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Abstract
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In this paper we present two methods to improve
the accuracy of three-dimensional motion estima-
tion in analysis synthesis coding by using illumi-
nation models. A Lambertian and a reflectance
map approach are given which are both compu-
tationally efficient. Experiments on real images
show that the mean squared error between syn-
thetic and camera images compared to global illu-
mination compensation can be reduced by a fac-
tor of 4 and 5, respectively.

1 Introduction

Model-based video coding is a promising ap-
proach for very low bit rate compression.
In a model-based video coding system three-
dimensional motion and scene structure are ana-
lyzed using models of the objects. At the decoder
the scene is synthesized with respect to the same
models using parameters received from the coder.
An important application for model-based cod-
ing is video telephony where the scene contents
is usually restricted to head and shoulders. The
coder has to extract information of facial motion
and mimics. The estimated parameters (e.g. ac-
tion units [3]) in combination with a 3D model of
the head are sufficient to reconstruct a realistic
appearance of the speaking person at the decoder.
Data rates of less than 1 kbit/s are achievable by
transmitting just a small number of parameters
and a small amount of side information for model
updates [4]. The structure of such a system is
shown in Figure 1.

The coder in our system uses a hierarchical
gradient-based scheme to extract the relative mo-
tion parameters between two successive frames in
head-and-shoulder scenes. In order to obtain the
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Figure 1: Structure of a model-based system

absolute 3D position of the head model, the sum
of all previously estimated motion vectors must
be taken into consideration. This can lead to an
error accumulation after several video frames due
to small errors in the motion estimation process.
To avoid a mismatch between synthetic and cam-
era images a feedback loop is introduced at the
coder as shown in Figure 2 [1],[2]. The extracted
motion parameters are not only transmitted to
the decoder but are also used to render the same
synthetic image at the coder. The motion estima-
tion is then performed between the new camera
frame I(k) and the previous synthetically gen-
erated image Î(k − 1) which ensures that the 3D
shape model and the 2D image are consistent and
no error accumulation occurs.
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Figure 2: Feedback structure of the coder



However, the 3D model used for rendering the
synthetic images cannot describe the object in
the camera images perfectly. Model failures make
motion estimation more difficult and reduce the
quality of the synthesized images. Different illu-
mination conditions are one important cause of
model failures.

For minimization of model failures illumination
models are added to the 3D scene and both mo-
tion and illumination are estimated. The syn-
thetic images can then be adapted to the actual
illumination conditions. In this paper we show
that the accuracy of the estimated motion pa-
rameters as well as the registration of synthetic
and real image are significantly improved. Due
to the use of linear illumination models the addi-
tional computational effort remains small.

This paper is organized as follows. First, the
basic geometry and the camera model used for
the motion estimation are shown. We then briefly
discuss the estimation of motion parameters for
a rigid body moving in 3D space. After that we
describe two different approaches for the estima-
tion of illumination conditions. Finally, results
for the proposed methods are presented.

2 Camera Model

The three-dimensional scene used for the param-
eter estimation and the rendering of the synthetic
images consists of a camera model, a head model
and an illumination model. The camera model
and its associated coordinate systems are shown
in Figure 3.
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Figure 3: Scene geometry

The 3D coordinates of an object point [x y z]T

are projected into the image plane assuming per-
spective projection.

Xp − X0 = −fx
x

z

Yp − Y0 = −fy
y

z
(1)

Here, fx and fy denote the focal length multiplied
by scaling factors in x- and y-direction, respec-
tively. These scaling factors transform the image
coordinates X and Y into pixel coordinates Xp

and Yp according to equation (2). In addition,
they allow the use of non-square pixel geometries.

fx = f · sx fy = f · sy (2)

The two parameters X0 and Y0 describe the im-
age center and its translation from the optical
axis due to inaccurate placement of the CCD-
sensor in the camera. All four parameters fx, fy,
X0 and Y0 are obtained from an initial camera
calibration and remain constant during a video
sequence as long as no change in the focal length
(zoom) is applied.

For simplicity, normalized pixel coordinates Xn

and Yn are introduced.

Xn =
Xp − X0

fx
, Yn =

Yp − Y0

fy
(3)

3 Rigid body motion

The object moving in the scene is assumed to be
rigid and therefore the motion can be described
by a rotation R around the object center �xc and a
translation �t. The 3D position of an object point
�x after a rigid body motion is given by

�x′ = R(�x − �xc) + �xc + �t. (4)

The rotation is described by a normalized rota-
tion axis and an angle Θ specifying the amount of
rotation around this axis. Under the assumption
of a small rotation between two successive frames
a linearized variant of the rotation matrix R can
be derived.

R =




1 −nzΘ nyΘ
nzΘ 1 −nxΘ
−nyΘ nxΘ 1




=




1 −rz ry

rz 1 −rx

−ry rx 1


 . (5)



Motion estimation requires the point correspon-
dences in the two-dimensional image plane. The
three-dimensional constraint

x′ ≈ x

(
1 + ry

z − zc

x
− rz
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x
+

tx
x

)

y′ ≈ y
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x − xc

y
− rx

z − zc

y
+

ty
y

)

z′ ≈ z

(
1 + rx

y − yc

z
− ry

x − xc

z
+

tz
z

)
(6)

is projected in the image plane according to (1).
Assuming only small object motion between suc-
cessive frames leads to the following equation for
the 2D pixel displacements.

X ′
p − Xp ≈
−fx

(
ry(1 − zc

z
) + rz(Yn +

yc

z
) +

tx
z
−

Xn

(
rx(Yn +

yc

z
) − ry(Xn +

xc

z
) − tz

z

))

Y ′
p − Yp ≈

fy

(
rz(Xn +

xc

z
) + rx(1 − zc

z
) − ty

z
+

Yn

(
rx(Yn +

yc

z
) − ry(Xn +

xc

z
) − tz

z

))
(7)

This equation is a linearized description of the
point correspondences in the image plane with
the unknown motion parameters tx, ty, tz, rx, ry

and rz. The object center has already been cal-
culated in the previous frame and the distance of
the object points from the camera origin z can be
determined from the 3D model of the object.

4 Motion Estimation

For the motion estimation we use the optical flow
constraint equation

IXp · u + IY p · v + It = 0 (8)

where [IXp IY p] is the gradient of the intensity
at point [Xp Yp], u and v the displacement in x-
and y-direction and It the intensity gradient in
temporal direction. We do not compute the opti-
cal flow field by using additional smoothness con-
straints and then extracting the motion parame-
ters from this flow field, but estimate the trans-
lation and rotation of the rigid body by means
of the constraint given in (7). This constraint
directly characterizes the displacement [u v] and
together with (8) a linear equation system for the

six unknowns can be set up. For each pixel of the
object we obtain one equation

a0rx+a1ry+a2rz+a3
tx
zc

+a4
ty
zc

+a5
tz
zc

= −It, (9)

where a0 to a5 are given by

a0 = IXpfxXnYnc + IY pfy

(
1 − zc

z
+ YnYnc

)

a1 = −IXpfx

(
1 − zc

z
+ XnXnc

)
− IY pfyYnXnc

a2 = −IXpfxYnc + IY pfyXnc

a3 = −IXpfx
zc

z

a4 = −IY pfy
zc

z

a5 = −IXpfxXn
zc

z
− IY pfyYn

zc

z
(10)

with the abbreviations

Xnc = Xn +
xc

z
, Ync = Yn +

yc

z
. (11)

Because the object usually covers more than 6
pixels we obtain a highly overdetermined system
that can be solved in a least-squares sense

[rx ry rz
tx
zc

ty
zc

tz
zc

]T = −(AT A)−1AT It. (12)

Matrix A consists of the coefficients a0 to a5 com-
puted for each pixel of the object. The high
number of equations makes it also possible to
discard some potential outliers that can be es-
timated from the gradient values before solving
the linear system.

The optical flow constraint equation assumes
the luminance being locally linear and is therefore
only able to handle very small displacements. To
overcome this requirement a hierarchical coarse-
to-fine approach with subsampled images is used
to increase the range of possible motions. First,
an initial estimate for the motion parameters is
computed from very small images. With these
parameters a motion compensated synthetic im-
age is generated that is now much closer to the
camera image. This step is repeated at higher
resolutions to decrease the residual error. With
four different levels of resolution the algorithm
converges for translations up to 30 pixels and ro-
tations up to 15 degrees between two frames (CIF
resolution).



5 Lambertian Illumination

In order to increase the accuracy of the motion
estimation an illumination model is added to the
3D scene. The first model presented here is a
Lambertian model [6], [7] where the assumed illu-
mination consists of ambient light and directional
light. The ambient component is diffuse and non-
directional whereas the direct light can be gener-
ated by a point light source that is sufficiently
far from the object being shaded. For this model
four parameters must be estimated: two speci-
fying the direction of the point light source and
two for the intensity of the direct and the ambi-
ent light, respectively. In contrast to the work of
Stauder [5] who estimates the illumination pa-
rameters from two real video frames, the illu-
mination differences here are estimated between
real and synthetic images. The synthetic image,
however, is generated from the 3D-model which
is homogeneously illuminated with ambient light.
This homogeneous illumination can be achieved
by the knowledge of the illumination conditions
during the creation of the model. The main ad-
vantage of this approach is that the illumination
can now very easily be estimated by minimizing
the error in a linear least-squares sense. The re-
lation between corresponding pixel intensities in
the real and synthetic image is given by

Ireal = Isyn · (kamb + kdir · max(−�l · �n, 0)) (13)

where Ireal and Isyn are the pixel intensities of
the images, kamb and kdir the reflection coef-
ficients, �l the direction of the direct light and
�n = [nx ny nz]T the surface normal of unit length
corresponding to the pixel. The only nonlinear
term in this equation is the maximum function
which can be eliminated by taking into account
only those areas where the dot product between
surface normal and light direction is less than
zero. For this purpose an initial light direction
must be assumed. However, the estimate is ro-
bust over a wide range of initial directions. If
this is not sufficient, the calculated estimate can
be used as the initial light direction for a second
iteration step.

For each pixel of the object we obtain one lin-

earized equation

[Isyn − Isynnx − Isynny − Isynnz]




x0

x1

x2

x3


 = Ireal

(14)
leading to an overdetermined linear system with
four unknowns that is solved with a least square
estimator. The illumination parameters are ex-
tracted from the solution using the fact that the
direction vector �l is normalized to unity.

kamb = x0

kdir =
√

x2
1 + x2

2 + x2
3

lx =
x1

kdir

ly =
x2

kdir

lz =
x3

kdir

(15)

Once the parameters for the illumination model
are obtained the synthesized image can be illumi-
nation compensated using equation (13) for each
pixel of the object.

6 Reflectance Map

A second and more general approach for the il-
lumination estimation is the use of a reflectance
map [6]. This method is not restricted to Lam-
bertian reflection and can handle multiple light
sources. The reflection which is a function of
the surface normal �n is not defined by an explicit
model (e.g. equation (13) for the Lambertian ap-
proach), but described by a number of sampling
points for discrete values of the normal. The sur-
face normal has two degrees of freedom leading
to a function that can be represented by a ta-
ble. The relation between the pixel intensities
for pixel i between the synthetic image Isyn and
the illuminated camera image Ireal is given by

Ireal,i = Isyn,i · r(�ni). (16)

With the assumption of a homogeneously illumi-
nated object model, the discrete entries of the
table, approximating the reflection r(�n), can be
estimated from the quotients of real and syn-
thetic pixel intensities Ireal,i

Isyn,i
belonging to the cor-

responding normal directions.



Due to the discrete character of the table the
reflectance coefficient of the surface can be ap-
proximated more accurately by increasing the
size N of the table. Figure 4 shows the depen-
dency between table size and mean squared error
(MSE) of synthetic and camera images after mo-
tion and illumination compensation.
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Figure 4: MSE after motion and illumination
compensation for different table sizes of the re-
flectance map

After acquisition of the reflectance map the
synthetic image is adjusted to the camera image
by multiplying each pixel by the reflectance map
entry that is specified by the surface normal at
that point. For normal directions not directly
corresponding to a table entry a bilinear interpo-
lation of the four table neighbors is performed.

Figure 5 shows the estimated reflectance as a
function of the surface normal (nx and ny) for an
object that is mainly illuminated from the right.
The left image is computed with the Lambertian
model with an ambient and a directional light
component. The image on the right side is ob-
tained from the reflectance map which can better
approximate the behavior of the reflectance. On
the other hand the surface is not as smooth as
the one for the Lambertian model that has fewer
degrees of freedom.
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Figure 5: Estimated reflectance for Lambertian
approach (left) and reflectance map (right)

7 Results and Experiments

The algorithm was tested for both synthetic and
real image data. A video sequence of a rigid head
(Figure 7) is recorded with a calibrated camera
and well-defined motion parameters. In addi-
tion, the head is scanned with a 3D laser scanner
[8] to obtain the three-dimensional structure and
the texture of the head. The texture quality is
further improved by extracting texture elements
from multiple views. The motion parameters of
the video sequence are estimated both with and
without illumination compensation and are com-
pared to the correct values. Motion and illumi-
nation estimation are alternately applied.

Table 1 shows the average error of the motion
parameters for camera images in CIF resolution
(352 x 288 pixels). The head object is rotated
around the y-axis and translated along coordi-
nate directions. The amount of motion is varied
from 3 to 12 degrees for the rotation and 3 to
48 mm for the translation. As shown by the ta-
ble the average error magnitude calculated from
14 frames is reduced in all cases when perform-
ing an illumination estimation and compensation.
For the given geometries the translational error
of 0.15 mm corresponds to a displacement of 0.08
pixels for CIF resolution, a rotational error of
0.38o leads to a displacement of about 0.5 pix-
els at the tip of the nose. Larger variations of tz
are caused by the relatively small viewing angle
of 30o.

∆Θ ∆tx ∆tz

Without illumina- 0.45o 0.61 mm 3.9 mm
tion compensation
With illumination 0.38o 0.15 mm 1.5 mm
compensation

Table 1: Average error magnitude of the esti-
mated motion parameters from 14 frames

Even more evident is the improvement of the
difference image between the camera and the syn-
thetic image after the illumination adaption. Fig-
ure 6 shows the difference between both images
after motion compensation. On the left hand side
only the ambient part of the light is estimated
which corresponds to a global illumination com-
pensation for the whole object. Especially at the



sides of the head and at the nose large differences
are visible due to normal variation of these sur-
face parts. However, when using the proposed
illumination compensation these errors vanish as
it can be seen on the right hand side of Figure 6.

Figure 6: Differential images after global com-
pensation (left) and with Lambertian approach
(right)

Table 2 shows the mean squared error after
motion compensation for the different methods
of illumination compensation averaged over 14
frames. This error is defined as

MSE =
1

WH

W,H∑
x,y

(Ireal(x, y)− Isyn(x, y))2 (17)

with W, H being the width and height of the im-
ages and Ireal and Isyn the intensities of the cam-
era and the synthetic image, respectively. The
use of the Lambertian model decreases the MSE
to 25.2 % compared to the global light com-
pensation with an ambient light model. With
the reflectance map a reduction to 20 % can be
achieved. Figure 7 illustrates the similarity of
camera and synthetic images after the use of il-
lumination models.

MSE MSE/MSEAmbient

Ambient 72.29 100 %
Lambert 18.16 25.2 %
Reflectance map 14.52 20.0 %

Table 2: Average MSE and reduction of MSE
compared to a global light compensation

8 Conclusions

In this paper we have presented an algorithm for
the estimation of 3D motion parameters in anal-
ysis synthesis coding. It has been shown that

                        

Figure 7: Similarity of camera image (left) and
synthetic image (right)

the accuracy of the estimation can be increased
by adding illumination models. Two methods,
a Lambertian model and a reflectance map ap-
proach, were proposed. Experiments showed that
the MSE between camera and synthetic images
can be reduced up to a factor of 5 by using illu-
mination compensation.
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