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Abstract

In this paper we present a model-based algorithm
for the estimation of 3D motion and the analysis of
facial expressions of a speaking person. A set of facial
animation parameters based on the MPEG-/ standard
is determined from two successive video frames using a
hierarchical optical flow based method. The motion in
the image plane is constrained by a 3D triangular B-
spline model that defines shape, texture and facial ex-
pressions of an individual person. The computational
requirement for this solution is low due to the linear
structure of the algorithm.

1 Introduction

Model-based coding is a promising approach for
very low bit-rate video compression. Motion parame-
ters of objects are estimated from video frames using
three-dimensional models of the objects. These mod-
els describe the shape and texture of the objects. At
the decoder, the video sequence is synthesized by ren-
dering the models at the estimated positions.

The head of a speaking person cannot be modeled
as a rigid body. Local deformations due to facial ex-
pressions must be taken into consideration when an-
alyzing the 3D facial motion [1, 2]. We assume that
facial expressions can be represented by a linear com-
bination of small elementary local movements. These
movements are described by facial animation param-
eters (FAPs). Examples of face parameterization are
the Facial Action Coding System [3] and the system
of the MPEG-4 SNHC group [4] that is used in this
work.

In our coder all these parameters are estimated si-
multaneously using a hierarchical optical flow based
method. The optical flow constraint is combined with
the parameterized 3D motion equations for each ob-
ject point. The determination of the motion as a func-
tion of the FAPs is simplified due to the use of trian-
gular B-splines for the head surface construction. In

this way we only have to model the motion of a small
number of control points.

2 Camera Model

The three-dimensional scene used for parameter es-
timation and rendering of the synthetic images con-
sists of a camera model and a head model. For the
camera model we use perspective projection where the

3D coordinates of an object point [z y 2|7 are pro-
jected into the image plane according to
T
Xp = XO - fm_
z
Y
Y, = Yo—- fy;. (1)

Here, f, and f, denote the focal length multiplied
by scaling factors in x- and y-direction, respectively.
These scaling factors transform the image coordinates
into pixel coordinates X, and Y,. In addition, they
allow the use of non-square pixel geometries. The two
parameters X and Yy describe the image center and
its translation from the optical axis due to inaccurate
placement of the CCD-sensor in the camera. For sim-
plicity, normalized pixel coordinates X,, and Y,, are
introduced

3 Head Model

The estimated motion parameters are constrained
by a 3D model of the speaking person specifying 3D
shape and facial expressions. The shape of the generic
model is adapted to an individual person using a 3D
laser scan. Like other well-known facial models [5, 6],
our head model also consists of a number of triangles
onto which texture is mapped to obtain a photoreal-
istic appearance [7]. The shape of the surface is, how-
ever, modeled by second order triangular B-splines [8]
that allow to locally control the shape with a small



number of control points c;. The coordinates of the
vertices v; in the mesh is then defined by the positions
of the control points ¢; according to

v = ZNjici, such that Zsz = 1) (3)
iel iel

with Nj; being the precalculated basis functions.

B-splines are well-suited for the modeling of facial
skin [9] and constrain the motion of neighboring ver-
tices which simplifies modeling of facial expressions.
For the parameterization of facial expressions the pro-
posal of the MPEG-4 SNHC group [4] was chosen. By
changing the facial animation parameters, the control
points of the spline surface are moved which results
in a new shape for the 3D model. Two examples of
expressions rendered with this head model can be seen
in Figure 1.

Figure 1: Hlustration of different synthesized facial
expressions.

4 Facial Parameter Estimation

The motion estimation algorithm presented in this
paper estimates the facial animation parameters from
two successive frames. To avoid error accumulation in
the long-term parameter estimation, a feedback loop
is used [10, 11] as depicted in Figure 2. The model
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Figure 2: Feedback structure of the coder.

of the head is moved according to the parameters es-
timated from frame I(k) and I(k-1) and a synthetic

image is generated by rendering the model with mod-
ified shape and position. The estimation is then per-
formed between the actual camera frame and the syn-
thetic image of the previous frame which assures that
no large misalignment of the model occurs. The feed-
back loop is also used in our hierarchical approach to
compensate the facial motion before starting the next
iteration on a higher resolution level. To reduce errors
that are caused by linearizations in the algorithm, we
first estimate the parameters with subsampled images.
This rough estimate is then used to compensate the
motion in the synthetic image leading to a new frame
that is closer to I(k). These steps are repeated on
higher resolution images resulting in more and more
accurate facial parameters.

For the motion estimation the whole image is used
by setting up the optical flow constraint equation

Ix-u+Iy-v+1;=0 (4)

where [Ix Iy] is the gradient of the intensity at point
[X, Y,], uand v the velocity in x- and y-direction and
I, the intensity gradient in temporal direction.

Instead of computing the optical flow field by using
additional smoothness constraints and then extract-
ing the motion parameter set from this flow field, we
estimate the facial animation parameters from (4) to-
gether with the 3D motion equations of the head’s
object points [1]. For a rigid body motion the motion
equation can be easily written in terms of a translation
and a rotation. When allowing the body to be flexi-
ble, this is no longer possible and the motion equation
must be set up at each object point independently.
The trajectory of an object point is, however, not in-
dependent of its neighbors but is constrained by the
head model that describes motion of surface points as
a function of facial animation parameters.

Local deformations caused by facial expressions are
taken into consideration by changing the facial anima-
tion parameters. These FAPs determine the position
of all object points in the synthetic image by applying
different transformations as shown in Figure 3. First
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Figure 3: Transformation from FAPs to image points.
the control points of the surface are moved according

to the given FAPs. Using the basis functions of the
splines the position of the vertices can be calculated



from the control points. Three vertices form a triangle
and the 3D motion of all object points inside this tri-
angle specified by their barycentric coordinates is de-
termined. The 2D image point is finally obtained by
projecting the 3D point into the image plane. These
transformations, that are all linear except for the pro-
jection, must be incorporated into our algorithm to
obtain a second constraint that can be used together
with (4).

The new control point position ¢’ can be deter-
mined from the position c in the previous frame by

¢ =c+ Z apdg (5)
k

where aj are the changes of the facial animation pa-
rameters between the two frames that are estimated
by the algorithm and dj the 3D direction vectors of
the corresponding movement.

Strictly speaking, equation (5) is just valid for
translations. If a number of control points are rotated
around given axes by some action units, the descrip-
tion for the motion of control points becomes much
more complicated due to the combination of rotation
(defined by rotation matrices) and translation. The
order of these operations can no longer be changed
and the use of matrix multiplication results in a set
of equations that is nonlinear in the parameters that
have to be estimated. However, we can use the lin-
ear description (5) also for rotation, if we assume that
the rotation angles between two successive frames are
small. Then, the trajectory of an object point k that
is rotating around the center O can be approximated
by its tangent dj as shown in Figure 4. This tan-
gent differs for all object points, but we have to set
up equation (5) for all points anyhow because of local
deformations in the surface. For a rotation with the

Figure 4: Approximation of rotations.

angle a
a = ay - Sg, (6)

that is defined by the facial animation parameter ay
and the corresponding scaling factor s; the length of

the translation vector dj can be calculated by
|dk| = ag T - Sk. (7)

Here, r is the distance between the object point and
the given rotation axis. With this assumption (the
direction of dj, is specified by the direction of the tan-
gent), equation (5) can also be used for rotation lead-
ing to a simple linear description for the FAPs that can
be estimated very efficiently. The small error caused
by the approximation vanishes after some iterations in
the feedback structure shown in Figure 2.

Having modeled the shift in control points, the mo-
tion of the vertices of the triangular mesh can be de-
termined using (3) and the local motion of an object
point x is calculated from that using

X = Z )\me = Z(Z /\mij)cj, (8)
m=0

j€J m=0

where \,, are the barycentric coordinates of the object
point in the triangle that encloses that point. The
motion equation for a surface point can be represented
as

x/:x+2aktk:x+T~a, (9)

k

where t;’s are the new direction vectors to the corre-
sponding facial animation parameter calculated from
d; by applying the linear transforms (3) and (8). T
combines all the vectors in a single matrix and a is
the vector of all FAPs. Let t,, t, and t, be the row
vectors of this matrix. The components of equation
(9) are given by:

1

¥ = x(l+;tz~a) (10)
1

yoo= g+ oty -a) (11)
1

2 = z(l—&-;tz-a). (12)

Dividing (10) and (11) by (12), inserting the camera
model (1) and using a first order approximation leads
to
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Y -Y = —=(t, +Y,t,)a. (13)

Together with (4) a linear equation at each pixel po-
sition can be set up

IXfxta: + Inyty + (IszXn + InyYn)tz] a= It
(14)

|



with z being the depth information coming from the
model. We obtain an overdetermined system that can
be solved in a least-squares sense with low compu-
tational complexity. The size of the system depends
directly on the number of implemented FAPs.

5 Experimental Results

To analyze the accuracy of the proposed method
a number of synthetic images with well defined facial
animation parameters are rendered. For every pair of
images the estimated facial parameters are compared
with the correct values. The algorithm is run with
three different levels of resolution with a final resolu-
tion of 352 x 288 pixels (CIF). The viewing angle of
the camera is about 25°. The absolute error of the es-
timated facial parameters averaged over several frames
is 0.06% of the maximum value leading to an average
PSNR in the facial area of 80 dB. This shows that the
original and the estimated images are basically iden-
tical.

In a second experiment a video sequence of a talk-
ing person is recorded in CIF resolution. The facial
animation parameters are estimated for all 230 frames
and the corresponding synthetic sequence is rendered.
Two frames of the camera sequence and the synthe-
sized frames from the estimated parameters are shown
in Figure 6. The PSNR between original and synthetic
images is measured in the facial area leading to an av-
erage PSNR of 32.0 dB coded with 0.58 kbit/s at 12.5
Hz. The changes of PSNR during time are depicted

in Figure 5.
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Figure 5: PSNR of a coded talking head sequence.

6 Conclusions

In this paper we have presented an algorithm for
the estimation of facial animation parameters from
monocular video sequences. The approach is model-
based and uses a 3D model specifying shape and tex-
ture of a head. This model constrains the 3D motion
of the object points and together with the optical flow
constraint the parameters are estimated by our linear

Figure 6: two camera frames of a talking head se-
quence (left) and synthetic images (right).

hierarchical approach. Experimental results show that
the estimation works well for both synthetic and real
video sequences.
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