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Abstract

This paper presentsa methodfor face recognition across
largechangesin viewpoint.Our methodis basedona Mor-
phableModel of 3D facesthat representsface-speci�cin-
formationextractedfroma datasetof 3D scans.

For non-frontal facerecognition in 2D still images,the
MorphableModelcanbeincorporatedin two differentap-
proaches: In the �r st, it servesas a preprocessingstepby
estimatingthe3D shapeof novel facesfromthenon-frontal
input images, and generating frontal views of the recon-
structedfacesat a standard illuminationusing3D computer
graphics. Thetransformedimagesare thenfed into state-
of-the-art face recognition systemsthat are optimizedfor
frontal views. This methodwasshownto be extremelyef-
fectivein theFaceRecognitionVendorTestFRVT 2002.

In theprocessof estimatingthe3D shapeof a facefrom
an image, a setof modelcoef�cients are estimated.In the
secondmethod,facerecognition is performeddirectlyfrom
thesecoef�cients. In this paperwe explain the algorithm
usedto preprocessthe images in FRVT 2002,presentad-
ditional FRVT 2002 results,and compare theseresultsto
recognition fromthemodelcoef�cients.

1. Intr oduction

Most state-of-the-artface recognition systemsare opti-
mizedfor frontalviewsof facesonly, andtheirperformance
dropssigni�cantly if thefacesin theinputimagesareshown
from non-frontalviewpoints. Changesin viewpoint, how-
ever, areencounteredin many real-world applications,and
facerecognitionfrom non-frontalviewpointsis oneof the
mainchallengesin developinggeneral-purposefacerecog-
nition systems.

The goal of this paperis to make existing, view-based
systemsapplicableto imagesof facesfrom any viewpoint
andat any illumination by a preprocessingtechniquebased
onaMorphableModelof 3D faces[4, 5]. MorphableMod-
elshave beenshown to provide a viablecomputergraphics
techniquefor view transformation[4, 3] andfor automatic
facerecognition[5]. In this paper, we usea Morphable
Model in amoregeneralsettingfor facerecognition.
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Figure 1: Fitting the MorphableModel to an Image pro-
ducesnot only a 3D reconstruction,but also modelcoef�-
cients� i , � i andan estimateof headorientation,position
andillumination.

Our approachis to reconstruct3D modelsof facesfrom
thenon-frontalviews andto redraw thesefacesat a frontal
orientation,using 3D computergraphics. The computer-
generatedfrontal view canthenbetransferredto any view-
basedfacerecognitionsystemfor personidenti�cation or
veri�cation. The3D reconstructionof thefaceincludesthe
earsandtheneck,but not thehair andtheshouldersof the
person. For a view transformationtechniqueto compati-
ble with mostfacerecognitionsystems,the transformation
techniquemustbe able to placea transformedfaceinto a
“full portrait.” Our algorithminsertsthe faceinto a stan-
dardimageof a personautomatically. Regionsof the face
thatareoccludedin thenon-frontalview arecompletedby
thealgorithm,anddifferencesin illumination arecompen-
sated.Along with thefaces'3D shapes,our reconstruction
algorithmestimatesall relevant sceneparameters,suchas
headposition,sizeandorientation,illuminationparameters
andimagecontrast(Figure1). We can,therefore,automat-
ically computetherenderingparametersfrom thestandard
imageandapplythemfor renderingstandardviewsof novel
faces(Figure2).

The core of the 3D facereconstructionalgorithm is a
MorphableModel of 3D faces[4, 5] that capturesgeneral
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Figure2: Viewpoint-transformedrecognition: Fromaprobe
image (top left), our algorithm generates a transformed
front view. This is input to a view-basedfacerecognition
systemfor comparisonwith thesetof frontal gallery views.

information aboutthe naturalvariation of 3D shapesand
texturesof facesin a vectorspacespannedby a datasetof
3D faces. This information helps to solve the otherwise
ill-posed problemof reconstructing3D shapefrom a sin-
gle image:In an iterative optimization,thealgorithm�nds
thelinearcombinationof examplefacessuchthat3D com-
putergraphicsrendersanimagethatis assimilaraspossible
to theinput image.For initialization,thealgorithmrequires
theimagecoordinatesof up to sevenfeaturepoints.

Figures2 and3 show two alternative paradigmsfor face
recognitionwith MorphableModels.In bothparadigms,we
assumethatgallery imagesof all personsknown to thesys-
temarestored,andthatpersonsin probeimageshave to be
identi�ed by �nding themostsimilar personin thegallery,
or their claimedidentity hasto beveri�ed. We addressthe
caseof frontal gallery and non-frontalprobeimages,and
viceversa.

In theviewpoint-transformedrecognition approachpro-
posedin this paper, all non-frontalimagesaretransformed
into front views, and recognitionis performedby a sepa-
rate,view-basedalgorithm.In onescenario,weassumethat
thegallery imagesarefrontal (e.g. mug-shots),soonly the
probeimageshaveto betransformed.(Figure2). This has
beenevaluatedin the FaceRecognitionVendorTest2002
[9] with 10 differentfacerecognitionsystemsby commer-
cial �rms, andwe presenta morecomprehensive reportof
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Figure3: Coef�cient-basedrecognition: Therepresentation
of facesin termsof modelcoef�cients � i , � i for 3D shape
andtextureis independentof viewpoint.For recognition,all
probeandgallery imagesareprocessedbythemodel�tting
algorithm.

this evaluationand additionalresults. We are also evalu-
ating a scenariowherethe probeviews arefrontal, for ex-
amplefrom a securitycheckpoint,andthe gallery images
are transformedfrom given snapshotsof suspects. This
scenariomayhave evenmorepracticalrelevance,sincethe
viewpoint transformationhasto be doneonly for the rela-
tively smallnumberof gallery images,andtherecognition
canthenbedoneby ef�cient view-basedmethods.

Coef�cient-basedrecognition (Figure3) usesthemodel
coef�cients, which werecomputedby themodel�tting al-
gorithm, as a viewpoint-invariant, low-dimensionalrepre-
sentationof faces[5]. Here,boththeprobeandthegallery
imagescanbe from any viewpoint. The drawbackof this
methodis thateachimagehasto beprocessedby thecostly
model�tting algorithm.In Section4.3,wecomparetheper-
formanceof viewpoint-transformedand coef�cient-based
recognitionon the sameimageset, the sametestingcon-
ditions,thesameMorphableModelandthesame�tting re-
sults, which is importantfor a meaningfulcomparisonof
strategies.

1.1. Relatedwork
In an image-basedapproach,BeymerandPoggiohave ap-
plied warpingoperationsto generatevirtual views of faces
for recognition[2]. Synthesisof novel imagesbasedontwo
image-basedlinear objectclasses,which wereconstructed
from imagesof the sameset of individuals,was usedfor
facerecognitionby Vetter [12]. Atick et al. presenteda
methodfor model-basedshape-from-shading,usinguntex-
tured3D scanswithout point-to-pointcorrespondence,and
they suggestedto createimagesatnew posesfor facerecog-
nition [1]. Virtual views, generatedwith imagewarping
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andshape–from–shading,have alsobeenproposedfor face
recognitionby ZhaoandChellappa[14]. Georghiadesetal.
recovered3D shapeof facesfrom 3 imagesat a �x edpose
anddifferentlighting,andsynthesizednovel viewsthatthey
usedfor facerecognition[6]. For facerecognitionacross
differentilluminations,but at a strictly �x edpose,Sim and
Kanadepresenteda methodthat recoverssurfacenormals
with shape-from-shading,generatesimagesat new illumi-
nations,andtrainsaclassi�er on theextendedset[11].

Due to recentadvancesin 3D shapereconstruction[5],
we can now explore a combinationof high-resolutionre-
constructionsof textured3D facesfrom singleimages,and
a varietyof state-of-the-artsystemsfor image-basedrecog-
nition. It is importantto notethatourapproachdoesnot re-
quire3D scansof thefacesthatareto berecognized(gallery
or probe), but only single 2D images. Just as with our
coef�cient-basedalgorithm[5], we usethedatabaseof 3D
facesonly for learninggeneralpropertiesof humanfaces.
Noneof the individualsin the3D databaseis in the image
databasethatweusedfor testing.

In thefollowing two sections,we brie�y summarizethe
MorphableModel and the algorithm for 3D shaperecon-
struction. Section3 describesour procedurefor rendering
standardizedfrontal views. Section4 gives an extensive
evaluationof the combinedapproachwith a setof differ-
entview-basedalgorithms,andcomparesthis combination
with coef�cient-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 spannedby a datasetof examplesandthat capturesthe
variationsfound within this set. Our datasetcontains200
texturedCyberware(TM) laserscansof anequalnumberof
malesandfemalesagedbetween18 and45 years. Except
for oneAsian female,all personsareCaucasian.Previous
work [5] indicatesthat the modelmay well be appliedto
reconstruct3D shapefrom imagesof awiderethnicvariety.

Theshapeandtexturevectorsarede�ned suchthatany
linearcombinationof examples

S =
mX

i =1

ai Si ; T =
mX

i =1

bi T i : (1)

is a realisticface,giventhatS, T arewithin a few standard
deviations from their averages.EachvectorSi storesthe
3D shapein termsof x; y; z-coordinatesof all verticesk 2
f 1; : : : ; ng of a high-resolution3D mesh,andtexturesT i

containtheir red,greenandbluecolor values:

Si = (x1; y1; z1; x2; : : : ; xn ; yn ; zn )T (2)

T i = (R1; G1; B1; R2; : : : ; Rn ; Gn ; Bn )T : (3)

In the conversionof the laserscansinto shapeandtexture
vectorsSi , T i , it is essentialto establishdensepoint-to-
point correspondenceof all scanswith a referencescan,to
makesurethatvectordimensionsin S, T describethesame
point, suchasthetip of thenose,in all faces.Densecorre-
spondenceis computedautomaticallywith analgorithmde-
rivedfrom optical�o w (for details,see[5]). Finally, weper-
form a PrincipalComponentAnalysisto estimatetheprob-
ability distribution of facesaroundtheaveragess andt of
shapeandtexture,andwe replacethebasisvectorsSi , T i

in Equation(1) by orthogonaleigenvectorssi , t i :

S = s +
m � 1X

i =1

� i � si ; T = t +
m � 1X

i =1

� i � t i (4)

3D shapereconstructionfrom a single input image is
achieved by �tting the MorphableModel to the imagein
ananalysis-by-synthesisloop: At eachiteration,thecurrent
model parametersde�ne a 3D face,and computergraph-
ics can be usedto rendera colouredmodel image with
red,greenandbluechannelsI r ;model (x; y), I g;model (x; y),
I b;model (x; y). The �tting algorithmminimizesthe differ-
encebetweenthemodelimageandtheinput image,

E I =
X

x

X

y

X

c2f r ;g;bg

(I c;input (x; y) � I c;model (x; y))2;

(5)
in a stochasticNewton optimization[5] with respectto the
following modelparameters:shapecoef�cients, textureco-
ef�cients, 3D position, 3D orientation,focal length, red,
greenandblue componentsof ambientandparallel light,
directionof thatparallellight, coloroffsets,gainsandcolor
contrast.For details,see[5]. Due to the explicit, separate
parametersfor poseandilluminationrecoveredfromtheim-
age,wecanmodify any of themindependentlyanddraw the
facefrom any new angleandunderany new illumination.

For convergenceof the optimization,the systemis ini-
tialized by providing 2D imagepositionsof somefeature
points, such as the tip of the noseor the cornersof the
eyes. Thealgorithmthenconvergesautomaticallyin about
4.5minutesona2GHzPentium4 processor.

Sincethelinearcombinationof texturesT i cannotrepro-
duceall localcharacteristicsof thenovel face,suchasmoles
or scars,which in factmaybehighly relevant for recogni-
tion, we extract the person's 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 theinput image)was
still visible in someof the imagesusedin the �gures and
evaluationsreportedin this paper. We have recently im-
provedour algorithmto achieve a smoothtransition,based
ona reliability criterionfor textureextraction.
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Figure4: Fromtheoriginal images(top row),werecover 3D shape(secondrow),by �nding an optimal linear combination
of examplefaces,andredraw thefacesin frontal poseinto a standard background(bottomrow). In Section4.1,theoriginal
frontview (top,center)wasusedin thegallery, andthefournon-frontaloriginals(top)andall �ve transformedviews(bottom)
were in thenineprobesets,respectively. Thefrontal–to–frontalmappingservedasa baselinetest(bottomrow, center).

In thedatabaseof imagesusedfor evaluation,somein-
dividualshadfacialhair or woreeyeglasses,unlike the200
3D facesin theMorphableModel. Textureextractioncap-
turesthe beardin a texture mapand reproducesit on the
frontalview, evenif thebeard'sthicknessisneglectedin this
transformation.In thesameway, eyeglassesaremappedon
thefacialsurfaceby thealgorithm,whichdistortstheshape
of the glassesin rotatedviewpoints. The estimateof face
shape,however, is notaffectedmuchby hairor glasses(see
[5] for examples).

3. Hair and Portrait Processing
The goal of viewpoint transformationis to renderfront-
views imagesthat are optimal for the subsequent,view-
basedrecognitionsystemin termsof imaging conditions.
Renderingonly thepartof theheadcoveredby our model,
i.e. face,earsandneck,in front of a uniform background
might affect algorithmsthat expectcompletefaceimages.
Our approach,therefore,is to draw the rotatedfaceinto a
standardportrait of a short-hairedpersonat a frontal pose
(Figure4), so all transformedimageshave the samehair–
style,shoulders,andbackground.With additionalclassi�-
cationof genderandskin-complexion, whichmaybebased
onthe3D facereconstruction,it wouldbepossibleto select
from achoiceof differentstandardimagesautomatically.

In orderto determineheadsize,position,orientationand

illuminationof thestandardimage,we�tted theMorphable
Model to the image,asdescribedin the previous section.
To be able to draw the standardportrait's hair in front of
theforehead,we manuallyde�ned a transparency mapthat
is opaqueon the hair andtransparenteverywhereelse[3].
If the transformedfaceis smallerthanthe facein thestan-
dardportraits,part of the original facewould bevisible in
the background.We apply a simplebackgroundcontinua-
tion method[3] to extendthe backgroundpatterninto the
backgroundfaceregionalongthefacialcontour.

Givenaninput image,weperformthefollowing steps:
1. Manually de�ne featurepoints,suchasthe tip of the

nose,the cornersof the eyes,or any pointsalongthe
occludingcontourson thecheeks.For theresultspre-
sentedin this paper, we de�ned anaveragenumberof
11 featurepointsto ensureoptimumquality. However,
6 pointsareoften suf�cient. In future systems,these
pointscanbefoundby automatedfeaturedetection.

2. Runtheoptimization.

3. Renderthe3D facein front of thestandardimage,us-
ing the parametersfor position,orientation,size,and
illuminationof thestandardimage.

4. Draw thehair in front of theforehead,usingthetrans-
parency mapwhichhasbeende�ned onceon thestan-
dardimage.
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StandardPortrait Reconstruction Background Novel Face Hair Layer Result

Figure5: Compositing. From the standard image (left), we reconstructthe facein order to obtain estimatesof the head's
poseandillumination. Alongtheedgeof thereconstructedhead,weextendthebackgroundcolors into thefaceregion. Then,
werenderthenovel facewith thestandard imaging parameters andcompositthehair layer in theforegroundto obtain the
�nal image (right).

4. Results
Thedatain theFRVT 2002MCInt morphablemodelexper-
imentwasdesignedto examinetheeffectsof posevariation
andmorphablemodelson performance[9]. Thedatacon-
sistedof � ve imagesof 87 subjectswho were not in the
datasetof 3D scansusedfor themorphablemodel.All im-
agesweretakentakenindoorsunderstudioconditionswith
a singleincandescentphoto�oodlight, andall imagesof a
subjectweretakenwithin � ve minutes.The� ve imagesof
eachsubjectconsistof a frontal view andimageswith sub-
jectslooking left andright 45 degreesandup anddown 30
degrees.Theposeanglesof the facesarenominalbecause
posewascontrolledby having subjectslook atanobject.

4.1. View Transformation of ProbeImages
For the FRVT 2002 MCInt morphablemodel experiment
thegalleryconsistedof thefrontal imageof the87subjects.
Nine probesetswereconstructedto measurethe impactof
posevariationandmorphablemodelsonperformance.Fig-
ure 4 shows examplesof the nine probesetsfor oneindi-
vidual. The45 left and45 right probesetscontainedfacial
imagesfacing45 degreesto the left andright of centerre-
spectively. The45 L and45 R columnsin Figures6 and7
reportveri�cation andidenti�cation resultsfor the 45 left
and45 right probesets.Line segmentsaredrawn between
original andcorrespondingtransformedprobesetsfor vi-
sualizingthe effect of transformation. The 30 up and 30
downprobesetscontainfacialimagesfacing30degreesup
anddown respectively. The performanceresultsfor these
two probesetsarereportedin the30 U and30 L columns.
In the remaining� ve probesets,a three-dimensionalmor-
phablemodelhasbeenappliedto the probesaccordingto
theparadigmshown in Figure2.

Thefrontalmorphprobesetprovidesa baselinefor how
replacingthe hairstyleandbackgroundaffectsa systemif
the viewpoint transformationis close to 0 degrees: The
probeviews aretransformedversionsof the original front
views that form the gallery. The results for the frontal

morphprobesetare in columnfrontal (morph). If a sys-
temwereinsensitive to theartifactsintroducedby themor-
phablemodel,thenthe veri�cation andidenti�cation rates
wouldbe1.0. In Figure23,sensitivity to morphablemodels
rangefrom 0.98down to 0.45.

To investigatethe effectsof morphablemodels,perfor-
mancewascomputedfor four probesets:45 left morphed,
45 right morphed, 30 up morphed, and30 downmorphed.
Theseprobesetswereproducedby applyingthemorphable
model to the 45 left, 45 right, 30 up, and30 down probe
setsrespectively. The resultsfor the morphedprobesets
arein columns45L (morph),45R (morph),30U (morph),
and30D (morph).Theresultsshow thatwith theexception
of Iconquest,morphablemodelssigni�cantly improvedper-
formance.

4.2. View Transformation of Gallery Images

Wenow examinethescenarioof usingoneor multiplenon-
frontal imagesin the gallery anda singlefrontal imageas
the probe. This situationis representative of applications
wherenon-frontalsurveillanceimagesarecomparedwith
standardizedprobeimagessuchasthosecapturedin anair-
port lane.

Table 1 lists the veri�cation results for viewpoint-
transformedgallery against un-transformedfrontal probe
imageswith oneof theleadingalgorithmsfrom theprevious
tests.Thecorrectacceptancerateis in thesamerangeasin
the previous scenario.Table2 summarizesveri�cation re-
sultsfor all combinationsof probeandgalleryviews. In the
pairsof numberslisted,the�rst refersto theconditionwith
both gallery andprobeimagesunchanged,andthe second
to both gallery and probeimagesview-transformed. The
datashow a dramaticincreasein correctacceptanceratein
all conditions.

An additionalquestionis whether, together, four non-
frontal imagesoffer superior performancethan any one
alone.We performpost-matchingscore-level fusionon the
resultsobtainedwith eachprobeview. This involves re-
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Figure6: Veri�cation rate for 10 different facerecognition systemsfrom FRVT02at a 1% falseacceptrate. Thediagram
showsresultsfor original probeimagestaken from different viewpoints(45L, 45R,30U, 30D) and viewpoint-transformed
probeimages(“morph”, seeSection4.1). Gallery imageswereuntransformedfrontal views.

placingthe four scoresthat result from the comparisonof
anunknown probewith the four non-frontalswith a single
score.Thestandardapproach[8, 7] is to sumthescores,but
theuseof themaximum,which correspondsto theassign-
mentof the mostsimilar score,is equivalent to regarding
eachof the four views asseparategallery identities. Note
that the option of �tting the MorphableModel to multiple
imagessimultaneously[4] is notusedhere.

Theresultsshown in Table1 form a lower boundon the
bene�tsattainablewith moresophisticatedfusionschemes.
The table suggeststwo conclusions. First that the view-
point transformationis effective, especiallyin conjunction
with evenanelementaryfusionscheme:Thelastnumberin
thetable,max-rulefusionappliedto viewpoint-transformed
images,is a 47%reductionin error(thecorrectacceptance
rateincreasedto 0.90from 0.81)over thebestsingletrans-
formed view. Secondlyneitherfusion rule is particularly
effective onuntransformedviews.

4.3. Viewpoint Transformation versusCoef�-
cient BasedRecognition

From �tting the model's 99 most relevant principal com-
ponentsto images,we obtaincoef�cients � i and � i , i =
1; :::; 99 for eachimage. The algorithm doesnot only �t
theentirefacemodel,but alsoseparateregionsaroundthe
eyes,nose,mouthand the surroundingpart, which yields
four moresetsof modelcoef�cients. We scaleall coef�-
cientsby their standarddeviationsaccordingto PCA, and
concatenatethemto a vectorc. This vectorcanbeusedfor
identi�cation usinganearestneighboursearch.Forveri�ca-
tion, we comparethedifferencewith a thresholdvaluethat
is setsuchthatfalseacceptrateis at 0.01. In bothrecogni-

View Without With
View Transform View Transform

30deg upview 0.45 0.81
30deg down view 0.54 0.80
45deg left view 0.16 0.70
45deg right view 0.18 0.80
fusedviews (sum) 0.44 0.88
fusedviews (max) 0.55 0.90

Table 1: Veri�cation performancefor non-frontalgallery
imageswith andwithout viewpoint-transformation,tested
with untransformed,frontalprobeimages.Thebottomrows
are obtainedwith fusion of outputsfrom multiple views,
accordingto two different schemes.The �gures give the
rateof correctacceptanceat1%falseacceptrate.

tion tasks,weuseasameasureof similarity [5]

dW =
hc1; c2i W

kc1kW � kc2kW
(6)

betweenthe coef�cient vectorsc1, c2 in a scalarproduct
hc1; c2i W =



c1; C � 1

W c2
�
. CW is thecovariancematrixof

thecoef�cients obtainedwhenseparately�tting themodel
to multiple imagesof thesamepersons,andit capturesthe
within-classvariationof c [5]. We usea matrix C W ob-
tainedfrom aportionof theFERETdatabase[10]. Noneof
theindividualsof theFERETdatabasearein thegallery or
probesetsusedfor ourperformancemeasurements.

We have evaluatedthe coef�cient-basedapproachwith
the original imagesandthe recognitiontasksdescribedin
Section4.1,basedonthemodelcoef�cients � i , � i thatwere
usedto generatethe transformedviews. Even thoughthe
coef�cient-basedrecognitionwasdoneasapost-hocanaly-
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Figure 7: Rank1 identi�cation ratesfor original versusviewpoint-transformedprobe images from different viewpoints.
Gallery imageswereuntransformedfrontal views.

View 30up 45 left frontal 45 right 30down
30up - - 0.070.36 0.450.83 0.080.43 0.140.36
45 left 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
45 right 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 performance:Eachpair of numbersgivesthe rateof correctacceptance(at 1% falseacceptrate)
beforeandafterviewpoint transformationof bothgalleryandprobeimages.

sis, i.e. knowing the images,we did not �ne-tune parame-
tersof thesystem,but usedthesettingsfrom previousstud-
ies[5]. Theresultsaregivenin Tables3 and4 in acompar-
ison with the performanceof the bestview-basedsystem
from Section4.1.Sinceall evaluationconditions,including
the �tting results,are identical,we candirectly assessthe
appropriatenessof thetwo approaches.

Theresultsin Tables3 and4 indicatethatthecoef�cient-
basedcomparisonandthe recognitionon transformedim-
agesperformequallywell. Thehigh ratesof correctidenti-
�cation andveri�cation indicatethatdiagnosticinformation
aboutidentity is preserved in theviewpoint transformation
despitethefactthataprojectionfrom 3D to 2D is involved.
For someviewing angles,view transformationslightly out-
performscoef�cient-basedrecognition,which may be due
to thefactthatnotall structuresin thetextures,suchasscars
or moles,canbecapturedby themodelcoef�cients, but are
still transferredto thenovel viewpoint,asdescribedin Sec-
tion 2.

5. Conclusions
We have presenteda combinedapproachof a 3D Mor-
phableModel with state–of–the–artfacerecognitionsys-

Coef�cient Based View Transformation
probeview galleryview galleryview

front front
up 81.6 81

down 65.5 80
right 79.3 80
left 79.3 77

Table3: Percentagesof correctacceptancefor veri�cation
with coef�cient-based recognition, comparedto the best
view-basedsystemat eachanglein theview-tranformation
paradigm(at1%falseacceptrate).

temsfor recognizingfacesin imagestaken from arbitrary
viewpoints. In a wide rangeof applicationscenarios,the
approachcanbe appliedboth to probeand to gallery im-
ages,transformingfacesinto any given standardimaging
conditions.

Our evaluation,part of which wasincludedin the Face
RecognitionVendorTestFRVT2002,hasdemonstratedthat
the viewpoint transformationby the MorphableModel re-
ducedtheeffect of posechangesconsiderablyfor 9 out of
10 systemstested,andachieved promisingrecognitionre-
sultsonachallengingsetof testimages.In theFRVT 2002,
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Coef�cient Based View Transformation
probeview galleryview galleryview

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 88.5 – 82

total 85.6 66.4 60.6 74.7 72.7 84.75

Table4: Percentagesof correctidenti�cation with coef�cient-basedrecognition(left columns),andresultsin theviewpoint
transformationparadigmwith thebestview-basedsystemateachviewing angle(right column).

participantswerenot awareprior to theevaluationthatper-
formanceonviewpoint-transformedimageswouldbecom-
puted. Still, the MorphableModel signi�cantly improved
performanceof recognitionfrom non-frontalviewswithout
the systemsadaptingto the preprocessing.This suggests
that theimpactwill beevengreaterwhenthesystemshave
beentunedto thespeci�c propertiesof theprocesseddata,
or theoutputof theMorphableModel's viewpoint transfor-
mationis optimizedfor their requirements.

Unlike other methodsthat involve 3D reconstruction,
our systemrequiresonly a singleimageperpersonfor the
gallery, andasingleprobeimage.Additional imagescanbe
incorporatedby fusing separateresults,which hasfurther
increasedthecorrectacceptanceratein ourexperiments,or
by �tting themodelto multiple imagessimultaneously. Our
methodcurrentlyrequiresmanuallabellingof asmallnum-
ber of featurepoints in the image. We do not expect this
labelling to be a major problemin many applications,for
exampleif a relatively small numberof suspects'images
have to beaddedto a gallery that is usedfor search.Com-
binedwith a featuredetectionalgorithm,oursystemcanbe
fully automated.

Theviewpointtransformationapproachcombinestheef-
�ciency of view-basedmethodswith the versatility of the
3D MorphableModel. We have comparedtheperformance
with an algorithm that usesthe model coef�cients of the
3D MorphableModel directly, andfound similar recogni-
tion ratesasthoseof thebestsystemsin thecombinedap-
proach. This indicatesthat the combinedsystemdoesnot
involve a signi�cant lossof diagnosticidentity information
whenthe transformedimageis renderedandsubsequently
analyzedin view-basedrecognition.As a consequence,we
mayconcludethatwith thetechniquespresentedin this pa-
per, transformedimagesmaybeusedasa naturalinterface
betweendifferentfacerecognitionalgorithms.
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