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Abstract

This papemresentsheresultsof severallarge-scalestudiesof facerecognitionemploying visible
light and infra-red (IR) imageryin the contet of principal componentanalysis. We nd that
in a scenarianvolving time lapsebetweengallery and probe,andrelatively controlledlighting,
(1) PCA-basedecognitionusingvisible light imagesoutperformsPCA-basedecognitionusing
infra-redimages,(2) the combinationof PCA-basedecognitionusingvisible light andinfra-red
imagerysubstantiallyoutperformseitheroneindividually. In a samesessiorscenario(i.e. near
simultaneouscquisitionof galleryandprobeimages)eithermodalityis signi cantly betterthan
the other Theseexperimentalresultsreinforceprior researctthat employed a smallerdataset,
presentinga corvincing agumentthat, evenacrossa broadexperimentalspectrumthe behaiors

enumeratedbore arevalid andconsistent.
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1 Intr oduction

IR cameragrovide a measureof thermalemissvity from the facial surfaceandtheirimagesare
relatively stableunderillumination variation[1]. Theanatomicainformationwhichis imagedby
infraredtechnologyinvolvessubsurécefeaturesbelievedto be uniqueto eachperson2], though
the twins imagesarenot necessarilysubstantiallydifferentasshavn in Figure 1. Thosefeatures
may be imagedat a distance,using passve infrared sensortechnology with or without the co-
operationof the subject. IR thereforeprovides a capability for identi cation underall lighting
conditionsincludingtotal darknesg$3]. Limitationsof IR camerassuchastheir resolutionseing

below thatof visible light spectruncamerasshouldalsobeacknaviedged[1].

Figurel: A pairof twins IR images

Facerecognitionin thethermallR domainhasrecevedrelatively little attentionin theliterature
in comparisorwith recognitionin visible light imagery Wilder etal. [4] demonstratethatboth
visible light andIR imageriesperformsimilarly acrossalgorithms. Early studiesby Socolinsky
etal. in[5], [6] and[7] suggesthat long-wave infraredimageryof humanfacesis not only a
valid biometric, but superiorto usingcomparablevisible light imagery However, the testingset
sizein thesestudiesis relatively small, the training and gallery are composedf disjoint setsof
imagesf thesamesubjectsandthereis nosubstantiatime lapsebetweergalleryandprobeimage
acquisition.Ourearlystudieq8] [9] [10] show thatrecognitionperformances substantiallypoorer
whenunknavn imagesareacquiredon a differentday from the enrolledimages.The FRVT 2002
coordinatorg11] reportthatfacerecognitionperformancelecreaseapproximatelylinearly with

elapsedime. Hence thetime-lapsassueis onereasorwhy [9] and[10] seemto be at oddswith



[5], [6], [7] and[12], sincethe formershowns that PCA-basedacerecognitionusingvisible light
imagerymay outperformthat usinginfraredimages. The following factorscould also contritute
to thediscrepancies:

1. Chenetal. [9] [10] manuallylocateeye-locationsin infraredimages. Socolinsk et al.
[5] [6] [7] [12] usea sensorcapableof imaging both modalitiessimultaneouslythrougha com-
mon aperturewhich enableghemto registerthe facewith reliablevisible light imagesinsteadof
infraredimages[10] shavsthatrelatively unreliablefaceregistrationdegradegerformancen IR.

2. Chenetal. [9] and[10] usedmuchhigherresolutionfor visible light sourceimageshanthe
infraredimages(240 320). Theresolutionsof visible light andinfraredimagesusedin [5], [6],
[7] and[12] areboth240 320.

3. Theremight be morevariationsof the facialappearancen [5], [6], [7] and[12] sincethe
imageswere recordedwhenthe subjectpronouncedrowels looking directly toward the camera,
while thesubjectsn [9] and[10] arerequiredto demonstratenly neutralandsmiling expressions.
Infraredfaceimagescould be moreinsensitve to facial expressionchange.More recentwork by
SelingerandSocolinslk [13] looksatissuef eye locationaccuray in visible-lightandinfra-red
imagesandat recognitionaccurag in the caseof outdoorimagerythatmay exhibit muchgreater
lighting variationthanthe indoorimageryin [4,5,6,7,8,9]. They nd thatalthougheyescannot
be detectedasreliably in thermalimagesasin visible ones,somefacerecognitionalgorithmscan
still achieve adequateoerformancg13]. They also nd that, while recognitionwith visible-light
imageryoutperformghatwith thermalimagerywhenbothgalleryandprobeimagesareacquired
indoors,if the probeimageor the galleryandprobeimagesareacquiredoutdoorsthenit appears
thatthe performanceossiblewith IR canexceedthatwith visible light.

This paperextendsour early researchanalyzingthe PCA algorithm performancen infrared
imagery includingtheimpactof illumination changefacial expressiorchangeandthe shortterm
(minutes)andmediumterm (daysor weeks)changan faceappearancdt alsopresent@ compar
ative studyemploying visible light imagery

Therestof this paperis organizedasfollows. Section2 describeghe datacollectionprocess



including the experimentalequipment,ervironmentalconditionsand the subjectspeci cations.
Our experimentalschemebasedon the PCA algorithmis presentedn section3. Section4 dis-

cusseghe datapreprocessingndits speci cations. Section5 summarizegshe PCA technique
from a patternrecognitionperspectie anddiscusseslistancemeasuresndtheir effect on recog-
nition performanceln Sectionss and7, we give theresultsof two mainrecognitionexperiments:
same-sessioandtime-lapserecognition. Section8 comparegecognitionperformancan same-
sessionandtime-lapse. We investigatethe effect of time dependeng on recognitionin Section
9. Performancesensitvity to eye centerlocationis studiedin Section10. Sincetrainingthe sub-
spacein the PCA algorithmis vital to recognitionperformancewe discussin Sectionl1 three
importantfactors:trainingbias,training setsizeandeigervectortuning. We exploretheimpactof

illumination changeandfacialexpressiorchangeon recognitionperformancen Section12. Com-
binationof visible light andinfraredimageriess exploredin Section13. Section14 compareshe

performancef PCA andacommerciaface-recognitiorlgorithm.We concludein Sectionl5.

2 Data Collection

Our databaseonsistsof 10916imagesper modality (visible light andIR) from 488 distinctsub-
jects. Most of the datawasacquiredat the University of Notre Dameduring the years2002and
2003,while 81 imagespermodalityfrom 81 distinctsubjectsvereacquiredoy EquinoxCorpora-
tion. SelingerandSocolinsk [6] describan detailtheacquisitionprocesof the datacollectedby
EquinoxCorporation.

Acquisitionswereheld weekly andmostsubjectgarticipatedmultiple timesacrossa number
of differentweeks. Infraredimageswere acquiredwith a Merlin uncooledlong-wavelengthin-
frared high-performanceamerat, which provided a real-time,60Hz, 12 bit digital datastream.
It is sensitve in the 7.0-14.0micron rangeand consistsof an uncooledfocal planearrayincor

poratinga 320 240 matrix of microbolometeidetectors.Three Smith-Mctor A120 lights with
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SylvaniaPhoto-ECAbulbs provided studiolighting. Thelights werelocatedapproximatelyeight
feetin front of the subject;onewasapproximatelyfour feetto the left, onewascentrallylocated
andonewaslocatedfour feetto theright. All threelightsweretrainedonthesubjectface.Theside
lightsandcentrallight areabout6 feetand7 feethigh, respectrely. Onelighting con gurationhad
the centrallight turnedoff andthe otherson. This will bereferredto 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
neutralexpressionwhich will be called“FA”, andthe otherimageis with a smiling expression,
which will be called“FB”. Dueto IR's opaquenest glass,we requiredall subjectsto remove
eyeglassesduring acquisition. Figure 2 (a) shaws four views of a single subjectin both visible
light andinfraredimageryacquiredat University of Notre Dame. Two imagesof a singlesubject
in visible light andinfraredimageryacquiredby EquinoxCorporationareillustratedin Figure2

(b). Theinfraredimagesshavn in this gure have contrastenhancedor display

3 Experimental Designs

Eachfacerecognitionexperimentis characterizethy threeimagesets.

a. Thetraining setis usedto form afacespacean which therecognitionis performed.

b. The gallery setcontainsthe setof “enrolled” imagesof the subjectso be recognizedand
eachimageis uniquelyassociateavith theidenti cation of adistinctsubjectin the set.

c. Theprobesetis asetof imagedo beidenti ed via matchingagainsthegallery. We employ
acloseduniverseassumptioni.e. eachprobeimagewill have acorrespondingnatchin thegallery.

In our experimentsthetrainingsetis disjointwith the galleryandprobesets(actually in most
of our experimentsthe training setwould not containary personan commonwith thosein the
gallery andprobeset), which makesthe performancevorsethanotherwise. This is to eliminate
ary biasthatmightbeintroducedn the eigenspacedueto subjectfactorsandmake the evaluation

of thefacerecognitionsystemmoreobjectve.
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Figure2: (a) Four views with differentlighting and expressionsn visible light andinfraredim-
agery acquiredat University of Notre Dame;(b) Two imagesof a single subjectin visible light
andinfraredimagery acquiredat EquinoxCorporation.



Accordingto the lighting and expressiorsituationwhenthe 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 thesubsequengxperimentausethevalid combinationof two subset®f the
imagedatabas@ndeachsetbelongso oneof thesefour cateyories.

Thethreeprimaryfacerecognitiontasksarelistedbelow [11]:

1. Verication: “Am | who | sayl am?” A personpresentgheir biometricand an identity
claim to a facerecognitionsystem. The systemthen compareghe presentecdiometric with a
storedbiometric of the claimedidentity. Basedon the resultsof comparingthe new and stored
biometric,the systemeitheracceptsr rejectstheclaim.

2. Identi cation: “Who am1?” An imageof anunknowvn personis providedto a system.We
assumehatthroughsomeothermethodwe know the personis in the databaseThe systemthen
comparesheunknovn imageto the databasef known people.

3. Watchlist: “Are you looking for me?” A facerecognitionsystemmust rst detectif an
individualis, or is not,onthewatchlist. If theindividualis onthewatchlist, thesystemmustthen
correctlyidentify theindividual.

Our work focuseson theidenti cation task. The main performancaneasurdor identi cation
systemss theability to identify a biometricsignatures owner. More speci cally, the performance
measureequalsthe percentagef queriesin which the correctanswercanbefoundin thetop few
matched15]. Identi cation of a probeimageyields a ranked setof matcheswith rank 1 being
thebestmatch.Resultsarepresentedscumulatve matchcharacteristi§CMC) curves,wherethe
x-axisdenotesarankthresholdandthey-axisis thefraction of probesthatyieldsa correctmatch
atranksequalto or lowerthanthethreshold.

By selectingmeaningfuldatasetsasthe pairs of galleriesand probes,we conductedseveral
experimentdo investigatefacerecognitionperformancen visible light andinfraredimagery We
requirethateachimageinvolvedin theexperimentusedin onemodalityshouldhave a counterpart

(acquiredat the sametime, underthe sameconditionandof the samesubject)in the othermodal-



ity. The PCA softwaresuiteusedin our experimentsvasdevelopedat ColoradoStateUniversity

(CSU)? andslightly modi ed by usto correctlyread12-bitinfraredimages.

4 Preprocessing

As veryfew existing softwareapplicationsanautomaticallyocateafacein theimageandhumans
generallyoutperforma computerin this task,we locatedfacesmanuallyby clicking with amouse
on the centerof eacheye. Figure 2 shaws that the featureson a humanfaceappeamorevague
in aninfraredimagethanthosein a visible light imageandthusthe registrationin the following
normalizationstepmight notbe asreliablein IR asin visible light images.

FromFigure2, we noticethatthebackgroundsomepossibletransformation®f theface(scal-
ing, rotationandtranslation)andsensoidependentariations(for example,automaticgaincontrol
calibrationandbadsensopoints)could underminethe recognitionperformanceThis impactcan
be minimizedby normalizationwhichis implementedn the CSUsoftware.

The CSU softwaresupportsseveralmetricsfor normalization:

a. Integer to oat corversion. After theimageis readfrom a le, it is corvertedto double
precision(64 bit) oating pointfor subsequeniagecalculations.

b. Geometricnormalization. This alignsimagessuchthatthe facesarethe samesize,in the
samepositionandatthe sameorientation.Speci cally, theimageis scaledandrotatedto make the
eye coordinatesoincidentwith prespeci edlocationsin the output.

c. Masking Maskingis usedto eliminatepartsof theimagethatarenot theface. Thisis to
ensurghatthefacerecognitionsystemdoesnot respondo featurescorrespondingo background,
hair, clothingetc. The CSUsystenusesanelliptical maskthatis centeredustbelow eye level and
obscureghe earsandsidesof theface. Thisis the samemaskasusedin the FERETexperiments
[14].

d. Histogramequalization.Histogramequalizatiomttemptgo normalizetheimagehistogram

2http://www.cs.colostate.edwalfacerec/



to reduceimagevariationdueto lighting andsensodifferences.

e. Pixelnormalization.Thisis to compensatéor brightnessandcontrastvariations.The CSU
codedoesthis by changingthe dynamicrangeof theimagessuchthatthe meanpixel valueis 0:0
andthe standardeviationis 1:0.

We found that the recognitionsystemperformsbestwhenturning on all the normalizations
above with default optionsanda, b, ¢, d ande appliedin order Othersettingsbring no signi cant
performancegainor yield evenworseperformance For example,we tried turning off histogram
equalizationconsideringhatthe original gray valueresponset a pixel is directly relatedto ther
mal emission ux and our algorithm might bene t mostfrom arraysof correspondinghermal
emissionvaluesratherthanarraysof grayvalues.Theresultturnedoutto beno betterthanturning

the histogramequalizatioron.

5 PCA Algorithm

The PCA methodwas rst describedfor faceimagerepresentatiooy Sirovich and Kirby [16]
andadaptedo facerecognitionby Turk andPentland17]. The facerecognitionsystemin our
experimentsshouldbeableto do thefollowing:

a. Derive a classi cationrule from thefaceimagesn thetrainingset;i.e. it shouldbe ableto
developadiscriminationtechniqueo separatémagesof differentsubjects.

b. Apply therulesto new faceimagesj.e. givenasetof new enrolledimagesasthegalleryand
asetof new unidenti edimagesasthe probe,it shouldbe ableto usethediscriminationtechnique

to mapeachprobeimageto onegalleryimage.

5.1 De nition

Givenatraining setof N imagesf x4; Xo; ::;; Xy @, all in R", taking valuesin ann dimensional

image,PCA nds alineartransformationVT mappingthe originaln dimensionaimagespace



intoanm dimensionafeaturespacewherem < n. Thenew featurevectorshave coordinates

Y = Wix k= 1;2:5N

whereW 2 R" ™ is amatrix with orthonormakolumns.We de ne thetotal scattematrix Sy as:

X
Sr= (% x )7 (1)

k=1

whereN isthenumberof trainingimagesand 2 R" isthesamplemeanof all images.Examples
of aninfraredimagetraining setandits samplemeanimageare shavn in Figure 3 (a) and(b),

respectrely.

Figure 3: (a) Training images: frontal IR imagesof eight differentsubjects. (b) Meanimage:
averageof the eightimagesin (a). (c) Eigenfices: principal componentsalculatedfrom (a) in
decreasingigervalueorder

After applyingthe linear transformatiorW 7, the scatterof the transformedfeaturevectors
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y1;Y2; 5 YN is WTSTW. In PCA the projectionW,, is choserto maximizethe determinanof

thetotal scattermatrix of the projectedsamplesi.e.
Wopt = argmaxy jW ' St Wj = [Wiwy:::wi]

wherew; = 1;2;::;;m is the setof n dimensionaleigervectorsof St correspondingo the m
largesteigervalues[6]. Sincetheseeigervectorsareface-like in appearancehenrearrangedo
thatthey follow the original imagepixel arrangementthey are commonlyreferredto as“eigen-
faces”. They arealsoreferredto as principal components.The Eigenfacemethod,which uses
principal componentsanalysisfor dimensionalityreduction,yields projectiondirectionsthat suc-
cessvely maximizethe total residualscatteracrossall classesj.e. all imagesof all faces[18].
Figure3 c shavsthetop seveneigenficesderivedfrom theinputimagesof Figure3 ain decreas-

ing eigervalueordet

5.2 DistanceMeasures

Any eigenficematchesnustemploy a measuref proximity in thefacespace . The“MahCosine”

(namedby the CSU software)andMahalanobiglistancearesimply the anglemetric[19]

Xy i Xi Y

dxy) = -’ = gzt
05V = i vi P e L2

i= 1=

andEuclideandistancemeasurg19]

e ..2 X( . .2
dix;y) = jix yiic= X Vi

i=1

appliedin theweightedspacerespectrely.

The CSU softwareimplementshe MahCosinemeasurethe classicaEuclideandistancemea-
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sureandthecity block distancaneasurg19]

We alsoimplementedhe Mahalanobislistancemeasurdor comparisorwith MahCosine.Based

oninitial experimentswe foundthatMahCosineofferedthe bestperformanceandsothis metric

d(x;y) = jx

is usedfor all resultsreportedn this paper

6 Same-sessioRecognition

Thetwo experimentsdescribedn this sectionuse’samesession’images.Thatis, thegalleryand
probeimagesweretakenwithin a minuteof eachotheratthe sameacquisitionsession.

In the rst experimentWe used82 distinctsubjectsandfour imagesfor eachsubjectacquired
within oneminutewith differentillumination andfacialexpressionsTheseimageswereacquired
duringspring2002. For eachvalid pair of galleryandprobesets,we computedherankl1 correct
matchpercentagandthe rank at which all the probeswerecorrectlymatched.They arereported
in Tablel. Eachentryin theleftmostcolumncorresponds$o a gallery set,andeachentryin the

top row correspond$o a probeset. The subspacéor Tablel wasderivedby using240imagesof

yj = jXi

240distinctsubjectsThesendividualsarenotin thegalleryor probeset.

Tablel: Thepercentagef correctlymatchedrobesatrankl andin parentheseshesmallestank
atwhichall probesarecorrectlymatchedor samesessionmecognitionin visible light (bottom)and

IR (top)

Xx
*Xxxy, Probel chi e | FAjLM | FBLF | FBILM
Gallery X X xx
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)
FBILF 0.96(4) | 0.95(39) 1.00(1)
0.95(6) | 1.00(1) 1.00(1)
FBLM 0.98(2) | 0.96(19) | 1.00(1)
0.89(17) | 0.98(3) | 0.98(3)
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Table 1 shows thatthereis no consistentdifferencebetweenthe performanceof visible light
andIR. IR is betterin six instancesyisible light is betterin four instancesandthey arethe same
in two instances.The overall performancdor samesessiorrecognitionis high for both IR and
visible light, andsoit is possiblethatsome“ceiling effect” could make it dif cult to obsenre ary
truedifferencethatmight exist.

Figure4 shavstheworstmis-matchesor visible light andIR, i.e. the probeimage thecorrect

matchandtherank-onematch.

probe correctmatch rank-onematch
(a)visible light image

probe correctmatch rank-onematch
(b)IRimage

Figure4: Worstmatchexamples

A similarsame-sessioexperimentusing319distinctsubjectsaandfourimagedor eachsubject
acquiredwithin oneminuteduring spring2003with differentillumination andfacial expressions
is conductedandreportedin Table2. The facespacefor this experimentwas derived by using
oneimagefor eachof 488distinctsubjectsandall eigervectorswereretained.Of the488training
images319(FAjLF) comefrom spring2003,which meanghatthegalleryandprobesetsof some
subeperimentoverlapwith thetrainingset. The performancef the subexperimentsn whichthe

probesetis FAjLF shouldbeignored,becausgrobesetandtrainingsetmustbedisjoint for afair
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comparison[1PR

o
Gaﬁ;;( Xf ;":j FAJLF | FAjLM | FBiLF | 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)
FBILF N/A | 0.80(231) 0.84(286)
N/A | 0.94(220) 0.96(110)

FBILM N/A | 0.83(312)| 0.84(287)

N/A | 0.93(212) | 0.96(97)

Table2: Thepercentagef correctlymatchedorobesatrankl andin parentheseshesmallestank
atwhichall probesarecorrectlymatchedor samesessiomecognitionin visible light (bottom)and
IR (top), usingSpring2003data

A striking differencefrom the previous same-sessiorecognitionresultis the muchlower per
formanceof infraredfacerecognition.The comparablexperimentusingvisible light imagesstill
achiezesvery goodperformanceyivenareasonablyarge facespace Apparently thevisible light
facerecognitionperformancealegradesslightly whenthe expression®f the galleryandprobeim-
agesaredifferent.

SelingerandSocolinsk have looked at automatedye locationin visible-light versusthermal
imagery[13]. They nd thatalthoughthe error increasefrom visible to LWIR is large, LWIR
valuesstill staywithin 15% of the eye size, quite a reasonabldound[13]. Their recognition
experimentsarebasedn evaluatingrecognitionperformancaisinga 40-framevideo sequencas

input, potentiallycomplicatinga directcomparisorof recognitionresults.

7 Time-lapseRecognition

Experimentsn which thereis substantiatime passagdetweergallery andprobeimageacquisi-
tionsis referredto astime-lapserecognition.
Our rst experimentof thistype usesheimagesacquiredn tenacquisitionsession®f Spring

2002.In thetenacquisitionsessionstherewere64,68,64,57,49,56,54,54,60,and44 subjects.
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Figure5 shaws the visible light and IR imagesof one subjectacrossl0 differentweeks,which
suggestshattheremaybe moreapparentariability, on averagejn the IR imagesof apersonthan
in thevisible light images.For example,notethevariationin IR imagesn the cheeksandtemples
betweenweeks9 and 10, or betweenthe bridge and sidesof the nosein differentIR images.
Otherresearch{20] hascon rmed that thereis variability in facial IR imagesdueto startling,
gum-cheving, etc. Morerecently Socolinsly etal. [21][22] have replicatedour basicearlyresult
[10][9] of lower IR performancen thetime-lapseaxperiments.

The scenariofor this recognitionis a typical enroll-onceidenti cation setup. Thereare 16
subeperimentsdasedon the exhaustve combinationf gallery andprobesetsgiventhe images
of the rst sessiorunderaspeci c lighting andexpressiorconditionasthegalleryandtheimages
of all the later sessionsindera speci c lighting and expressionconditionasthe probe. Thatis,
eachgallerysethas64 imagedrom sessiorl, andeachprobesethas431limagesrom session2-
10. Therank-1correctmatchpercentagearegivenin Table3. For eachsubjectn oneexperiment,
thereis oneenrolledgalleryimageandup to nine probeimages,eachacquiredin a distinctlater

sessionThesamefacespacds usedasin the rst “same-session&periments.

o
Ga>l(lé(r;( xxf;"sj FAJLM | FAJLF | FBLM | FBiLF
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)

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

FBILF 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 correctmatchpercentagéor time-lapserecognitionin visible light (bottom)and
IR (top). Row indicatesgalleryandcolumnindicatesprobe.

For IR, Table 3 illustratesa striking differencein performancerelative to the same-session
recognitionresultsshavn in Tablel. Visible light imageryoutperformdR in 12 of the 16 cases,
with IR andyvisible light the samein anothertwo. Therank1 correctmatchratefor IR dropsby

15%to 20%. The mostobviousreasoris thatthe elapsedime causedsigni cant changesn the

15



(a) Weekl (b) Week?2

(a) Week3 (b) Week4
(a) Week5 (b) Week6
(a) Week7 (b) Week8
(a) Week9 (b) Week10

Figure5: NormalizedFAjLM faceimagesof onesubjectin visible light andIR acrosslOweeks.
16



thermalpatternsof the samesubject.Table3 alsoshavs thatthe performancealegradedor visible
light imagerycomparedvith thatin same-sessiorecognition.

For onetime-lapserecognitionwith FAjLF imagesin the rst sessiomasthe gallery setand
FA]jLF imagesn thesecondo thetenthsessiongasthe probeset,we illustratethe matchandnon-
matchdistancedistributionsin Figure 6 andFigure 7. The score(distanceyangesrom 1:0to
1.0 sincewe usethe "MahCosine”distancemetric. The matchscorehistogramis the distribution
of distancedetweertheprobeimagesandtheir correctgallerymatchesThenon-matchscorehis-
togramis thedistribution of distancedetweerthe probeimagesandall theirfalsegallerymatches.
Essentially the matchscoredistribution depictsthe within-classdifference while the non-match
scoredistributionrepresentthebetween-clasdifference Hence for anidealfacerecognitionthe
matchscoresshouldbe assmallaspossibleandthe non-matchscoresshouldbe muchlargerthan
thematchscoresandthey shouldnt overlap.In thisexperimentthereis signi cant overlappingfor
bothIR anduvisible light, which accountdor theincorrectmatches.The matchscoredistribution
for visible light is moreat the smallerdistanceareathanthatfor IR, i.e. thewithin-classdifference
for visible light imagesis smallerthanthatfor IR images.The non-matchscoredistributionsfor
thesetwo modalitiesareaboutthe samej.e. the betweerclassdifferencesaresimilar. Thus,visi-
ble light imageryperformsbetterthanIR in this setup.Note thatour experimentalketupincludes
relatively minimallighting variations.If moredrasticlighting variationwasconsideredtheresults
couldwell bedifferent.For example,in the extremecaseof no ambientlight, onewould naturally

expectIR to performbetter

Anothersimilar time-lapseexperimentusingtheimagesacquiredn 12 acquisitionsession®f
Spring2003is conductecndtheresultsarereportedn Table4. Thefacespacdor thisexperiment
is the sameasthatusedin the secondsame-sessioaxperiment.

As is thecasewith the rst time-lapsesxperimentthe performancevith IR imagesdropssub-
stantiallyin comparisorto the same-sessioperformanceshovn in Table 2: therank 1 correct

matchratedropsby 15%to 30%. The mostobviousreasons thatthe elapsedime causedigni -
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Figure6: Matchandnon-matchscoredistributionsfor onetime-lapseecognitionin IR, darkcolor
barsrepresentorrectmatch,light color barsrepresenincorrectmatch

Figure7: Matchandnon-matchscoredistributionsfor onetime-lapserecognitionin visible light,
darkcolor barsrepresentorrectmatch,light color barsrepresenincorrectmatch
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o
Gaﬁ;;x XE;OE: FAjLM | FAJLF | FBjLM | FBLF
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)

FBILF 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 correctmatchpercentagéor time-lapserecognitionin visible light (bottom)and
IR (top). Row indicatesgalleryandcolumnindicatesprobe.
cantchangeamongthermalpatternof the samesubject.In addition,the overalllow performance
for infraredfacerecognitionis dueto theunreliableregistrationof theeye centergdliscussedh last
section.Table4 alsoshavsthatthe performancelegradedor visible light imagerycomparedvith
thatin same-sessiorecognition.Visible light imageryoutperformdR in eachsubeperimentand

performsbetterwhenthe expressionsn galleryandprobearethe same.

8 Same-sessionersusTime-lapse

This experimenttries to make a more direct comparisorof performancen the same-sessioand
time-lapsescenariosThis studyusesoneprobefor eachgalleryimage. The gallery sets(FAjLF)
are the samein same-sessiorecognitionand time-lapserecognition. The probesetfor same-
sessiomrecognitionis madeup of images(FAjLM) acquiredat aboutthe sametime (lessthanone
minute difference)asthe probe. The probesetfor time-lapserecognitionis madeup of images
(FAjLM) acquiredn differentweeksfrom whenthegalleryimageswereacquired.Thefacespace
is thesameasthe oneusedin the rst "same-session&xperiments.

We conducte® experimentsof differenttime delaysfor time-lapserecognitionandfor each
thereis a correspondingsame-sessiorecognitionexperimentfor comparison. The numberof
galleryandprobepairsfor eachtime delayis 55,58, 48,45,47,48,48,50,and32.

Figure8 shavstheresultsfor visible light andIR. For bothmodalities the samesessiomrecog-
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nition outperformstime-lapserecognitionsigni cantly. Note that for same-sessiorecognition
thereis no clearadvantagebetweenR andvisible light. However, in time-lapserecognitionvisi-
ble light generallyoutperformdR. The lower performanceluringweek10 in time-lapsescenario

might be dueto the smallsizeof the probeset,which makesit not statisticallysigni cant.

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

9 Assessmenbf Time Dependency

The facespaceusedin the experimentsof this sectionis the sameasthe spaceusedin the rst
"same-session&xperiment.The rst experiments designedo revealary obviouseffect of short-
termelapsedime betweergalleryandprobeacquisitionon performanceTheexperimentconsists
of ninesub-eperimentsThegallerysetis FAjLF imagesf sessiorl. Eachof theprobesvasaset
of FAjLF imagegakenwithin asinglesessioraftersessiorl (i.e. sub-&perimentl usedsessior?
imagesn its probessub-eperiment2 usedsessiorB for its probesandsoforth). Figure9 shavs
the histogramof the ninerank-1correctmatchratesfor thenine sub-experimentsn IR andvisible

light imagery The gure shaows differencesn performancedrom weekto week, but thereis no
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clearlydiscernibletrendovertimein theresults.All therank 1 correctmatchratesin visible light
imageryarehigherthanin IR. We alsoconducteca more statisticallymeaningfulexperimentby
averagingtheresultsof every possibleexperimentin the context of aspeci ¢ time delayi.e. to get
theresultfor aoneweekdelay we usedweekl dataasgalleryimagesweek?2 astheprobe ,week

2 asgalleryandweek3 asprobe,etc. Thereis no obviously identi able trendin this caseeithet
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095 — B

0.9 _ 4

0.85- q

0.8 B

0.75- q

0.7 4

0.65 q

Rank-1 correct match percentage

0.6 q

0.55F 4

05 I I I I I I L I
1 2 4 5 6 7 8 9 10

Delay in weeks between gallery and probe acquisition

Figure9: Rank-1correctmatchratefor 10 differentdelaysbetweergalleryandprobeacquisition
in visible light andIR

Anotherexperimentwasdesignedo examinethe performanceof the facerecognitionsystem
with a constantielayof oneweekbetweergalleryandprobeacquisitionslt consistof ninesub-
experiments:the rst usedimagesfrom sessiorl asa galleryandsessior? asprobe,the second
usedsessior? asgallery andsessior3 asprobeandsoon. All imageswereFAjLF. Therank1
correctmatchratesfor this batchof experimentsappeaiin Figure 10. We notean overall higher
level of performancewith oneweekof time lapsethanwith largeramountsof time. The visible
light imageryoutperformdR in 7 of the 8 sub-eperiments.

Togethemwith thetime-lapsaecognitionexperimentin Section7, theseexperimentsshaw that
delaybetweeracquisitionof galleryandprobeimagescausesecognitionperformanceo degrade.

Theoneoverall surprisingresultfrom theseexperimentss thatvisible light imageryoutperforms
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Figure 10: Rank-1correctmatchrate for experimentswith gallery and probe separatedy one
weekin visible light andIR

IR in the context of time-lapse.

10 Sensitvity to Eye Center Location

We manuallylocatedeye centersin visible light andIR imagesfor normalization. It is possible
thattheerrorsin eye centerlocationcouldaffecttherecognitionperformancaelifferentlyin visible
light andIR, especiallyconsideringhatthe IR imageryis morevaguethanvisible light imagery
andthe original resolutionfor IR is 320x 240versus1600x1200or the visible light image. This
is potentiallyanimportantissuewhencomparinghe performancef IR andvisible light imagery

We did a randomreplacemenbf the currentmanually-markdeye centersoy anotherpointin
a 3x3 (pixel) window, whichis centeredat themanually-markdposition. Thisis very closeto the
possiblehumanerror whenimagesare truthwritten. The time-lapserecognitionresultsby using
imagesnormalizedwith therandomlyperturbeceye centersareshavn in Table5.

When Table5 and Table 3 are comparedone conclusionis that IR is more sensitve to eye

centerlocations. The correctrecognitionratesdrop signi cantly comparedo the performance
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wherethe manuallylocatedeye centersareused.For visible light imageryin time-lapsescenario,
the performancealecreasés at mostslight. This suggestshatmarkingeye centersan IR mightbe
harderto do accuratelythanmarkingeye centerdan visible light, andthatthis might have affected
IR accurag relative to visible light accurag in our experiments. Selingerand Socolinsk [13]

look at automatedeye centerlocationandalsoreport nding greatererror for thermalimagery
thanfor visible-lightimagery However, they also nd relatively smallerdifferencesn recognition

performancehanwe found, althoughdifferencesn datasetand algorithm complicatea direct

comparison.

o
Gaﬁ;;( xf;":j FAJLM | FAJLF | FBLM | FBiLF
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)
FBLM 0.64(61) | 0.67(60) | 0.65(62) | 0.69(57)
0.75(56) | 0.81(45) | 0.86(49) | 0.84(50)
FBILF 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 correctmatchpercentagdor time-lapserecognitionin IR (top) andvisible light
(bottom). Eye centeris randomlyreplacedby a point in a 3x3 window thatis centeredat the
manually-locateaye center

11 Training SetEffects

Thediscussiorof this sectionassumethatthetrainingsetdiffersfrom thegalleryset. Thetraining
setde nes the subspaceén which recognitionwill be performed. While the lack of exploitation
of classlabelinformationmeansthat PCA doesnot enforcegood separabilityamongclassesan
implicit assumptiorof the techniquds thatbetween-subjeatariationis muchlargerthanwithin-
subjectvariation,i.e. thatsubjectsarewell clusteredn the projectionspaceandwell separated

from othersubjectclusters. PCAs propertyof variancemaximizationfor a x ed dimensionun-
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derthe basisorthonormalityconstrainttendsto presere classseparation.If trainingimagesare
representatie of the subjectclassesseparabilitybetweensubjectsin the gallery shouldalsobe
presered. Hence,PCA canbe arguedto provide an efcient representatiorior imageswhile
preservingseparability

Trainingsetsizedetermineshe dimensionalityof the subspaceApparently themoresparsely
thegalleryimagesaredistributed,the higherseparabilitytherecognitionsystemcanachiere. Gen-
erally, by increasinghe dimensionalitytheimagesshouldbe moresparselydistributed.

Hence,therearetwo scheme®f selectingtraining setsto enhanceaecognitionperformance.
Oneisto makethetrainingsetmorerepresentatie of thegallery;theotheris to enlagethetraining
setsizein orderto increasdhedimensionalityof the subspace.

Therearetwo kinds of biasassociatedvith training setdesign. One magni es within-class
variancewhich coulddegradethe performancethatis, therecognitionsystendevelopsa harmful
separabilitythat spreadout the instancef the samesubjectin the facespace. The otherbias
canenhanceahe separabilityandimprove the performancef thetraining setincludesgalleryim-
ages(subjects)the recognitionsystemcanspeciallymaximizethe varianceof theimagesin the
gallery, which of courseprovideshigh performanceayiventhesamesizeof trainingset,but it is not
guaranteedo work well whenappliedto a new gallery. In otherwords, it is not possiblein real
applicationsHence thetwo biasesarebothundesirable.

If thereareN > 2 imagesn thetrainingsetthenSy in Equationl hasrank

r=min(n;N 1) (2)

wheren is theimagespacedimensionandonly r uniqueeigervectorscanbe extractedfrom Sr.
This meansthat the subspacen which the N imagesare mostseparateds r dimensional. By
increasinghe sizeof thetraining set,the maximumfeaturespacedimensiongrowns. This means
thatthe training setbecomesnoreandmoresparseldistributedif we retainall the eigervectors

to spanthe subspacelt is particularlyusefulto our experimentaldesign,which mapseachprobe
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imageto onegalleryimagebasedn their distancesn thefacespace.

For onetime-lapserecognitionwith FAjLF imagesin the rst sessiomasthe gallery setand
FA]jLF imagesin the secondo the tenthsessionssthe probeset,we examinedthe eigervector
selectiorresultsfor IR andvisible light images.

For IR, we nd thatdroppingary of the rst 10 eigervectorswill degradethe performanceA
possiblereasonis thatin IR faceimagesthereis no signi cant irrelevantvariancelik e the light-
ing in visible light imagesandthe rst eigervectorscanwell describethe true variancebetween
images.Whenretaining94% of eigervectorsby removing the lasteigervectors the performance
reachesmaximum performanceof 82.8%, comparedwith 81.2% when all eigervectorsare re-
tained.This shavs thattheselasteigervectorsencodenoiseonly.

For visiblelight, droppingthe rst 2 eigervectorsncreasesheperformanceéo apeakof 92.6%
from 91.4%. It is possiblethat somesigni cant irrelevant variance like lighting, is encodedn
theseeigervectors.With thesetwo eigervectorsdroppedWe nd thatretainingabout80% of the
eigervectorsby removing the last eigervectorsmakesthe performancencreaseo 94.4%,which

shows thatthesdasteigervectorsarenoisyandunderminehe performance.

12 Statistical Teston Conditions

In Table3, probepairsof differing facialexpressionsandlighting conditionsareanalyzedor illu-
minationandfacial expressionmpact. Pairswith the samefacial expressiorbut differentlighting
conditionrevealtheilluminationimpactgivenagalleryof thesamefacialexpressionsPairs of the
samelighting conditionbut variedfacial expressiorgeneratdacial expressionmpactin a gallery
of constantlighting conditions. Essentially we make a comparisonof the responseof matched
pairs of subjects,usingdichotomousscales,i.e. subjectsare groupedinto only two catejories,

correct/incorrecimatchatrank1. Hencewe chooseMicNemars test[23].
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12.1 lllumination Impact

Thenull hypothesidi is thatthere is no differencein performanceébasedon whetherthelighting
conditionfor theprobeimage acquisitionis matdedto thelighting conditionfor thegalleryimage
acquisition The corresponding valuesare reportedin Table 6. For IR, what we obsened
is very likely if the null hypothesisveretrue andthe associatiorbetweenFERET and mugshot
lighting conditionsfor the probeimagesis NOT signi cant. Therealsois no evidenceto reject
the hypothesidor visible-lightimagery Perhapghe mostobviousreasonis the relatively small
differencebetweenthe FERET and the mugshotlighting conditions. Both representontrolled

indoorlighting.

Gallery | Probepair | p-value
FAJLM | FAjLM 0.55
FAjLF 0.18
FAJLF | FAjLM 0.50
FAjLF 0.85
FB|LM | FBjLM 0.50
FBjLF 0.32
FBjLF | FBjLM 0.51
FBjLF 0.47

Table6: p-valuesof McNemarstestfor theimpactof lighting changan visible light (bottom)and
IR (top)

12.2 Facial Expressionimpact

The null hypothesisHj is thatthere is no differencein performancebasedon whetherthe facial
expressionfor the probeimage acquisitionis matthedto the facial expressionfor the gallery im-
age acquisition Thecorresponding valuesarereportedn Table7. For visiblelight imagery all
p valuesare0, which meanghatthe null hypothesiss unlikely to betrue accordingto whatwe
obsenred,i.e. the performancas highly dependenbn whetherthe facial expressiorfor the probe
imageacquisitionis matchedo the facial expressiorfor the galleryimageacquisition.For IR in
the groupwhich usedneutralexpressionas gallery, we have the sameconclusionasthe visible

light imagery But for IR with a smiling expressiorasgallery, we failedto rejectthe hypothesis,
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which meangheexpressiorchangampactmay not be signi cant in this scenario.

Gallery | Probepair | p-value
FAJLM | FAjLM 0.01
FBjLM 0.00
FAJLF | FAjLF 0.00
FBjLF 0.00
FB|LM | FBjLM 0.23
FAjLM 0.00
FBjLF | FBjLF 0.92
FAjLF 0.00

Table7: p-valuesof McNemars testfor theimpactof expressiorchangen visible light (bottom)
andIR (top)

13 Combination of Visible Light and IR

Table3 shavsthatvisible light imageryis betterthanIR in time-lapsedecognition but the setsof
mismatchegrobesof thetwo classi ersdo not necessarilyoverlap. This suggestshatthesetwo
modalitiespotentially offer complementarynformation aboutthe probeto be identi ed, which
couldimprove the performance.lt is possibleto realizesensorfusion on differentlevels: sensor
datalevel fusion,featurevectorlevel fusion,anddecisionlevel fusion[24]. Sincetheseclassi ers
yield decisionrankingsasresults we considerthatfusionon the decisionlevel hasmorepotential
applications Our fusionprocesss dividedinto the following two stageg24]:

1. Transformatiorof thescore

If thescorefunctionsyield valueswhich arenotdirectly comparablefor example thedistance
in infraredfacespaceandthedistancdan visible light facespaceatransformatiorstepis required.
Thereexist severalscoretransformatiormethodssuchaslinear, logarithmicandexponential. The
purposeof thesetransformationss , rst, to mapthe scoresto the samerangeof values,and,
secondjo changethe distribution of the scores.For example,thelogarithmictransformatiorputs

strongemphasi®nthetop ranks ,whereasowerrankedscoresywhich aretransformedo very high
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values,have a quickly decreasingn uence. Thisis particularlytruein our experimentssincethe
top few matchesaremorereliablethanthelaterones.

2. Combinatiorandreordering

For every classin the combinationset,a combinationrule is appliedandthe classesarere-
orderedin orderto geta new ranking. Kittler et al. [25] concludethat the combinationrule
developedunderthemostrestrictve assumptionghesumrule, outperformedtherclassi ercom-
bination schemesand so we have usedthe sum rule for combinationin our experiments. We
implementedwo combinationstrat@ies, rank basedstrategies and scorebasedstratgies. The
formeris to computethe sumof therankfor every classin thecombinationset. The classwith the
lowestranksumwill bethe rst choiceof the combinationclassi er. Thoughthe scoretransfor
mationis primarily thoughtfor the manipulationof the scorebasedstratayies,it maybeappliedto
theranks(interpretedasscoresn this case)too. In thisway it is possibleto changethein uence
of the rankssigni cantly. The scorebasedstratgy is to computethe sumof the score(distance)
for eachclassandchoosehe classwith thelowestsumscoreasthe rst match.

We rst usedanunweightedankbasedstratgy for combination.This approachs to compute
the sumof therankfor every galleryimage.On average for eachprobethereare10-20ranksum
ties (64 galleryimages).Sincethevisible light imageryis morereliablebasedn our experiments
in the context of time-lapsewe usethe rank of thevisible light imageryto breakthetie. Thetop
of eachitem in Table 8 shavs the combinationresultsusingthis approach.Only in 2 out of 16
instancess thevisible light aloneslightly betterthanthe combination.The combinationclassi er
outperformdR andvisible light in all the othercases.

For eachindividual classi er (IR or visible light), the rank at which all probesare correctly
identi ed is far beforerank 64 (64 galleryimages).Hence the rst severalranksaremoreuseful
thanthe later ranks. We logarithmicallytransformedhe ranksbeforecombinationto put strong
emphasignthe rst ranksandhavethelaterrankshave aquickly decreasingn uence. Themiddle
of eachitemin Table8 shavstheresultsof this approachThe combineroutperformsvisible light

andIR in all the sub-e&perimentsandis betterthanthe combinerwithout ranktransformation.
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Secondwe implementeda scorebasedstratey. We usethe distancebetweenhe galleryand
probein thefacespaceasthe score,which providesthe combinerwith someadditionalinforma-
tion thatis not availablein the rank basedmethod. It is necessaryo transformthe distancedo
make themcomparablesincewe usedtwo differentfacespacedor IR andvisible light. We used
lineartransformationywhich mapsa scores in arangeof | ¢ = [smin; smax] to a targetrangeof
| 0 = [0; 100] Thenwe computethesumof thetransformediistancegor eachgalleryandtheone
with thesmallessumof distancewvill bethe rst match.Thebottomentryof eachitemin Table8
shavs theresults. The scorebasedstrateg)y outperformsherank basedstratgy andimprovesthe
performancesigni cantly comparedvith eitherof theindividual classi ers(IR andvisible light).
This shaws thatit is desirableto have knowledgeaboutthe distribution of the distancesandthe
discriminationability basednthedistanceor eachindividual classi er (IR or visible light). This
allows usto changethe distribution of the scoresmeaningfullyby transformingthe distancede-
fore combination.This combinationstratey is similar to thatusedby Changetal. [26] in astudy

of 2D and3D facerecognition.

o
Ga>l(lé<r;( xxf;"sj FAJLM | FAJLF | FBLM | FBiLF
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)

FBILM 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)

FBILF 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 correctmatchpercentagéor time-lapserecognitionof combiningIR andvisible
light. Top: simple rank basedstratgy; Middle: rank basedstratgy with rank transformation;
Bottom: scorebasedstratgy. Row indicatesgalleryandcolumnindicatesprobe.

A similar experimentusing spring 2003 dataas the testingimageswas conductedapplying
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score-basedtratgy andthe resultis reportedin Table 9. Again, it improvesthe performance

signi cantly comparedvith eitherof theindividual classi ers(IR andvisible light).

o
Gaﬁ;; XXy f;osj FAjLM | FAJLF | FBjLM | FBLF
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)
EBiLM 0.85(101) | 0.85(106) | 0.87(99) | 0.87(73)
FBILF 0.82(120) | 0.86(84) | 0.87(119)| 0.87(93)

Table9: Rank1 correctmatchpercentagéor time-lapserecognitionof combiningIR andvisible
light usingscorebasedstratayy.

Multi-modalities versusmulti-samples

Froma costperspectie, a multiple sampleapproach(multiple samplesof the samemaodality;
e.g. two visible light faceimages)will mostlikely be cheapetthana multiple modalapproach
(visible light andinfrared). Hence,it is particularlyimportantto determineif a multiple modal
approachis superiorto a multiple sampleapproachfor performance.The following experiment
shaws thatthe improvementby combiningvisible light andinfraredmodalitiesis not due purely
to usingmultiple probeimages.

For onetime-lapseexperiment,we usetwo probeimagesper modality andcombinethe deci-

sionsusinga scorebasedstrateyy. Theresultsis shavn in Table10.

Modality » Condition| Eaii M | FBILF | FAJLF | FAJLM + | FAJLM
FBILF | FAJLF

IR 092 | 073 | 092 | 090 | 093

Visible 081 | 073 | 082 | 085 | 085

IR + Visible 095 | 097 | 090 | NA | NA

Table10: Top matchscoresof onetime-lapsesxperimentusingoneandtwo probeimagesthetwo
probeimageseithercomefrom two differentmodalities(IR + Visible) or from the samemodality
but undertwo differentconditions(FAjLM + FBjLF andFAjLM + FA|LF).

Notice that the performancds worsefor combiningFAjLM and FBjLF than FAJLM alone.
For infrared, the top matchscorefor combiningFAjLM andFBjLF probesis 0.85,and0.85for
combiningFAjLM and FAjLF. The scoresfor FAjLM, FBjLF and FAjLF aloneare0.81,0.73
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and0.82, respectrely. The scoresfor combininginfraredandvisible light (alsotwo probes)in
FAjLM, FAjLF andFBjLF are0.95,0.97and0.90,respectrely, whicharesigni cantly betterthan

combiningtwo probesof the samemodality.

14 Comparisonof PCA and Facelt

Facelt® is acommerciaface-recognitiomlgorithmthat performedwell in the 2002 FaceRecog-
nition VendorTest[27. We useFaceltresultsto illustrate the importanceof combinedIR-plus-
visible-light facerecognition. We usedFaceltG3 and G5 technologies.The latter is the latest
version.

Figure 11 shows the CMC curvesfor a time-lapserecognitionwith FAjLF imagesin the rst
sessiorasthe gallery setand FBjLM imagesin the secondo the tenthsessionsasthe probeset
by Faceltand PCA. Note that the fusion methodis score-basedWe notice that Facelt G3 and
G5 outperformPCA in visible light imageryandIR individually. However, the fusion of IR and
visible light caneasilyoutperformseithermodality aloneby PCA or FaceltG3. We shouldtake
into accountthe training setPCA usedwhenmakingthis comparison.Given an extremelylarge
unbiasedraining setwhich is not often practicalor ef cient, PCA might eventually outperform

Faceltin visible light imagery

15 Conclusions

In samesessionrecognition, neithermodality is clearly signi cantly betterthan the other In
time-lapserecognition,the correctmatchrate at rank 1 decreasedor both visible light andIR.
In general delaybetweeracquisitionof galleryandprobeimagescausegecognitionsystemper
formanceto degradenoticeablyrelative to same-sessiorecognition.More thanoneweek's delay

yieldedpoorerperformancehana singleweek's delay However, thereis no cleartrend,basecn

Shttp://www.identix.com/products/
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Figurell: CMC curvesof time-lapseaecognitionusingPCA andFaceltin visible light andIR

thedatain this study thatrelatesthe sizeof the delayto the performancealecreaseA longerterm
study may reveal a clearerrelationship. In this regard, seethe resultsof the Face Recognition
VendorTest2002[27].

In time-lapserecognitionexperimentswe foundthat: (1) PCA-basedecognitionusingvisi-
ble light imagesperformedbetterthan PCA-basedecognitionusingIR images,(2) Facelt-based
recognitionusingvisible light imagesoutperformed®CA-basedecognitionon visible light im-
ages,PCA-basedecognitionon IR images,andthe combinationof PCA-basedecognitionon
visible light andPCA-basedecognitionon IR images.

Perhapghe mostinterestingconclusionsuggestedy our experimentalresultsis thatvisible
light imageryoutperformdR imagerywhentheprobeimageis acquiredatasubstantiatime lapse
from the galleryimage. This is a distinct differencebetweenour resultsandthoseof others[4]
[5] [6], in the context of galleryandprobeimagesacquiredat nearlythe sametime. The issueof
variability in IR imageryovertime certainlydeseresadditionalstudy Thisis especiallyimportant
becausanostexperimentalresultsreportedin the literatureare closerto a same-sessioscenario
thana time-lapsescenarioyet a time-lapsescenariamay be morerelevantto mostimaginedap-

plications.
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Ourexperimentafesultsalsoshawv thatthecombinatiorof IR plusvisiblelight canoutperform
either IR or visible light alone. We nd thata combinationmethodthat considersthe distance
valuesperformsbetterthanonethatonly considerganks.

Thelik ely reasorfor thesucces®f thetechniquestemsrom thefactthatfacerecognitionsys-
temsdependnaccuratdocalizationof facialfeaturesin particulartheeyes. Theincorporationof
multiple imageseffectively reducedocalizationerrorsvia averaging.Systemsasedn eigenfice
techniquesnayreapmorebene t from suchinformationthanotherpublishedalgorithmssuchas
LFA [28]. It becomes bottle-neckfor infraredfacerecognitiondueto the low imageresolution
andvagueinfraredimagery

One could perhapshecomeconfusedover the variousrelative recognitionratesreportedfor
visible light andinfra-red imaging. The following shouldbe an accuratesummaryof what is
known from variousexperimentalresults. Two key elementf experimentaldesignto consider
are(a) whetheror notthereis time lapsebetweerthe galleryandprobeimagesand(b) thedegree
of lighting variationbetweengallery and probeimages. In studiesthat userelatively controlled
indoorimagingconditions andfor whichthereis notime lapsebetweergalleryandprobeimages,
theperformancdrom visible andinfra-redhasbeenfoundto beroughlyequvalent.In studieshat
userelatively controlledindoorimagingconditions,andfor which thereis substantiatime lapse
betweengallery and probeimages the performancdrom visible light imageshasbeenfound to
exceedthatfrom infra-redimages.In studieswith greatewariationin imagingconditions suchas
might occuroutdoorswith time lapsebetweergallery andprobe,the performancdrom infra-red
imageshasbeenfoundto exceedthatfrom visible light.

Theimagedatasetsusedn thisresearchwill beavailableto otherresearchersSeehttp://wwwnd.edu/ cvrl

for additionalinformation.
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