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Abstract

This paper presents a new method for face modeling and faogméion from a pair of
calibrated stereo cameras. In a first step, the algorithmdsua stereo reconstruction
of the face by adjusting the global transformation paramsetad the shape parame-
ters of a 3D morphable face model. The adjustment of the petengis such that stereo
correspondence between both images is established, ¢letlsat the 3D-vertices of the
model project on similarly colored pixels in both imagesalsecond step, the texture
information is extracted from the image pair and represdritethe texture space of the
morphable face model. The resulting shape and texture ciegffs form a person spe-
cific feature vector and face recognition is performed by jgaring query vectors with
stored vectors. To validate our algorithm, an extensivegedatabase was built. It con-
sists of stereo-pairs of 70 subjects. For recognition tegtthe subjects were recorded
under 6 different head directions, ranging from a frontalagrofile view. The face
recognition results are very good, with 1%@0recognition on frontal views and 97
recognition on half-profile views.

1. Introduction

Over the past decades, the task of automatic face recoghii® received considerable
attention from the computer vision community. One of theridg forces behind this
research is the wide range of commercial and law enforceamggiications related to
it [16]. Furthermore, the human capability of recogniziagds under variable viewing
conditions which include light variations, differencespose, and the presence or ab-
sence of facial features (glasses, beards,...) is remlarkatd keeps on attracting the
attention of researchers from different fields.

Given the vast number of face recognition related publicet;] it is impossible to
give a detailed account of past research. Here, we restrisetves to a short overview
of some landmark papers, where we follow the taxonomy preghoy Zhacet al.[16].
For the particular task of face recognition from still imag&haoet al. distinguish
between three main categories, beighplistic matching methodsii} feature based
or structural matching methods arniil)(hybrid methods which combine characteristics
of both approaches. In the first category, the visual comtighe complete face region is
used as input for the classification system. The system tkteziots a low-dimensional
feature vector and compares it to stored examples. Typxeahples are the PCA-based
Eigenfaces technique [14,11], Fisherfaces [2] and ICAelaspresentations [1]. In the



Fig. 1. Geometry of the parametric stereo setting. The 3D-verti€dise face model are projected
onto both images, and the model is manipulated to estabigska correspondence between the
image values at the locations of these projections.

second category, the position and appearance of localrésaliie eyes, nose, etc. are
determined and a feature vector is built from these deswgpA typical example is
the Elastic Bunch Graph Matching system [15], which uses/élet jets’ to encode
local appearance. Many successful systems belong to titeddiiegory, and use both
local and global descriptors. Notable contributions aeatiodular Eigenfaces approach
[12] and the Flexible Appearance Model [10] which uses an ABbtel [8] to encode
shape, and PCA to encode image intensities.

The major challenge in automatic face recognition is to tgva system that per-
forms illumination and pose invariant recognition. An i@gting approach to illumi-
nation invariant recognition is based on the so-calledrilhation Cone [3]. One of
the most early attempts to solve the multi-pose recognijti@ilem is due to Beymer
et al. [4,5]. The method uses a vectorized image represemtat each pose, which
allows to map the texture information onto a (frontal) refagze shape. Arguably the
most principled approach to pose invariant recognition esalse of 3D morphable
face models. Blanz and Vetter [6] introduced a flexible 3D eldelarned from exam-
ples of individual 3D face data. In [7] a morphable compomaantel is fitted against
a multi-pose database of 68 subjects. The resulting shapteature coefficients form
a person specific feature vector, and face recognition peed by comparing the
computed feature vector with a set of stored vectors.

In this paper, we propose a multi-camera approach to facegnéioon, which ad-
dresses the problems of illumination and pose variatiormunsetup, two calibrated
cameras are used, and the algorithm computes a 3D-shapexduarktrepresentation
of the face in front of the system. These representationpanametrized by the linear
shape and texture coefficients of a 3D-morphable face médel first step, the 3D-
shape of the face is determined. Rather then first computdenae depth map of the
scene, and then approximating the face related part of taswithin the shape-space
of the 3D-model, walirectly fit the morphable 3D-model to the set of stereo-images,
hence the namgarametric stereoThis greatly reduces the degrees of freedom (DOFs)
in the depth-from-stereo problem: from one DOF per pixeh®number of shape pa-
rameters of the 3D-model plus 6 (the DOFs related to rotatiand translational com-



ponents of the global transformation). Next, the textuoenfiboth images are mapped
onto the vertices of the 3D-model, and this shape and posddrture is described in
terms of the linear texture model of the 3D-morphable mot@leé geometry of para-
metric stereo is shown in Fig.(1).

Using a 3D face model to constraint 3D solutions to possibbeleh realizations
is not new. For example, in the context of structure-fromtiorg such an approach
was followed by Shaet al.[13] and Dimitrijevicet al. [9]. In structure-from-motion,
an uncalibrated video stream is used as input, and the #igorhust simultaneously
estimate the unknown camera parameters and the facial rpat@heters. In [9], for
a given video frame, 2D point-correspondences are edtalolisn neighboring frames
and the camera and model parameters are optimized by me&usdit-adjustment.
The minimization criterion is the reprojection error of tBB-points that are obtained
by intersecting the current model hypothesis with the camays defined by the 2D-
points in the central frame. This criterion is not symmetvict. the input images, how-
ever, the authors argue that the introduced biases carateb#izer because many point
correspondence pairs are used. In our approach, on the lndihel; the cameras are
already calibrated and the stereo images are capturedtameolsly. This allows us
to formulate of a symmetric criterion, which measures thalityuof the model fit by
color-differences, rather than reprojection distancéspaesponding points.

The advantage of the proposed method, compared to the appodaBlanz and
Vetter [7], is that the shape and texture computations ar®peed separately. Given
predominant diffuse or Lambertian reflection, the peradiselor of a particular point
of the face is the same in all images. Therefore, shape ggztion is possible without
having to worry about the number of lights in the scene, tiitémsities and the shad-
ows they cast on the face. Next, in a separate computationyéh knowledge of the
facial shape (i.e. surface normal directions), the ligh&ffects can be compensated for
while estimating the coefficients of the linear texture motfethe approach of Blanz
and Vetter, on the other hand, all effects have to be accddotesimultaneously, re-
sulting in a formidable optimization problem. Furthermdree number of lights in the
scene has to be specified aforehand. Note that the Lambagsamption, which un-
derlies the shape-from-stereo approach, is relativelglrh#cause the stereo solution is
computed directly in the 3D model space. Because the modéeg afiorphable model
are global (i.e. changing a parameter alters the globahfagipearance), the method
can deal with a fair amount of specular reflections whichdslty occur locally. The
stereo-setup also puts strong constraints on the 3D-slwdytigos which, in principle,
should allow for more accurate recognition performanca giagle image approaches.
On the down-side, our approach requires a multi-camera setuwever, in many com-
mercial and law enforcement applications like entrancerogrPIN-code verification
and surveillance, the employment of multiple cameras ishjeation.

The remainder of this paper is organized as follows. In ea&iwe briefly intro-
duce the stereo setup and the morphable model, and expaiangrgy formulation
underlying the shape and texture computations. In segtiwa discuss the model ini-
tialization and optimization related issues. Sectloescribes the experimental setup
and discusses the multi-pose recognition results. We engdper with some general
conclusions and a description of future work.



2. Problem Setting

Suppose we have imagesZ;, i € {1, 2}, which associate a 2D-coordinatewith an
image valueZ;(x). If we are dealing with color images, this value is a 3-veetod
for intensity images it is a scalar. The images are taken Withmeras of which we
know the internal and external calibrations. The camerasepresented by thgex 4
projection matrice®;:

P; = Ki[R/| - R[], 1)
whereK;, R; andt; are the camera matrix, rotation and translation ofitheamera,
respectively. The projection matrices project homoges@mupointsX" =[X Y Z 1]7
to homogeneous 2D pointg® = [z y 1]7 linearly: x* = P, X". The corresponding
image coordinate is easily found by dividing out the homogeneous factor. Wi wi
denote the overall projection transformatiornxas: P; (X).

Furthermore, we have a morphable 3D-face madehich consists of an orthonor-
mal shape and texture basis. This morphable model is thé cdsuPCA analysis of a
set of 3D-laser scans of human faces. The scans have beeyhbirto correspondence,
such that the same vertex of each model corresponds to theegaysical point on the
face. LetS be a3 N-dimensional shape vector which is formed by the concaitemat
the N 3D-coordinates of the vertices of the facial model:

S=[X1Y1%.. XyYnZn]T.

Let T be a3 N-dimensional texture vector which is formed by the concatien of the
N RGB-color values associated with these vertices:

T = [R, G, B:...RyGnBy]T .

The shape and texture vectors of a particular face can nowddieed independently as
linear combinations of the so-calleiyen-shapeS; andeigen-textured;:

S=S+> a;8;, T=T+)» BT,. )
j=1 j=1

Here,S and T are the average shape and texture vector, and the linedictares
a; and 3; constitute the shape and texture description veatoend 3 which fully
characterize the model realization. The effects of thedlrape and texture eigenvectors
on the average face are visualized in Fig.(2). In what fadlpwe will use the term
face modeto describe a particular shape and texture combingd®om), and we will
preserve the terrPCA modelfor the generative statistical model (i.e. the collection
of shape and texture averages and eigenvectors) itselXkek € {1, .., N}, be the
kth vertex of the face model, then the shape transformationi®f/értex is denoted as
S(Xk).

The 3D-coordinates of the vertices of the face model are eéfimr.t. an object
centered coordinate system. The model can be moved arouadidigl body transfor-
mation7 applied to each (shape-transformed) vertex of the model:

ToS(Xy) =R(S(X;)—C)+C+t, (3)

1 USF Human ID 3-D Database and Morphable Faces [6]



Fig. 2. Textured and untextured renderings of the face model. theftaverage model shape and
the effect of the I eigen-shape+£2¢) on the average. Note the changes in scale, as well as the
transition from female to male characteristics. Right: theerage model texture and the effect of
the F* eigen-texture£20) on the average.

whereR is a3 x 3 rotation matrix,t is a translation vector, an@ is the geometrical
mean of the average face shape. The transformatios free parameters which are
jointly denoted a®. Note that we have not included a scale parameter becausedlee
variation of human faces is incorporated in the first eigeapgs of the PCA-model.

Our goal is to estimate a particular set of global transfaionashape and texture
parametersf, «, 3), which best explain the input imagé&s andZ,. We proceed as
follows. First, in theshape recovergtep, we determine the values@®fand« which
establish stereo-correspondence between both input snBgedifferently, we wish to
find those parameter values, such that for all model verXcesich are visible in both
images, the image color at their respective projectiorig iandZ, are as much alike
as possible, i.eZ; (Py o T 0 §(X)) ~ Z3 (P, o T o §(X)). To reach this objective,
we only manipulate the parameter s@tanda. Next, in thetexture recovergtep, the
color information of both images is back-projected onto flaee model, giving rise
to a shape-free facial texture vector. This is then desdrédsea linear combination of
eigen-textures, while simultaneously the effects of amtsed directional lighting are
accounted for.

2.1. Shape Computation

If we write x;;, for the projection of the:*" vertex of the face model in th&" image,
i.e.x;; = Pio7 oS(Xy), the objective function we minimize is the following:

Eg = T —T LD — 4
s =) wsp | Ti(xik) — Talxar) [I* + szag : (4)

kev j=1 57

whereV C {1, .., N} indexes the points which are visible from both images. This e
ergy consists of a data-term, which measures the colordiff between the images
at corresponding projection positions, and a prior-terthictv constraints the shape
deformation to reasonable values.

In the data-term, the contribution of thé" color difference is weighted with a
vertex specific weightvs ;. The purpose of this weight is two-fold. First, it allows us
to account for foreshortening effects in the model progettas a result of which the
majority of vertex projections cumulate nearby the corgafrthe face in botll; and
Z-. Next, it allows us to assign more importance to the frontat pf the face, i.e. the



eyes, nose and mouth regions, which are more importantfeati@g identity than, say
the cheek or forehead regions. We use the following weigHtinction:

ws | X d(Xk) Sk Nneg-v. (5)

The functiond(Xy,) is an exponentially decaying function which depends on tke d
tance (in cylindrical coordinates) from tit&" vertex to the center of the fac§, is the
area of the surface patch around #i& vertex,n,, is the surface normal vector at this
vertex andv is the average viewing direction of both cameras. We inctheepatch
areaS; because the vertices are not evenly distributed over tHaciof the model
(the 3D-laser sensor samples the facial surface at cytiadroordinates).

In the prior-termg ; is the variance (i.e. eigenvalue) associated withjtheigen-
shape of the PCA-model. The parameter which we take proportional to the sum of
all weights in the data-term, allows us to balance the infteesf the prior-term relative
to the data-term.

2.2. Texture Computation

Let7E . IG . IB . be the red, green and blue intensities of the ambient light. F
thermore, let/? | IS , IB Dbe the red, green and blue intensities of the directional
(parallel) light, which has directioh Then the observable coldg = [Ry G BT of

the k" vertex of the face model can be modeled as follows:

Ry = Rogs+ (R + Y BiRj) Ly + Litmy 1) (6)
j=1

where similar equations hold f@¥;, andB;,. In this equationR, s s is an offsetR;, and
R, are the red values of the" vertex of the average texture arith eigen-texture,
andny, is the normal surface vector emanating fromtHevertex. Note that the model
texture is used as the reflectance coefficient of a diffu$gitig model. Unlike in [7], we
do not add a specular component, because we experimeritaliywed that the diffuse
lighting model is sufficient to account for the lighting efte in our images. Given this
color model, the objective function we minimize is the feliog:

2 . ,
ﬂ,

Er = Z ZwTJc HIZ(sz) — Iy ”2 + A7 § # ) (7)
j=1 »J

keV i=1 j

Like in the shape computation, this energy consists of atta, which measures the
color difference between the input images and the textuwrensruction, and a prior-
term which constraints the texture deformation to reaskeneddues. The contribution
of each vertex color is weighted by a vertex specific weight;, which accounts for the
aforementioned foreshortening effects, and also allow® aéminish the influence of
outliers in the texture reconstruction. These outliersvaréces, for whom the sampled
image colorsZ;(x;;) are significantly different. The differences might be calbg
wrong shape reconstructions (i.e. image locations whenestcorrespondence was



not established), but also by specular highlights in eitfésoth images. We use the
following weighting function:

W,k X WS, €XP (—% d3 (T1 (x1r) — Zo(x21))) 8)

whered (x) is a squared distance definedyS~!x. ForS we take a robust estimate
of the covariance matrix of the color differenc®gx1x) — Zo(x2k)-

3. Mode Initialization and Optimization
3.1. Model Initialization

Before the shape enerdys defined in Eq.(4) is optimized w.r.t. the global transforma-
tion parameter® and shape parametess the 3D-model needs to be at a reasonable
start position. In this paper we assume that we have a setbfriedetectors at our
disposal, which are able to localize typical facial feasufeyes, nose, corners of the
mouth, etc.) if they are visible. Furthermore, these detsgirovide us with some indi-
cation of the spatial uncertainty of the detection. Typicdéature detectors provide a
detection value at each location in a certain region of @gernd report the position of
maximal detection value. L&t;, be the estimated position of tp&" feature in thei*"
image, and leB;,, be a2 x 2 scatter matrix which characterizes the spatial uncestaint
of this estimate. For the feature points of interest, we kfsaw the 3D-coordinates of
the corresponding vertex on the morphable model X gbe the 3D-coordinates of the
p'h feature, anck;, = P;07T 0S(X,,) be the projection of this point in thé" image.
The objective function we minimize is the following:

2 Np

Er= Z Z Sip(Xip — Xip)TSi_pl (Xip — Xip) , (9)

i=1 p=1

where N,, is the total number of features we consider agde {0,1} is a binary
variable which indicates whether or not thé feature was detected in th& image.
The initial model position is found by minimizing; w.r.t. the6 parameters of. If the
number of detections is large enough to render a uniqueisol(g¢.g.> 3 non-colinear
features are detected in both images), it is possible thdurbptimizeE; w.r.t. the
model shape parametans Using the same prior as in Eq.(4), the objective function
becomes:

2 Ny

mo o2
EI = Z Z 6ip(§ip - xiP)Tsvpl (sz sz + )\ Z g.J . (10)

i=1 p=1

We minimize this energy by Levenberg-Marquardt iteratidree gradient of; w.r.t.
the j*" global transformation parametgy is given by:

E T
@ = —2225“, Rip — Xip)S;! I, gg (12)
i=1 p=1



Fig. 3. Model initialization. Left column: the input stereo pairtivieature points and their spatial

uncertainty. Middle column: the fit of the model guided byfteture points. The fit is relatively

accurate, but alignment errors are still visible at the cout of the face. Right column: renderings
of the initialized model. The reconstruction is relativglyor, but the main facial features are
already visible.

Here, the2 x 3-matrix Jp, is the Jacobian of the projection functi@h evaluated at
ToS8(X,,) andd7T /06, is a3-derivative vector evaluated 8(X,, ). The gradient of;
w.r.t. thejt" shape parameter; is given by:

N.
8E1 2 L Ta—1 8X (0]
— =2 8in(Rin — Xin) TS 1 Ip. J P4 oon =L 12

where the3 x 3-matrix J 7 is the Jacobian of the rigid-body transformation evaluated
at S(X,), andoX, /da; is a3-derivative vector, which contains the XYZ-values of
the j'* eigen-shape at the position &,. The initialization procedure is graphically
illustrated in Fig.(3).

3.2. Shape Optimization

After the model initialization, the 3D face model is in apgirnate correspondence
with both input images. We now proceed with the optimizatibthe shape energlfs
defined in Eq.(4) w.r.t. the global transformation paramsefieand shape parameters
«. The purpose of this optimization is to establish stereocaspondence between both
images. The gradient dfs w.r.t. thej* global transformation parametetsis given



by:

0FEs T X1k
=2 wg k|21 (x1%) — To(x2)]" VI —
0]
23 wslZi(xar) — Ta(xan)) VI 22 (13)
kev !

The image gradient¥Z; are3 x 2-matrices and contain the spatial derivatives of the
R, G and B-component df; evaluated at positions;;,. The differential®x;;/06; are
2-vectors defined as follows:
3xik -3 8T(S(Xk))
a6, T a8,

The gradient offs w.r.t. thej*" shape transformation parametesscan be derived in
a similar fashion:

(14)

aEs T 8X1k
=2 T ~T T _
da, kz: wg k|21 (xX1k) 2(x2k)]” VI da,
(%
ox
2 ) wsklTa(xax) — Taloean)) VI (15)
key &
where the differential8x;,, /0a; are given by:
8Xi
aa’f = Jp,I7 Xy . (16)
J

HereX; is thek*" component of thg'” eigen-shape. We optimizZés with conjugate
gradient. During optimization, model vertices do not pebjento integral positions
in Z;, and we use bilinear interpolation to sample pixel and gnatdvalues from the
images. To avoid local minima, a pyramidal coarse-to-finatsgy with3 pyramidal
levels is followed. At the most coarse image scale, the péoameten s is set t020.0,
whereas at the finest image scale this value is lowersd)tdo speed up convergence,
we use a vertex sub-sampling approach, and the number ofexgtleertices is increased
at every pyramidal level1000, 2000 and 3000 at the respective pyramid levels). At
regular intervals, visibility is recomputed. On a standdedktop (P4, 2.6GHz), it takes
on average35 seconds for the algorithm to converge. The effect of thenoightion
procedure on the model fit is graphically illustrated in Hij). Different views of a
subject, together with untextured renderings of the 3D rhod¢éhe same pose, are
shown in Fig. (7).

3.3. Texture Optimization

After the shape extraction step, the textures from both asagre mapped onto the
vertices of the 3D-model. The resulting shape and posedsaere is described in terms
of the linear texture model of the 3D-morphable model. Thidane by minimizing the
energyEr in Eq.(7) w.r.t. the light source variables and texture fioieihts 3, where
we only take into account the texture of the points which aséle in both images.
We optimize Er with conjugate gradient, and s&t to 5.0. An example of a texture
reconstruction is shown in Fig.(5).



Fig.4. Shape optimization. Top row: the input stereo-pair with arertay of the final model
shape. Note that, compared to the initialization result ig.3), the accuracy of the fit has im-
proved. Particularly the alignment errors at the contourtbé face have largely disappeared.
Bottom row: renderings of the untextured model at its finalifpon.

Fig.5. Texture reconstruction. Top row: the stereo-pair of tegwwione. Bottom row, left: the
average of the textures extracted from both images. Thalfagjions which are not visible from
both images are displayed in gray. Note that the average dammed sharp, which is an indi-
cation of the quality of the shape reconstruction. Bottom, mght: the texture reconstruction by
the texture model.



4. Experimentsand Discussion

To validate our algorithm, an extensive image database widts b consists of stereo-
pairs of 70 subjects §5 males,35 females), recorded frorh different viewpoints. An
example of the stereo-pairs of one subject is shown in BigTBe first viewpoint,
which is frontal w.r.t. the stereo-pair, is used as trairongnrollment data. An example
is shown in the left column of Fig.(6). The shape and text@&ors of these faces are
stored in the memory of the recognition system, and all ggeare compared to them.
The nexts viewpoints range from a frontal to a profile view w.r.t. thewing direction
of the first camera, in equal stepsrofs radians. These views will serve as test data from
which query vectors are computed. Note that the first test,wehich is frontal, was
recorded separately from the training data. The lightingditions remained constant
over the course of the recordings. Lighting is complex withltiple light sources and
reflectors in the neighborhood of the subject. From Figt(éain be appreciated that the
recorded intensities on the facial part of the image varysicarably over the different
viewpoints.

Fig. 6. Stereo-pair database: one face from the stereo databas=fiEh row shows the images
from the left camera of the stereo-pair, the second row shitvrsmages taken from the right
camera. Left column: the training viewpoint, which showes $hbjects in frontal pose w.r.t. the
stereo cameras. Columns 2 to 6: the five test views with isorgaangle w.r.t. the training view.

For a particular person and particular viewpoint, we themgote the face model
parametersa;, 3). These are used as a query vector, and all training vectersoatred
according to their distance from the query vector. The ditafunction we use is a
weighted sum of Mahalanobis distances, defined as follows:

d(ar, Br;az, B2) = Aa(on — a2) " CLl (0 — az) +
Aa(B1— B2)"C5' (BL — B2) - (7)

Here, Ao and)g are weights which allow us to manipulate the importance efstape
coefficients w.r.t. the texture coefficients, afig andCg are the model covariance ma-
trices of shape and geometry. If the correct person is atrtefisition of the sorted list
of training vectors, we denote this as a correct identificatir rank-1" match. In the re-
sults, we report the percentage of correct identificationséch test viewpoint. We also
show the percentage of queries for which the correct pessambngst the first and5
positions ('rank-3’ and 'rank-5" matches). To gain moredgd in the roles of shape and



texture in the recognition performance, we also reportgaioon rates when we only
use the shape or the texture vectors in the queries. In adirarpnts 50 shape and0
texture components were used. The results are shown in {BblErom these figures,

| || testl | test2 [ test3 | test4 | test5 ]

rank 3jf  90.0 87.1 68.6 52.9 414
rank 3| 92.9 98.6 84.3 71.4 60.0
rank §| 94.3 98.6 90.0 85.7 72.9
rank Ijj 914 67.1 30.0 17.1 114
rank 3 92.9 84.3 44.3 25.7 12.9
rank§| 92.9 90.0 52.9 38.6 171
rank 1| 94.3 94.3 77.1 58.6 45.7
rank 3| 97.1 95.7 87.1 80.0 62.9
rank §| 97.1 95.7 92.9 85.7 68.6

Table 1. Recognition rates without coefficient weighting. Top tabdeognition rates based on
geometry only. Middle table: recognition rates based ornuexonly. Bottom table: recognition
rates based on combined geometry and texture features-Raretches are indicated in bold.

we immediately see that, except for the frontal test viees{'tl’), shape based recogni-
tion performs better than texture based recognition. Als®texture based recognition
rates drop sharply when the test views have increasing amgle the training view
('test 2,3,...). Both cues seem to be co-operative, i.e.résults based on both shape
and geometry features are better than the results baseé seplarate features.

In Blanzet al.[7], a coefficient weighting method was introduced, whidketginto
account the variation of model coefficients obtained froffedént images of the same
person. These variations may be due to several reasonsofal when the model is
fitted against images of the same person but from a diffefientpoint, different facial
features are estimated with a different accuracy. For el@mop the frontal views we
can expect an accurate assessment of the width and heidie &dde. For the 'depth
related features’ like the profile of nose, the prominenceyafbrows etc..., we can ex-
pect a much poorer assessment. On the profile views, on tbelwhd, the assessment
of the width of the face is much more difficult, whereas thefipg@f the nose can be
estimated accurately. Secondly, different lighting ctiods can introduce ambiguities
in the texture reconstruction, such as skin complexionugeistensity of illumination
[7]. We also noticed that there is light-source variatiotthivi the eigen-textures of the
model. This causes instabilities in the computation ofuextoefficients, because the
model is able to explain lighting conditions both with itght source variables and its
linear model. This probably explains the relatively poottiee based recognition re-
sults from Table (1). Finally, if the PCA model is not able éproduce the faces in the
input images, the algorithm will do as well as possible anldl distribute the residual
error over its coefficients. This distribution is likely te ldifferent for different view-
points.
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Fig.7. Shape optimization. Left column: the stereo-pair from Wwhize 3D reconstruction is
computed with an overlay of the final model shape. Columnar&j34: new views of the subject
and the untextured renderings of the 3D model at the cormedipg positions and orientations.

To account for these effects, the distance function in EQi€lmodified, to suppress
directions with high within-person variation in the whitshcoefficient spaces. The
whitening transformation compensates for the relative miade of the coefficients
and transformsx andg@ to o’ = Ca'*a and@’ = C;mﬁ, respectively. To suppress
directions with high within-person variation, the pooleithin-person scatter matrices
W, andWg are introduced into the Mahalanobis distances. To estiMateandW 3
independently from our test-set, we recorded a trainingcsasisting of stereo-pairs
of 30 more subjects1b males,15 females). The viewing conditions of this second
database are similar, but the lighting conditions are #ijgtiifferent. Let N = 30
andV = 5 be the number of persons and number of viewpoints per perstims
trainingset. Furthermore, Ietgj and,(-}{j be the computed (whitened) shape and texture
coefficients of the'” person in the*" view point, and le{a) and(3!) be the average
shape and texture coefficients of & person over all” viewpoints, respectively. The
weighting matrices are defined as follows:

W _i a l Z ’ ’ ’ \\T
«= 3 zﬁ: % Zj:(aij - <ai>)(aij — (7))

1 Y 1 v ’ ’ ’ \\T
W N Z v Z(ﬁij - </6i>)(/6ij - </31>) : (18)

These matrices estimate the spread of the model coeffieieritschanges in viewpoint,
and can be used to identify consistent and inconsistenttiires in the shape and tex-
ture feature spaces. Taking the shape coefficients as améxatirectionsa’ charac-



terized by a high value af/" W,/ are inconsistent w.r.t. the viewpoint from which
these coefficients are computed, whereas directighsharacterized by a low value
of a’TW o' are relatively stable w.r.t. viewpoint. By incorporatifigese weights in
Eq.(17), the importance of inconsistent directions canibeérdshed. The new distance
function is given by:

d(ar, Br; a2, B2) = Aa(ar — ) Ca? W2Ca? (o — an) +
\a(B1 — B2)"CL* W5'CL2 (81 — Ba) (19)

The final results are shown in Table (2). The performance thisoguite significant.
Especially the recognition rate of the texture-componeanss to benefit from the co-
efficient weighting.

| | testl | test2 [ test3 | test4 | test5 ]

rank 1| 94.3 84.3 80.0 74.3 60.0
rank 3| 98.6 95.7 94.3 88.6 75.7
rank §| 100.0 95.7 94.3 91.4 87.1
rank Ijf  94.3 97.1 80.0 68.6 429
rank 3| 95.7 98.6 91.4 82.9 67.1
rank§| 95.7 98.6 97.1 85.7 814
rank 1| 100.0 98.6 97.1 91.4 829
rank 3| 100.0 98.6 98.6 92.9 90.0
rank §| 100.0 100.0 100.0 97.1 92.9

Table 2. Recognition results with coefficient weighting. Top talseognition rates based on
geometry only. Middle table: recognition rates based ornuexonly. Bottom table: recognition
rates based on combined geometry and texture featdresnd \g were set to 0.7 and 0.3.

5. Conclusions

We presented a new method for face modeling and face redmgtiiom a pair of
calibrated stereo cameras. In thleape extractiorstep, the algorithm builds a stereo
reconstruction of the face by adjusting the global tramsfifon and shape parameters
of a 3D-morphable face model. Next, in ttexture extractiorstep, texture is sampled
from the image pair and represented in the texture spacesahtdrphable face model.
The resulting shape and texture parameters are charéictirighe analyzed face, and
can subsequently be used for face recognition.

In a face recognition experiment on a stereo databage stibjects, we reported
recognition rates fob different viewpoints. The initial recognition results asason-
able but a decrease in performance is noted for profile viBadicularly the texture
feature vector has relatively low discriminative power.wéwer, after weighting the
coefficients with the pooled within-person scatter magieeestimated independently



from the test set detection rates increase significantly. The resulting facegnition
system has state-of-the-art performance.

We believe that, with a refinement of the morphable face maklellevel of perfor-
mance can still increase. An obvious improvement is the eiséig component based
model with enhanced representative power. Furthermorejotieed that there is ev-
idence of light-source variation within the eigen-texsioé the model, which causes
instabilities in the computation of texture coefficienthiege variations should be ac-
counted for, prior to PCA-analysis.

Acknowledgments The authors acknowledge support from EU project Reveal-
This and IWT project 020195.

References

1. Bartlett, M. S., Lades, H. M., Sejnowski, T. J., “Indepentdcomponent representations for
face recognition,'Proc. of the SPIE Symposium on Electonic Imaging: SciendeTanhnol-
ogy, pp. 528-539, 1998.

2. Belhumeur, P. N., Hespanha, J. P., Kriegman, D. J., “BEéges vs. Fisherfaces: Recognition
Using Class Specific Linear ProjectionEEE Trans. PAMJ Vol. 19, No. 7, pp. 711-720,
1997.

3. Belhumeur, P., Kriegman, D., “What is the Set of Imagesrofodject Under All Possible
Lighting Conditions?,1JCV, Vol. 28, No. 3, pp. 245-260, 1998.

4. Beymer, D., “Face recognition under varying pose,“ Téehp. 1461. MIT Al Lab, Mas-
sachusetts Institute of Technology, Cambridge, MA

5. Beymer, D., “Vectorizing face images by interleaving@hand texture computations,” Tech.
Rep. 1537, MIT Al Lab, Massachusetts Institute of Techngl@pambridge, MA

6. Blanz, V., Vetter, T., “A morphable model for the syntlsesf 3D faces,"SIGGRAPH '99:
Proc. of the 26th Annual Conference on Computer Graphicslatetactive Techniquegp.
187-194, 1999.

7. Blanz, V., Vetter, T., “Face Recognition Based on Fittam@D Morphable Model,Y“EEE
Trans. PAM| Vol. 25, No. 9, pp. 1063-1074, 2003.

8. Cootes, T. F., Taylor, C. J., Cooper, D. H., Graham, J.till&cShape Models - Their Training
and Application,“Computer Vision and Image Understandinvgl. 61, No. 1, pp 38-59, 1995.

9. Dimitrijevic, M., llic, S., Fua, P., “Accurate Face Moddrom Uncalibrated and IlI-Lit Video
Sequences,lEEE Proc. Int. Conf. CVPRVol. 2, pp. 1034-1041, 2004.

10. Lanitis, A., Taylor, C. J., Cootes, T. F., “Automatic Eddentification System Using Flexible
Appearance Modelsmage Vis. Comput\ol. 13, pp. 393-401, 1995.

11. Moghaddam, B., Pentland, A., “Probabilistic Visual tréag for Object Representation,*
IEEE Trans. Pattern Anal. Mach. IntelMol. 19, pp. 696-710, 1997.

12. Pentland, A., Moghaddam, B., Starner, T., “View-Based Blodular Eigenspaces for Face
Recognition,“Proc. Int. Conf. Computer Vision and Pattern Recognitiop. 84-91, 1994.

13. Shan, Y., Liu, Z., Zhang, Z., “Model-Based Bundle Adjuent with Application to Face
Modeling,” International Conference on Computer Visjafol. 2, p. 644, 2001.

14. Turk, M., Pentland, A., “Eigenfaces for Recognitiodgurnal of Cognitive Neuroscience
Vol. 3, No. 1, 1991.

15. Wiskott, L., Fellous. J.-M., Kruger, N., von der Malsgu€., “Face Recognition by Elastic
Bunch Graph Matching,lEEE Trans. PAMIVol. 19, No. 7, pp. 775-779, 1997.

16. Zhao, W., Chellappa, R., Phillips, P. J., Rosenfeld;Pace recognition: A literature survey,”
ACM Comput. SuryMol. 35, No. 4, pp. 399-458, 2003.



