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Abstract

This paper presentsa methodfor face recaynition across
large changesin viewpoint. Our methods basedon a Mor-
phableModel of 3D facesthat representdace-speci cin-
formationextractedfroma datasetf 3D scans.

For non-frontal facerecagnition in 2D still images, the
MorphableModelcanbe incorporatedin two differentap-
proadhes: In the r st, it servesas a preprocessingstepby
estimatingthe 3D shapeof novel facesfromthe non-frontal
input images, and generting frontal views of the recon-
structedfacesat a standad illuminationusing3D computer
graphics. Thetransformedmagesare thenfed into state-
of-the-art face recanition systemghat are optimizedfor
frontal views. This methodwas shownto be extremelyef-
fectivein the FaceRecgnition VendorTestFRVT 2002.

In the processof estimatingthe 3D shapeof a facefrom
an image, a setof modelcoefcients are estimated.In the
secondnethodfacerecanitionis performeddirectlyfrom
thesecoefcients. In this paperwe explain the algorithm
usedto preprocessthe imagesin FRVT 2002, presentad-
ditional FRVT 2002 results,and compae theseresultsto
recaynition fromthe modelcoefcients.

1. Intr oduction

Most state-of-the-artface recognition systemsare opti-
mizedfor frontal views of facesonly, andtheir performance
dropssigni cantly if thefacesn theinputimagesareshovn
from non-frontalviewpoints. Changesn viewpoint, how-
ever, areencounteredh mary real-world applicationsand
facerecognitionfrom non-frontalviewpointsis one of the
main challengesn developinggeneral-purpostacerecog-
nition systems.

The goal of this paperis to make existing, view-based
systemsapplicableto imagesof facesfrom ary viewpoint
andat ary illumination by a preprocessingechniquebased
onaMorphableModel of 3D faceq4, 5]. MorphableMod-
elshave beenshavn to provide a viable computergraphics
techniquefor view transformatior{4, 3] andfor automatic
facerecognition[5]. In this paper we usea Morphable
Modelin amoregenerakettingfor facerecognition.
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Figure 1: Fitting the Morphable Model to an Image pro-
ducesnot only a 3D reconstructionput also modelcoef-
cients ;, ; andan estimateof headorientation, position
andillumination.
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Our approactis to reconstrucBD modelsof facesfrom
the non-frontalviews andto redrav thesefacesat a frontal
orientation,using 3D computergraphics. The computer
generatedrontal view canthenbetransferredo ary view-
basedfacerecognitionsystemfor personidenti cation or
veri cation. The 3D reconstructiorof thefaceincludesthe
earsandthe neck,but not the hair andthe shoulderof the
person. For a view transformationtechniqueto compati-
ble with mostfacerecognitionsystemsthe transformation
techniquemustbe ableto placea transformedfaceinto a
“full portrait’ Our algorithminsertsthe faceinto a stan-
dardimageof a personautomatically Regionsof the face
thatareoccludedin the non-frontalview arecompletedoy
the algorithm,anddifferencesn illumination arecompen-
sated.Along with the faces'3D shapespur reconstruction
algorithmestimatesall relevant sceneparameterssuchas
headposition,sizeandorientation jllumination parameters
andimagecontrast(Figurel). We can,therefore automat-
ically computethe renderingparametergérom the standard
imageandapplythemfor renderingstandardriews of novel
faceg(Figure2).

The core of the 3D facereconstructioralgorithmis a
MorphableModel of 3D faceg[4, 5] that captureggeneral
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Figure2: iewpoint-transformedecanition: Froma probe
image (top left), our algorithm geneates a transformed
front view. Thisis input to a view-basedface recanition
systenfor comparisorwith the setof frontal gallery views.

information aboutthe naturalvariation of 3D shapesand
texturesof facesin a vectorspacespannedy a datasebf
3D faces. This information helpsto solve the otherwise
ill-posed problemof reconstructing3D shapefrom a sin-
gleimage:In aniterative optimization,the algorithm nds
thelinearcombinationof examplefacessuchthat3D com-
putergraphicgendersanimagethatis assimilaraspossible
to theinputimage.For initialization, the algorithmrequires
theimagecoordinate®f up to sevenfeaturepoints.

Figures2 and3 shav two alternatve paradigmdor face
recognitiorwith MorphableModels.In bothparadigmsye
assumehatgalleryimagesof all personsknown to thesys-
temarestored,andthatpersonsn probeimageshave to be
identi ed by nding the mostsimilar personin the gallery,
or their claimedidentity hasto be veri ed. We addresghe
caseof frontal gallery and non-frontalprobeimages,and
viceversa.

In the viewpoint-transformedecaynition approachpro-
posedin this paper all non-frontalimagesaretransformed
into front views, and recognitionis performedby a sepa-
rate,view-basedalgorithm.In onescenariowe assumehat
the gallery imagesarefrontal (e.g. mug-shots)soonly the
probeimageshaveto be transformed(Figure2). This has
beenevaluatedin the Face RecognitionVendorTest2002
[9] with 10 differentfacerecognitionsystemdoy commer
cial rms, andwe presenta morecomprehensk reportof
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Figure3: Coefcient-basedrecaynition: Therepresentation
of facesin termsof modelcoefcients , ; for 3D shape
andtextureis independentf viewpoint. For recaynition, all
probeandgalleryimagesare processedby themodel tting
algorithm.

this evaluationand additionalresults. We are also evalu-
ating a scenariowvherethe probeviews arefrontal, for ex-
amplefrom a securitycheckpoint,andthe gallery images
are transformedfrom given snapshotof suspects. This
scenarianay have evenmorepracticalrelevance sincethe
viewpoint transformatiorhasto be doneonly for the rela-
tively smallnumberof gallery images,andthe recognition
canthenbedoneby ef cient view-basedmethods.

Coefcient-basedrecaynition (Figure 3) usesthe model
coefcients, which werecomputedby the model tting al-
gorithm, as a viewpoint-irvariant, low-dimensionalrepre-
sentationof faceg5]. Here,boththe probeandthe gallery
imagescanbe from ary viewpoint. The dravbackof this
methodis thateachimagehasto be processedy the costly
model tting algorithm.In Sectiord.3,we compareheper
formanceof viewpoint-transformedand coefcient-based
recognitionon the sameimage set, the sametestingcon-
ditions,thesameMorphableModel andthesametting re-
sults, which is importantfor a meaningfulcomparisonof
strat@ies.

1.1. Relatedwork

In animage-base@pproachBeymerandPoggiohave ap-
plied warpingoperationgo generatevirtual views of faces
for recognition[2]. Synthesiof novelimageshasedntwo
image-basedinear objectclasseswhich were constructed
from imagesof the sameset of individuals, was usedfor
facerecognitionby Vetter[12]. Atick et al. presenteca
methodfor model-basedhape-from-shadingisinguntex-
tured 3D scanswithout point-to-pointcorrespondencend
they suggestetb createémagesatnew posedor facerecog-
nition [1]. Virtual views, generatedvith image warping



andshape—from—shadinfave alsobeenproposedor face
recognitionby ZhaoandChellappd14]. Geoghiade<tal.
recovered3D shapeof facesfrom 3 imagesata x edpose
anddifferentlighting, andsynthesizedovel viewsthatthey
usedfor facerecognition[6]. For facerecognitionacross
differentilluminations,but at a strictly x edpose,Simand
Kanadepresentech methodthat recorers surfacenormals
with shape-from-shadingyeneratesmagesat new illumi-
nations,andtrainsaclassi er ontheextendedset[11].

Dueto recentadvancesin 3D shapereconstructior5],
we cannow explore a combinationof high-resolutionre-
construction®f textured3D facesfrom singleimagesand
avariety of state-of-the-arsystemdor image-basedecog-
nition. It is importantto notethatour approactdoesnotre-
quire3D scanf thefaceghatareto berecognizedgallery
or probe), but only single 2D images. Justas with our
coefcient-basedalgorithm[5], we usethe databasef 3D
facesonly for learninggeneralpropertiesof humanfaces.
Noneof the individualsin the 3D databasés in theimage
databas¢hatwe usedfor testing.

In the following two sectionswe brie y summarizeghe
MorphableModel and the algorithm for 3D shaperecon-
struction. Section3 describeour procedurefor rendering
standardizedrontal views. Section4 gives an extensve
evaluationof the combinedapproachwith a setof differ-
entview-basedalgorithms,andcompareghis combination
with coefcient-basedrecognition.

2. Mor phable Models for FaceRecon-
struction

The MorphableModel of 3D faces[13 4, 5] is a vector
spaceof 3D shapesandsurfacere ectances(textures)that
is spannedy a datasebf examplesand that captureshe
variationsfound within this set. Our datasetontains200
texturedCyberwae (TM) laserscanf anequalnumberof
malesandfemalesagedbetweenl8 and 45 years. Except
for one Asianfemale,all personsare CaucasianPrevious
work [5] indicatesthat the model may well be appliedto
reconstruc8D shapdrom imagesof awider ethnicvariety

The shapeandtexture vectorsarede ned suchthatary
linearcombinationof examples

X X
S=  a&S; T= RbT: 1)
i=1 i=1
is arealisticface,giventhatS, T arewithin afew standard
deviationsfrom their averages. Eachvector S; storesthe
3D shapén termsof x; y; z-coordinate®f all verticesk 2

Si = (X1;Y1,Z15X2; 000 X0 Y Zn)T (2)
Ti = (R1y;G1;B1;R2 ;R GriBr)T: (3)

In the conversionof the laserscansinto shapeandtexture
vectorsS;, Tj, it is essentialto establishdensepoint-to-
point correspondencef all scanswith areferencescan,to
malke surethatvectordimensionsn S, T describeéhesame
point, suchasthetip of thenose,in all faces.Densecorre-
spondencés computedautomaticallywith analgorithmde-
rivedfrom optical o w (for details se€[5]). Finally, we per
form a PrincipalComponenfAnalysisto estimatethe prob-
ability distribution of facesaroundthe averagess andt of
shapeandtexture, andwe replacethe basisvectorsS;, T
in Equation(1) by orthogonakigervectorss;, t;:

X 1 X 1
S=35+ i S T=t+ it 4
i=1 i=1

3D shapereconstructionfrom a single input imageis
achived by tting the MorphableModel to the imagein
ananalysis-by-synthesleop: At eachiteration,thecurrent
model parametersie ne a 3D face,and computergraph-
ics can be usedto rendera coloured model image with
red,greenandblue channeld ;.model (X; ¥), | g:model (X; Y),
I bmodel (X; ¥). The tting algorithmminimizesthe differ-
encebetweerthe modelimageandtheinputimage,

X X X

El = | cmodel (X ¥)) %
)

in a stochastidNewton optimization[5] with respecto the
following modelparametersshapecoefcients, texture co-
efcients, 3D position, 3D orientation,focal length, red,
greenand blue component®f ambientand parallellight,
directionof thatparallellight, color offsets,gainsandcolor
contrast. For details,see[5]. Dueto the explicit, separate
parameterfor poseandilluminationrecoseredfrom theim-
age we canmodify ary of themindependentlynddraw the
facefrom ary new angleandunderary new illumination.

For corvergenceof the optimization,the systemis ini-
tialized by providing 2D image positionsof somefeature
points, suchas the tip of the noseor the cornersof the
eyes. The algorithmthencornvergesautomaticallyin about
4.5 minuteson a2GHz Pentium4 processar

Sincethelinearcombinatiorof texturesT ; cannotrepro-
duceall localcharacteristicef thenovel face suchasmoles
or scarswhich in factmay be highly relevantfor recogni-
tion, we extract the persons true texture from the image
wherever it is visible. This is done by an illumination-
correctedtexture extraction algorithm[4]. The boundary
betweenthe extracted texture and the predictedregions
(wherethetruetextureis occludedin theinputimage)was
still visible in someof the imagesusedin the gures and
evaluationsreportedin this paper We have recentlyim-
proved our algorithmto achiese a smoothtransition,based
on areliability criterionfor texture extraction.

(lc;input (X; Y)
X Yy c2fr;g;bg



Figure4: Fromthe original images(top row), we recover 3D shape(secondow), by nding an optimallinear combination
of examplefaces,andredraw thefacesin frontal poseinto a standad badground(bottomrow). In Sectiord.1,the original
frontview (top, center)wasusedn thegallery, andthefour non-frontal originals (top)andall ve transformedsiews(bottom)
wetre in the nine probesets respectivelyThefrontal-to—fontal mappingservedasa baselinetest(bottomrow; center).

In the databas®f imagesusedfor evaluation,somein-
dividualshadfacial hair or wore eyeglassesunlike the 200
3D facesin the MorphableModel. Texture extractioncap-
turesthe beardin a texture map andreproducest on the
frontalview, evenif thebeardsthicknesss neglectedn this
transformationln the sameway, eyeglassesaremappecdn
thefacialsurfaceby the algorithm,which distortsthe shape
of the glassedn rotatedviewpoints. The estimateof face
shapehowever, is notaffectedmuchby hair or glassegsee
[5] for examples).

3. Hair and Portrait Processing

The goal of viewpoint transformationis to renderfront-
views imagesthat are optimal for the subsequentyiew-
basedrecognitionsystemin termsof imaging conditions.
Renderingonly the partof the headcoveredby our model,
i.e. face,earsandneck,in front of a uniform background
might affect algorithmsthat expectcompletefaceimages.
Our approachtherefore,is to draw the rotatedfaceinto a
standardportrait of a short-hairedgpersonat a frontal pose
(Figure 4), soall transformedmageshave the samehair
style, shouldersandbackground.With additionalclassi -
cationof genderandskin-compleion, which maybebased
onthe3D facereconstructionit would be possibleto select
from a choiceof differentstandardmagesautomatically

In orderto determineneadsize,position,orientationand

illumination of thestandardmage ,we tted theMorphable
Model to the image,as describedn the previous section.
To be ableto drav the standardportrait's hair in front of
the foreheadwe manuallyde ned atransparencmapthat
is opaqueon the hair andtranspareneverywhereelse|[3].
If thetransformedaceis smallerthanthefacein the stan-
dard portraits,part of the original facewould be visible in
the background.We apply a simple backgrounccontinua-
tion method[3] to extendthe backgroundpatterninto the
backgroundaceregion alongthefacialcontour
Givenaninputimage,we performthefollowing steps:

1. Manually de ne featurepoints, suchasthe tip of the
nose,the cornersof the eyes, or ary pointsalongthe
occludingcontourson the cheeks.For theresultspre-
sentedn this paperwe de ned anaveragenumberof
11 featurepointsto ensureoptimumquality. However,
6 pointsare often sufcient. In future systemsthese
pointscanbefoundby automatedeaturedetection.

2. Runtheoptimization.

3. Renderthe 3D facein front of the standardmage,us-
ing the parametergor position, orientation,size,and
illumination of the standardmage.

4. Draw thehairin front of theforeheadusingthetrans-
pareng mapwhich hasbeende ned onceonthestan-
dardimage.
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Figure5: Compositing From the standad image (left), we reconstructhe facein order to obtain estimatewf the heads
poseandillumination. Alongtheedge of thereconstructediead we extendthe badkgroundcolorsinto thefaceregion. Then,
we renderthe novel facewith the standad imaging parametes and composithe hair layer in the foregroundto obtainthe

nal image (right).
4. Results

Thedatain theFRVT 2002MCInt morphablanodelexper
imentwasdesignedo examinethe effectsof posevariation
andmorphablemodelson performancg9]. The datacon-
sistedof ve imagesof 87 subjectswho were not in the
datasetf 3D scansusedfor the morphablemodel. All im-
agesweretakentakenindoorsunderstudioconditionswith
asingleincandescenphoto oodlight, andall imagesof a
subjectweretakenwithin ve minutes.The veimagesof
eachsubjectconsistof a frontal view andimageswith sub-
jectslooking left andright 45 degreesandup anddown 30
degrees.The poseanglesof thefacesarenominalbecause
posewascontrolledby having subjectdook atanobject.

4.1. View Transformation of Probelmages

For the FRVT 2002 MCInt morphablemodel experiment
thegallery consistef thefrontalimageof the87 subjects.
Nine probesetswereconstructedo measurehe impactof
posevariationandmorphablemodelson performanceFig-
ure 4 shavs examplesof the nine probesetsfor oneindi-
vidual. The45 left and45 right probesetscontainedacial
imagesfacing45 degreesto theleft andright of centerre-
spectvely. The45L and45 R columnsin Figuresé and7
reportveri cation andidenti cation resultsfor the 45 left
and45 right probesets. Line segmentsaredravn between
original and correspondingransformedorobe setsfor vi-
sualizingthe effect of transformation. The 30 up and 30
downprobesetscontainfacialimagesfacing30 degreesup
anddown respectiely. The performanceesultsfor these
two probesetsarereportedin the 30 U and30 L columns.
In theremaining ve probesets,a three-dimensionaior-
phablemodelhasbeenappliedto the probesaccordingto
the paradigmshowvn in Figure2.

Thefrontal morphprobesetprovidesabaselindor how
replacingthe hairstyleand backgroundaffects a systemif
the viewpoint transformationis closeto O degrees: The
probeviews aretransformedversionsof the original front
views that form the gallery. The resultsfor the frontal

morphprobesetarein columnfrontal (morph). If a sys-
temwereinsensitve to the artifactsintroducedby the mor-
phablemodel,thenthe veri cation andidenti cation rates
wouldbel.0. In Figure23, sensitvity to morphablemodels
rangefrom 0.98down to 0.45.

To investicate the effects of morphablemodels,perfor
mancewascomputedor four probesets:45 left morphed
45 right morphed 30 up morphed and 30 downmorphed
Theseprobesetswereproducedy applyingthemorphable
modelto the 45 left, 45 right, 30 up, and 30 down probe
setsrespectiely. The resultsfor the morphedprobe sets
arein columns45L (morph),45R (morph),30 U (morph),
and30D (morph). Theresultsshav thatwith theexception
of Iconquestmorphablanodelssigni cantly improvedper
formance.

4.2. View Transformation of Gallery Images

We now examinethe scenarimf usingoneor multiple non-
frontal imagesin the gallery and a single frontal imageas
the probe. This situationis representatie of applications
wherenon-frontal suneillanceimagesare comparedwith
standardizeghrobeimagessuchasthosecapturedn anair-
portlane.

Table 1 lists the veri cation results for viewpoint-
transformedgallery against un-transformedrontal probe
imageswith oneof theleadingalgorithmsfrom theprevious
tests.The correctacceptanceateis in the samerangeasin
the previous scenario. Table 2 summarizeseri cation re-
sultsfor all combination®of probeandgallery views. In the
pairsof numberdisted,the rst refersto the conditionwith
both gallery and probeimagesunchangedandthe second
to both gallery and probeimagesview-transformed. The
datashov a dramaticincreasen correctacceptanceatein
all conditions.

An additional questionis whethey togethey four non-
frontal imagesoffer superior performancethan ary one
alone.We performpost-matchingcore-l@el fusionon the
resultsobtainedwith eachprobeview. This involvesre-
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Figure6: \eri cation rate for 10 differentfacerecanition systemdrom FRVT02at a 1% falseacceptrate Thediagram
showsresultsfor original probeimagestaken from different viewpoints(45L, 45R, 30U, 30D) and viewpoint-transformed
probeimages(“morph”, seeSectiord.1). Gallery imageswere untransformedrontal views.

placingthe four scoresthat resultfrom the comparisornof
anunknavn probewith the four non-frontalswith a single
score.Thestandardapproach8, 7] is to sumthescoreshput
the useof the maximum,which correspondso the assign-
mentof the mostsimilar score,is equivalentto regarding
eachof the four views as separatagallery identities. Note
thatthe option of tting the MorphableModel to multiple
imagessimultaneously4] is notusedhere.

Theresultsshavn in Tablel form alower boundon the
bene tsattainablewith moresophisticatedusionschemes.
The table suggestdwo conclusions. First that the view-
point transformatioris effective, especiallyin conjunction
with evenanelementaryusionschemeThelastnumberin
thetable,max-rulefusionappliedto viewpoint-transformed
imagesijs a47%reductionin error (the correctacceptance
rateincreasedo 0.90from 0.81) over the bestsingletrans-
formedview. Secondlyneitherfusion rule is particularly
effective on untransformediews.

4.3. Viewpoint Transformation versusCoef -
cient BasedRecognition

From tting the model's 99 mostrelevant principal com-
ponentsto images,we obtaincoefcients ; and ,i =
1;:::;99 for eachimage. The algorithm doesnot only t
the entirefacemodel, but alsoseparateegionsaroundthe
eyes, nose,mouth andthe surroundingpart, which yields
four more setsof model coefcients. We scaleall coef-
cientshby their standarddeviations accordingto PCA, and
concatenatéhemto avectorc. Thisvectorcanbe usedfor
identi cation usinganearesheighbousearchFor veri ca-
tion, we comparethe differencewith athresholdvaluethat
is setsuchthatfalseacceptrateis at 0.01. In bothrecogni-

View Without With
View Transform| View Transform
30deg up view 0.45 0.81
30deg down view 0.54 0.80
45 deg left view 0.16 0.70
45 dgy right view 0.18 0.80
fusedviews (sum) 0.44 0.88
fusedviews (max) 0.55 0.90

Table 1: Veri cation performancefor non-frontal gallery
imageswith and without viewpoint-transformationtested
with untransformedrontal probeimages.Thebottomrows
are obtainedwith fusion of outputsfrom multiple views,
accordingto two differentschemes.The gures give the
rateof correctacceptancat 1% falseacceptate.

tion tasks we useasa measuref similarity [5]

G = hca; Coiyy
W7 kerky  keoky

(6)

betweenthe coefcient vectorscy, ¢, in a scalarproduct
hcy; coiyy = cl;Cwlcz . C\w isthecovariancematrix of
the coefcients obtainedwhenseparatelytting the model
to multiple imagesof the samepersonsandit captureghe
within-classvariation of ¢ [5]. We usea matrix Cyy ob-
tainedfrom a portionof the FERET databas§10]. Noneof
theindividualsof the FERETdatabasarein the gallery or
probesetsusedfor our performanceneasurements.

We have evaluatedthe coefcient-basedapproachwith
the original imagesand the recognitiontasksdescribedn
Sectiord.1,basednthemodelcoefcients i, ; thatwere
usedto generatehe transformedviews. Even thoughthe
coefcient-basedrecognitionwasdoneasa post-hocanaly-
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Gallery imageswere untransformedrontal views.

View 30up 45eft frontal 45right | 30down
30up -- 0.070.36 | 0.450.83 | 0.080.43 | 0.140.36
45eft 0.070.36 -- 0.160.74 | 0.050.51 | 0.080.43
frontal 0.450.83 | 0.160.74 -- 0.180.85 | 0.540.80
45right | 0.080.43 | 0.050.51 | 0.180.85 -- 0.120.52
30down | 0.140.36 | 0.080.43 | 0.540.80 | 0.120.52 --

Table2: Crossviewpoint performanceEachpair of numbersgivesthe rate of correctacceptancéat 1% falseacceptrate)
beforeandafterviewpointtransformatiorof bothgallery andprobeimages.

sis,i.e. knowing the imageswe did not ne-tune parame- Coefcient Based | View Transformation
tersof the system put usedthe settingsfrom previousstud- probeview | gallery view gallery view
ies[5]. Theresultsaregivenin Tables3 and4 in acompar front front

ison with the performanceof the bestview-basedsystem up 816 o1

from Sectiord.1. Sinceall evaluationconditions,including d.ONn 655 80

the tting results,areidentical, we candirectly assesshe r;gzt ;g'g gg

appropriatenessf thetwo approaches.

Theresultsin Tables3 and4 indicatethatthecoefcient-
basedcomparisorandthe recognitionon transformedm-
agesperformequallywell. Thehigh ratesof correctidenti-

cation andveri cation indicatethatdiagnostidnformation

aboutidentity is preseredin the viewpoint transformation
despitethefactthata projectionfrom 3D to 2D is involved.

For someviewing anglesyiew transformatiorslightly out-

performscoefcient-basedrecognition,which may be due

tothefactthatnotall structuresn thetextures,suchasscars
or moles,canbecapturedy themodelcoefcients, but are

still transferredo the novel viewpoint, asdescribedn Sec-
tion 2.

5. Conclusions

We have presenteda combinedapproachof a 3D Mor-
phableModel with state—of-the—artace recognitionsys-

Table3: Percentagesf correctacceptancéor veri cation
with coefcient-based recognition, comparedto the best
view-basedsystemat eachanglein the view-tranformation
paradigm(at 1% falseacceptate).

temsfor recognizingfacesin imagestaken from arbitrary
viewpoints. In a wide rangeof applicationscenariosthe
approachcan be appliedboth to probeandto gallery im-
ages,transformingfacesinto ary given standardmaging
conditions.

Our evaluation,part of which wasincludedin the Face
RecognitionvendorTestFRVT2002,hasdemonstratethat
the viewpoint transformatiorby the MorphableModel re-
ducedthe effect of posechangesonsiderablyfor 9 out of
10 systemdested,and achiezed promisingrecognitionre-
sultson achallengingsetof testimages.In the FRVT 2002,



Coefcient Based View Transformation
probeview gallery view gallery view

front | up | down | right | left front
front - 82.8| 67.8 | 87.4 | 83.9 -
up 89.7 - 36.8 | 58.6 | 59.8 87
down 80.5 | 47.1 - 64.4 | 58.6 83
right 82.8 | 69.0| 71.3 - 88.5 87
left 89.7 | 66.7 | 66.7 | 885 | - 82

[ total | 85.6 ] 66.4| 60.6 | 74.7 | 72.7 | 84.75 |

Table4: Percentagesf correctidenti cation with coefcient-basedrecognition(left columns),andresultsin the viewpoint
transformatiorparadigmwith the bestview-basedsystemat eachviewing angle(right column).

participantsverenot awvareprior to the evaluationthat per
formanceon viewpoint-transformedmageswould becom-
puted. Still, the MorphableModel signi cantly improved
performancef recognitionfrom non-frontalviews without
the systemsadaptingto the preprocessing.This suggests
thattheimpactwill be evengreatewhenthe systemshave
beentunedto the speci ¢ propertiesof the processediata,
or the outputof the MorphableModel's viewpoint transfor
mationis optimizedfor theirrequirements.

Unlike other methodsthat involve 3D reconstruction,
our systemrequiresonly a singleimageper personfor the
gallery, andasingleprobeimage.Additionalimagescanbe
incorporatedoy fusing separateesults,which hasfurther
increasedhe correctacceptanceatein our experimentspr
by tting themodelto multipleimagessimultaneouslyOur
methodcurrentlyrequiresnmanuallabelling of asmallnum-
ber of featurepointsin the image. We do not expectthis
labelling to be a major problemin mary applicationsfor
exampleif a relatively small numberof suspectsimages
have to beaddedto a gallery thatis usedfor search.Com-
binedwith afeaturedetectionalgorithm,our systemcanbe
fully automated.

Theviewpointtransformatiorapproactcombinegheef-
ciency of view-basedmethodswith the versatility of the
3D MorphableModel. We have comparedhe performance
with an algorithm that usesthe model coefcients of the
3D MorphableModel directly, andfound similar recogni-
tion ratesasthoseof the bestsystemsn the combinedap-
proach. This indicatesthat the combinedsystemdoesnot
involve a signi cant lossof diagnostiddentity information
whenthe transformedmageis renderedcand subsequently
analyzedn view-basedecognition.As a consequenceaye
may concludethatwith thetechniquegpresentedn this pa-
per, transformedmagesmay be usedasa naturalinterface
betweerdifferentfacerecognitionalgorithms.
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