishedalgorithmssuchas

LFA [28]. It becomesa bottle-neckfor infraredfacerecognitiondueto the low imageresolution

andvagueinfraredimagery.

Onecould perhapsbecomeconfusedover the variousrelative recognitionratesreportedfor

visible light and infra-red imaging. The following shouldbe an accuratesummaryof what is

known from variousexperimentalresults. Two key elementsof experimentaldesignto consider

are(a)whetheror not thereis time lapsebetweenthegalleryandprobeimages,and(b) thedegree

of lighting variationbetweengallery andprobeimages. In studiesthat userelatively controlled

indoorimagingconditions,andfor whichthereis notimelapsebetweengalleryandprobeimages,

theperformancefrom visibleandinfra-redhasbeenfoundto beroughlyequivalent.In studiesthat

userelatively controlledindoor imagingconditions,andfor which thereis substantialtime lapse

betweengalleryandprobeimages,theperformancefrom visible light imageshasbeenfound to

exceedthatfrom infra-redimages.In studieswith greatervariationin imagingconditions,suchas

might occuroutdoorswith time lapsebetweengalleryandprobe,theperformancefrom infra-red

imageshasbeenfoundto exceedthatfrom visible light.

Theimagedatasetsusedin thisresearchwill beavailabletootherresearchers.Seehttp://www.nd.edu/˜cvrl

for additionalinformation.
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