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Abstract

This paper presents a new method for face modeling and face recognition from a pair of
calibrated stereo cameras. In a first step, the algorithm builds a stereo reconstruction
of the face by adjusting the global transformation parameters and the shape parame-
ters of a 3D morphable face model. The adjustment of the parameters is such that stereo
correspondence between both images is established, i.e. such that the 3D-vertices of the
model project on similarly colored pixels in both images. Ina second step, the texture
information is extracted from the image pair and represented in the texture space of the
morphable face model. The resulting shape and texture coefficients form a person spe-
cific feature vector and face recognition is performed by comparing query vectors with
stored vectors. To validate our algorithm, an extensive image database was built. It con-
sists of stereo-pairs of 70 subjects. For recognition testing, the subjects were recorded
under 6 different head directions, ranging from a frontal toa profile view. The face
recognition results are very good, with 100% recognition on frontal views and 97%
recognition on half-profile views.

1. Introduction

Over the past decades, the task of automatic face recognition has received considerable
attention from the computer vision community. One of the driving forces behind this
research is the wide range of commercial and law enforcementapplications related to
it [16]. Furthermore, the human capability of recognizing faces under variable viewing
conditions which include light variations, differences inpose, and the presence or ab-
sence of facial features (glasses, beards,...) is remarkable, and keeps on attracting the
attention of researchers from different fields.

Given the vast number of face recognition related publications, it is impossible to
give a detailed account of past research. Here, we restrict ourselves to a short overview
of some landmark papers, where we follow the taxonomy proposed by Zhaoet al. [16].
For the particular task of face recognition from still images, Zhaoet al. distinguish
between three main categories, being (i) holistic matching methods, (ii ) feature based
or structural matching methods and (iii ) hybrid methods which combine characteristics
of both approaches. In the first category, the visual contentof the complete face region is
used as input for the classification system. The system then extracts a low-dimensional
feature vector and compares it to stored examples. Typical examples are the PCA-based
Eigenfaces technique [14,11], Fisherfaces [2] and ICA-based representations [1]. In the



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

second category, the position and appearance of local features like eyes, nose, etc. are
determined and a feature vector is built from these descriptors. A typical example is
the Elastic Bunch Graph Matching system [15], which uses ’wavelet jets’ to encode
local appearance. Many successful systems belong to the third category, and use both
local and global descriptors. Notable contributions are the modular Eigenfaces approach
[12] and the Flexible Appearance Model [10] which uses an ASM-model [8] to encode
shape, and PCA to encode image intensities.

The major challenge in automatic face recognition is to develop a system that per-
forms illumination and pose invariant recognition. An interesting approach to illumi-
nation invariant recognition is based on the so-called Illumination Cone [3]. One of
the most early attempts to solve the multi-pose recognitionproblem is due to Beymer
et al. [4,5]. The method uses a vectorized image representation at each pose, which
allows to map the texture information onto a (frontal) reference shape. Arguably the
most principled approach to pose invariant recognition makes use of 3D morphable
face models. Blanz and Vetter [6] introduced a flexible 3D model learned from exam-
ples of individual 3D face data. In [7] a morphable componentmodel is fitted against
a multi-pose database of 68 subjects. The resulting shape and texture coefficients form
a person specific feature vector, and face recognition is performed by comparing the
computed feature vector with a set of stored vectors.

In this paper, we propose a multi-camera approach to face recognition, which ad-
dresses the problems of illumination and pose variation. Inour setup, two calibrated
cameras are used, and the algorithm computes a 3D-shape and texture representation
of the face in front of the system. These representations areparametrized by the linear
shape and texture coefficients of a 3D-morphable face model.In a first step, the 3D-
shape of the face is determined. Rather then first computing adense depth map of the
scene, and then approximating the face related part of this map within the shape-space
of the 3D-model, wedirectly fit the morphable 3D-model to the set of stereo-images,
hence the nameparametric stereo. This greatly reduces the degrees of freedom (DOFs)
in the depth-from-stereo problem: from one DOF per pixel to the number of shape pa-
rameters of the 3D-model plus 6 (the DOFs related to rotational and translational com-



ponents of the global transformation). Next, the texture from both images are mapped
onto the vertices of the 3D-model, and this shape and pose free texture is described in
terms of the linear texture model of the 3D-morphable model.The geometry of para-
metric stereo is shown in Fig.(1).

Using a 3D face model to constraint 3D solutions to possible model realizations
is not new. For example, in the context of structure-from-motion, such an approach
was followed by Shanet al. [13] and Dimitrijevicet al. [9]. In structure-from-motion,
an uncalibrated video stream is used as input, and the algorithm must simultaneously
estimate the unknown camera parameters and the facial modelparameters. In [9], for
a given video frame, 2D point-correspondences are established in neighboring frames
and the camera and model parameters are optimized by means ofbundle-adjustment.
The minimization criterion is the reprojection error of the3D-points that are obtained
by intersecting the current model hypothesis with the camera rays defined by the 2D-
points in the central frame. This criterion is not symmetricw.r.t. the input images, how-
ever, the authors argue that the introduced biases cancel each other because many point
correspondence pairs are used. In our approach, on the otherhand, the cameras are
already calibrated and the stereo images are captured simultaneously. This allows us
to formulate of a symmetric criterion, which measures the quality of the model fit by
color-differences, rather than reprojection distances, of corresponding points.

The advantage of the proposed method, compared to the approach of Blanz and
Vetter [7], is that the shape and texture computations are performed separately. Given
predominant diffuse or Lambertian reflection, the perceived color of a particular point
of the face is the same in all images. Therefore, shape optimization is possible without
having to worry about the number of lights in the scene, theirintensities and the shad-
ows they cast on the face. Next, in a separate computation, and with knowledge of the
facial shape (i.e. surface normal directions), the lighting effects can be compensated for
while estimating the coefficients of the linear texture model. In the approach of Blanz
and Vetter, on the other hand, all effects have to be accounted for simultaneously, re-
sulting in a formidable optimization problem. Furthermore, the number of lights in the
scene has to be specified aforehand. Note that the Lambertianassumption, which un-
derlies the shape-from-stereo approach, is relatively mild, because the stereo solution is
computed directly in the 3D model space. Because the modes ofthe morphable model
are global (i.e. changing a parameter alters the global facial appearance), the method
can deal with a fair amount of specular reflections which typically occur locally. The
stereo-setup also puts strong constraints on the 3D-shape solution which, in principle,
should allow for more accurate recognition performance than single image approaches.
On the down-side, our approach requires a multi-camera setup. However, in many com-
mercial and law enforcement applications like entrance control, PIN-code verification
and surveillance, the employment of multiple cameras is no objection.

The remainder of this paper is organized as follows. In section 2 we briefly intro-
duce the stereo setup and the morphable model, and explain the energy formulation
underlying the shape and texture computations. In section3 we discuss the model ini-
tialization and optimization related issues. Section4 describes the experimental setup
and discusses the multi-pose recognition results. We end the paper with some general
conclusions and a description of future work.



2. Problem Setting

Suppose we have2 imagesIi, i ∈ {1, 2}, which associate a 2D-coordinatex with an
image valueIi(x). If we are dealing with color images, this value is a 3-vectorand
for intensity images it is a scalar. The images are taken with2 cameras of which we
know the internal and external calibrations. The cameras are represented by the3 × 4
projection matricesPi:

Pi = Ki[R
T
i | − R

T
i ti] , (1)

whereKi, Ri andti are the camera matrix, rotation and translation of theith camera,
respectively. The projection matrices project homogeneous 3D pointsXh =[X Y Z 1]T

to homogeneous 2D pointsxh = λ[x y 1]T linearly: xh = PiX
h. The corresponding

image coordinatex is easily found by dividing out the homogeneous factor. We will
denote the overall projection transformation asx = Pi(X).

Furthermore, we have a morphable 3D-face model1 which consists of an orthonor-
mal shape and texture basis. This morphable model is the result of a PCA analysis of a
set of 3D-laser scans of human faces. The scans have been brought into correspondence,
such that the same vertex of each model corresponds to the same physical point on the
face. LetS be a3N -dimensional shape vector which is formed by the concatenation of
theN 3D-coordinates of the vertices of the facial model:

S = [X1 Y1 Z1. . .XNYNZN ]T .

Let T be a3N -dimensional texture vector which is formed by the concatenation of the
N RGB-color values associated with these vertices:

T = [R1 G1 B1. . .RNGNBN ]T .

The shape and texture vectors of a particular face can now be realized independently as
linear combinations of the so-calledeigen-shapesSj andeigen-texturesTj :

S = S +
m∑

j=1

αjSj , T = T +
m∑

j=1

βjTj . (2)

Here,S andT are the average shape and texture vector, and the linear coefficients
αj andβj constitute the shape and texture description vectorsα andβ which fully
characterize the model realization. The effects of the firstshape and texture eigenvectors
on the average face are visualized in Fig.(2). In what follows, we will use the term
face modelto describe a particular shape and texture combination(S,T), and we will
preserve the termPCA modelfor the generative statistical model (i.e. the collection
of shape and texture averages and eigenvectors) itself. LetXk, k ∈ {1, .., N}, be the
kth vertex of the face model, then the shape transformation of this vertex is denoted as
S(Xk).

The 3D-coordinates of the vertices of the face model are defined w.r.t. an object
centered coordinate system. The model can be moved around bya rigid body transfor-
mationT applied to each (shape-transformed) vertex of the model:

T ◦ S(Xk) = R
(
S(Xk) − 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. Left:the average model shape and
the effect of the 1st eigen-shape (±2σ) on the average. Note the changes in scale, as well as the
transition from female to male characteristics. Right: theaverage model texture and the effect of
the 1st eigen-texture (±2σ) on the average.

whereR is a3×3 rotation matrix,t is a translation vector, andC is the geometrical
mean of the average face shape. The transformation has6 free parameters which are
jointly denoted asθ. Note that we have not included a scale parameter because thescale
variation of human faces is incorporated in the first eigen-shapes of the PCA-model.

Our goal is to estimate a particular set of global transformation, shape and texture
parameters (θ, α, β), which best explain the input imagesI1 andI2. We proceed as
follows. First, in theshape recoverystep, we determine the values ofθ andα which
establish stereo-correspondence between both input images. Put differently, we wish to
find those parameter values, such that for all model verticesX which are visible in both
images, the image color at their respective projections inI1 andI2 are as much alike
as possible, i.e.I1

(
P1 ◦ T ◦ S(X)

)
∼ I2

(
P2 ◦ T ◦ S(X)

)
. To reach this objective,

we only manipulate the parameter setsθ andα. Next, in thetexture recoverystep, the
color information of both images is back-projected onto theface model, giving rise
to a shape-free facial texture vector. This is then described as a linear combination of
eigen-textures, while simultaneously the effects of ambient and directional lighting are
accounted for.

2.1. Shape Computation

If we write xik for the projection of thekth vertex of the face model in theith image,
i.e.xik = Pi◦T ◦S(Xk), the objective function we minimize is the following:

ES =
∑

k∈V

wS,k ‖I1(x1k) − I2(x2k)‖2 + λS

m∑

j=1

α2

j

σ2

S,j

, (4)

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

In the data-term, the contribution of thekth color difference is weighted with a
vertex specific weightwS,k. The purpose of this weight is two-fold. First, it allows us
to account for foreshortening effects in the model projection, as a result of which the
majority of vertex projections cumulate nearby the contours of the face in bothI1 and
I2. Next, it allows us to assign more importance to the frontal part of the face, i.e. the



eyes, nose and mouth regions, which are more important for revealing identity than, say
the cheek or forehead regions. We use the following weighting function:

wS,k ∝ d(Xk)Sk nk ·v . (5)

The functiond(Xk) is an exponentially decaying function which depends on the dis-
tance (in cylindrical coordinates) from thekth vertex to the center of the face,Sk is the
area of the surface patch around thekth vertex,nk is the surface normal vector at this
vertex andv is the average viewing direction of both cameras. We includethe patch
areaSk because the vertices are not evenly distributed over the surface of the model
(the 3D-laser sensor samples the facial surface at cylindrical coordinates).

In the prior-term,σ2

S,j is the variance (i.e. eigenvalue) associated with thejth eigen-
shape of the PCA-model. The parameterλS , which we take proportional to the sum of
all weights in the data-term, allows us to balance the influence of the prior-term relative
to the data-term.

2.2. Texture Computation

Let IR
amb, IG

amb, IB
amb be the red, green and blue intensities of the ambient light. Fur-

thermore, letIR
dir , IG

dir, IB
dir be the red, green and blue intensities of the directional

(parallel) light, which has directionl. Then the observable colorIk = [Rk Gk Bk]T of
thekth vertex of the face model can be modeled as follows:

Rk = Roff + (Rk +

m∑

j=1

βjRjk)(IR
amb + IR

dirnk ·l) , (6)

where similar equations hold forGk andBk. In this equation,Roff is an offset,Rk and
Rjk are the red values of thekth vertex of the average texture andjth eigen-texture,
andnk is the normal surface vector emanating from thekth vertex. Note that the model
texture is used as the reflectance coefficient of a diffuse lighting model. Unlike in [7], we
do not add a specular component, because we experimentally observed that the diffuse
lighting model is sufficient to account for the lighting effects in our images. Given this
color model, the objective function we minimize is the following:

ET =
∑

k∈V

2∑

i=1

wT,k ‖Ii(xik) − Ik ‖
2 + λT

m∑

j=1

β2

j

σ2

T,j

. (7)

Like in the shape computation, this energy consists of a data-term, which measures the
color difference between the input images and the texture reconstruction, and a prior-
term which constraints the texture deformation to reasonable values. The contribution
of each vertex color is weighted by a vertex specific weightwT,k, which accounts for the
aforementioned foreshortening effects, and also allows usto diminish the influence of
outliers in the texture reconstruction. These outliers arevertices, for whom the sampled
image colorsIi(xik) are significantly different. The differences might be caused by
wrong shape reconstructions (i.e. image locations where stereo correspondence was



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

wT,k ∝ wS,k exp
(
−

1

2
d2

S

(
I1(x1k) − I2(x2k)

))
, (8)

whered2

S
(x) is a squared distance defined byx

T
S
−1

x. ForS we take a robust estimate
of the covariance matrix of the color differencesI1(x1k) − I2(x2k).

3. Model Initialization and Optimization

3.1. Model Initialization

Before the shape energyES defined in Eq.(4) is optimized w.r.t. the global transforma-
tion parametersθ and shape parametersα, the 3D-model needs to be at a reasonable
start position. In this paper we assume that we have a set of feature detectors at our
disposal, which are able to localize typical facial features (eyes, nose, corners of the
mouth, etc.) if they are visible. Furthermore, these detectors provide us with some indi-
cation of the spatial uncertainty of the detection. Typically, feature detectors provide a
detection value at each location in a certain region of interest, and report the position of
maximal detection value. Let̂xip be the estimated position of thepth feature in theith

image, and letSip be a2×2 scatter matrix which characterizes the spatial uncertainty
of this estimate. For the feature points of interest, we alsoknow the 3D-coordinates of
the corresponding vertex on the morphable model. LetXp be the 3D-coordinates of the
pth feature, andxip = Pi◦T ◦S(Xp) be the projection of this point in theith image.
The objective function we minimize is the following:

EI =

2∑

i=1

Np∑

p=1

δip(x̂ip − xip)T
S
−1

ip (x̂ip − xip) , (9)

whereNp is the total number of features we consider andδip ∈ {0, 1} is a binary
variable which indicates whether or not thepth feature was detected in theith image.
The initial model position is found by minimizingEI w.r.t. the6 parameters ofθ. If the
number of detections is large enough to render a unique solution (e.g.> 3 non-colinear
features are detected in both images), it is possible to further optimizeEI w.r.t. the
model shape parametersα. Using the same prior as in Eq.(4), the objective function
becomes:

EI =

2∑

i=1

Np∑

p=1

δip(x̂ip − xip)T
S
−1

ip (x̂ip − xip) + λI

m∑

j=1

α2

j

σ2

S,j

. (10)

We minimize this energy by Levenberg-Marquardt iterations. The gradient ofEI w.r.t.
thejth global transformation parameterθj is given by:

∂EI

∂θj
= −2

2∑

i=1

Np∑

p=1

δip(x̂ip − xip)T
S
−1

ip JPi

∂T

∂θj
. (11)



Fig. 3. Model initialization. Left column: the input stereo pair with feature points and their spatial
uncertainty. Middle column: the fit of the model guided by thefeature points. The fit is relatively
accurate, but alignment errors are still visible at the contour of the face. Right column: renderings
of the initialized model. The reconstruction is relativelypoor, but the main facial features are
already visible.

Here, the2×3-matrix JPi
is the Jacobian of the projection functionPi evaluated at

T ◦S(Xp) and∂T /∂θj is a3-derivative vector evaluated atS(Xp). The gradient ofEI

w.r.t. thejth shape parameterαj is given by:

∂EI

∂αj
= −2

2∑

i=1

Np∑

p=1

δip(x̂ip − xip)
T
S
−1

ip JPi
JT

∂Xp

∂αj
+ 2λI

αj

σ2

S,j

, (12)

where the3×3-matrix JT is the Jacobian of the rigid-body transformation evaluated
at S(Xp), and∂Xp/∂αj is a 3-derivative vector, which contains the XYZ-values of
the jth eigen-shape at the position ofXp. The initialization procedure is graphically
illustrated in Fig.(3).

3.2. Shape Optimization

After the model initialization, the 3D face model is in approximate correspondence
with both input images. We now proceed with the optimizationof the shape energyES

defined in Eq.(4) w.r.t. the global transformation parameters θ and shape parameters
α. The purpose of this optimization is to establish stereo correspondence between both
images. The gradient ofES w.r.t. thejth global transformation parametersθj is given



by:

∂ES

∂θj
= 2

∑

k∈V

wS,k[I1(x1k) − I2(x2k)]T∇I1

∂x1k

∂θj
−

2
∑

k∈V

wS,k[I1(x1k) − I2(x2k)]T∇I2

∂x2k

∂θj
(13)

The image gradients∇Ii are3×2-matrices and contain the spatial derivatives of the
R, G and B-component ofIi evaluated at positionsxik. The differentials∂xik/∂θj are
2-vectors defined as follows:

∂xik

∂θj
= JPi

∂T (S(Xk))

∂θj
. (14)

The gradient ofES w.r.t. thejth shape transformation parametersαj can be derived in
a similar fashion:

∂ES

∂αj
= 2

∑

k∈V

wS,k[I1(x1k) − I2(x2k)]T∇I1

∂x1k

∂αj
−

2
∑

k∈V

wS,k[I1(x1k) − I2(x2k)]T∇I2

∂x2k

∂αj
(15)

where the differentials∂xik/∂αj are given by:

∂xik

∂αj
= JPi

JT Xjk . (16)

HereXjk is thekth component of thejth eigen-shape. We optimizeES with conjugate
gradient. During optimization, model vertices do not project onto integral positions
in Ii, and we use bilinear interpolation to sample pixel and gradient values from the
images. To avoid local minima, a pyramidal coarse-to-fine strategy with3 pyramidal
levels is followed. At the most coarse image scale, the priorparameterλS is set to20.0,
whereas at the finest image scale this value is lowered to5.0. To speed up convergence,
we use a vertex sub-sampling approach, and the number of selected vertices is increased
at every pyramidal level (1000, 2000 and3000 at the respective pyramid levels). At
regular intervals, visibility is recomputed. On a standarddesktop (P4, 2.6GHz), it takes
on average35 seconds for the algorithm to converge. The effect of the optimization
procedure on the model fit is graphically illustrated in Fig.(4). Different views of a
subject, together with untextured renderings of the 3D model in the same pose, are
shown in Fig. (7).

3.3. Texture Optimization
After the shape extraction step, the textures from both images are mapped onto the
vertices of the 3D-model. The resulting shape and pose free texture is described in terms
of the linear texture model of the 3D-morphable model. This is done by minimizing the
energyET in Eq.(7) w.r.t. the light source variables and texture coefficientsβ, where
we only take into account the texture of the points which are visible in both images.
We optimizeET with conjugate gradient, and setλT 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 an overlay of the final model
shape. Note that, compared to the initialization result in Fig.(3), the accuracy of the fit has im-
proved. Particularly the alignment errors at the contour ofthe face have largely disappeared.
Bottom row: renderings of the untextured model at its final position.

Fig. 5. Texture reconstruction. Top row: the stereo-pair of test view one. Bottom row, left: the
average of the textures extracted from both images. The facial regions which are not visible from
both images are displayed in gray. Note that the average has remained sharp, which is an indi-
cation of the quality of the shape reconstruction. Bottom row, right: the texture reconstruction by
the texture model.



4. Experiments and Discussion

To validate our algorithm, an extensive image database was built. It consists of stereo-
pairs of70 subjects (35 males,35 females), recorded from6 different viewpoints. An
example of the stereo-pairs of one subject is shown in Fig.(6). The first viewpoint,
which is frontal w.r.t. the stereo-pair, is used as trainingor enrollment data. An example
is shown in the left column of Fig.(6). The shape and texture vectors of these faces are
stored in the memory of the recognition system, and all queries are compared to them.
The next5 viewpoints range from a frontal to a profile view w.r.t. the viewing direction
of the first camera, in equal steps ofπ/8 radians. These views will serve as test data from
which query vectors are computed. Note that the first test view, which is frontal, was
recorded separately from the training data. The lighting conditions remained constant
over the course of the recordings. Lighting is complex with multiple light sources and
reflectors in the neighborhood of the subject. From Fig.(6) it can be appreciated that the
recorded intensities on the facial part of the image vary considerably over the different
viewpoints.

Fig. 6. Stereo-pair database: one face from the stereo database. The first row shows the images
from the left camera of the stereo-pair, the second row showsthe images taken from the right
camera. Left column: the training viewpoint, which shows the subjects in frontal pose w.r.t. the
stereo cameras. Columns 2 to 6: the five test views with increasing angle w.r.t. the training view.

For a particular person and particular viewpoint, we then compute the face model
parameters(α, β). These are used as a query vector, and all training vectors are sorted
according to their distance from the query vector. The distance function we use is a
weighted sum of Mahalanobis distances, defined as follows:

d
(
α1, β1; α2, β2

)
= λα(α1 − α2)

T
C

−1

α (α1 − α2) +

λβ(β1 − β2)
T
C

−1

β (β1 − β2) . (17)

Here,λα andλβ are weights which allow us to manipulate the importance of the shape
coefficients w.r.t. the texture coefficients, andCα andCβ are the model covariance ma-
trices of shape and geometry. If the correct person is at the first position of the sorted list
of training vectors, we denote this as a correct identification or ’rank-1’ match. In the re-
sults, we report the percentage of correct identifications for each test viewpoint. We also
show the percentage of queries for which the correct person is amongst the first3 and5
positions (’rank-3’ and ’rank-5’ matches). To gain more insight in the roles of shape and



texture in the recognition performance, we also report recognition rates when we only
use the shape or the texture vectors in the queries. In all experiments,50 shape and50
texture components were used. The results are shown in Table(1). From these figures,

test 1 test 2 test 3 test 4 test 5

rank 1 90.0 87.1 68.6 52.9 41.4
rank 3 92.9 98.6 84.3 71.4 60.0
rank 5 94.3 98.6 90.0 85.7 72.9

rank 1 91.4 67.1 30.0 17.1 11.4
rank 3 92.9 84.3 44.3 25.7 12.9
rank 5 92.9 90.0 52.9 38.6 17.1

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 5 97.1 95.7 92.9 85.7 68.6

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

we immediately see that, except for the frontal test view (’test 1’), shape based recogni-
tion performs better than texture based recognition. Also,the texture based recognition
rates drop sharply when the test views have increasing anglew.r.t. the training view
(’test 2,3,...’). Both cues seem to be co-operative, i.e. the results based on both shape
and geometry features are better than the results based on the separate features.

In Blanzet al. [7], a coefficient weighting method was introduced, which takes into
account the variation of model coefficients obtained from different images of the same
person. These variations may be due to several reasons. First of all, when the model is
fitted against images of the same person but from a different viewpoint, different facial
features are estimated with a different accuracy. For example, on the frontal views we
can expect an accurate assessment of the width and height of the face. For the ’depth
related features’ like the profile of nose, the prominence ofeyebrows etc..., we can ex-
pect a much poorer assessment. On the profile views, on the other hand, the assessment
of the width of the face is much more difficult, whereas the profile of the nose can be
estimated accurately. Secondly, different lighting conditions can introduce ambiguities
in the texture reconstruction, such as skin complexion versus intensity of illumination
[7]. We also noticed that there is light-source variation within the eigen-textures of the
model. This causes instabilities in the computation of texture coefficients, because the
model is able to explain lighting conditions both with its light source variables and its
linear model. This probably explains the relatively poor texture based recognition re-
sults from Table (1). Finally, if the PCA model is not able to reproduce the faces in the
input images, the algorithm will do as well as possible and will distribute the residual
error over its coefficients. This distribution is likely to be different for different view-
points.



Fig. 7. Shape optimization. Left column: the stereo-pair from which the 3D reconstruction is
computed with an overlay of the final model shape. Columns 2,3and 4: new views of the subject
and the untextured renderings of the 3D model at the corresponding positions and orientations.

To account for these effects, the distance function in Eq.(17) is modified, to suppress
directions with high within-person variation in the whitened coefficient spaces. The
whitening transformation compensates for the relative magnitude of the coefficients
and transformsα andβ to α′ = C

−1/2

α α andβ′ = C
−1/2

β β, respectively. To suppress
directions with high within-person variation, the pooled within-person scatter matrices
Wα andWβ are introduced into the Mahalanobis distances. To estimateWα andWβ

independently from our test-set, we recorded a training setconsisting of stereo-pairs
of 30 more subjects (15 males,15 females). The viewing conditions of this second
database are similar, but the lighting conditions are slightly different. Let N = 30
andV = 5 be the number of persons and number of viewpoints per person in this
trainingset. Furthermore, letα′

ij andβ′

ij be the computed (whitened) shape and texture
coefficients of theith person in thejth view point, and let〈α′

i〉 and〈β′

i〉 be the average
shape and texture coefficients of theith person over allV viewpoints, respectively. The
weighting matrices are defined as follows:

Wα =
1

N

N∑

i

1

V

V∑

j

(α′

ij − 〈α′

i〉)(α
′

ij − 〈α′

i〉)
T

Wβ

1

N

N∑

i

1

V

V∑

j

(β′

ij − 〈β′

i〉)(β
′

ij − 〈β′

i〉)
T . (18)

These matrices estimate the spread of the model coefficientsw.r.t. changes in viewpoint,
and can be used to identify consistent and inconsistent directions in the shape and tex-
ture feature spaces. Taking the shape coefficients as an example, directionsα′ charac-



terized by a high value ofα′T
Wαα′ are inconsistent w.r.t. the viewpoint from which

these coefficients are computed, whereas directionsα′ characterized by a low value
of α′T

Wαα′ are relatively stable w.r.t. viewpoint. By incorporating these weights in
Eq.(17), the importance of inconsistent directions can be diminished. The new distance
function is given by:

d
(
α1, β1; α2, β2

)
= λα(α1 − α2)

T
C

− 1

2

α W
−1

α C
− 1

2

α (α1 − α2) +

λβ(β1 − β2)
T
C

− 1

2

β W
−1

β C
− 1

2

β (β1 − β2) . (19)

The final results are shown in Table (2). The performance boost is quite significant.
Especially the recognition rate of the texture-component seems to benefit from the co-
efficient weighting.

test 1 test 2 test 3 test 4 test 5

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 5 100.0 95.7 94.3 91.4 87.1

rank 1 94.3 97.1 80.0 68.6 42.9
rank 3 95.7 98.6 91.4 82.9 67.1
rank 5 95.7 98.6 97.1 85.7 81.4

rank 1 100.0 98.6 97.1 91.4 82.9
rank 3 100.0 98.6 98.6 92.9 90.0
rank 5 100.0 100.0 100.0 97.1 92.9

Table 2. Recognition results with coefficient weighting. Top table:recognition rates based on
geometry only. Middle table: recognition rates based on texture only. Bottom table: recognition
rates based on combined geometry and texture features.λα andλβ were set to 0.7 and 0.3.

5. Conclusions

We presented a new method for face modeling and face recognition from a pair of
calibrated stereo cameras. In theshape extractionstep, the algorithm builds a stereo
reconstruction of the face by adjusting the global transformation and shape parameters
of a 3D-morphable face model. Next, in thetexture extractionstep, texture is sampled
from the image pair and represented in the texture space of the morphable face model.
The resulting shape and texture parameters are characteristic for the analyzed face, and
can subsequently be used for face recognition.

In a face recognition experiment on a stereo database of70 subjects, we reported
recognition rates for5 different viewpoints. The initial recognition results arereason-
able but a decrease in performance is noted for profile views.Particularly the texture
feature vector has relatively low discriminative power. However, after weighting the
coefficients with the pooled within-person scatter matrices− estimated independently



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

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