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Abstract
Given an accurate 3-D shape model of a scene, the
motion parameters of a moving camera can be recovered with high accuracy using model-based motion estimation techniques. Shape errors, however,
reduce the accuracy of this kind of motion estimation considerably. In this paper, model-based motion estimation is combined with simultaneous object shape refinement. A deformable 3-D shape
model of low dimensionality is employed to approximate the object shape. Camera position and
orientation for all views as well as object shape
refinements are estimated simultaneously from the
image data using an optical-flow-based approach.
In comparison to traditional flexible body motion
estimation, our formulation of the shape deformation allows the object texture to slide on the object
surface. Experimental results illustrate that combined shape and motion estimation using sliding
textures improves the calibration data of the individual views in comparison to fixed-shape modelbased camera motion estimation.

In this paper we present a formulation of combined shape and motion estimation that differs from
traditional flexible body motion estimation. Traditionally, the object texture is extracted from one
frame and is mapped onto the 3-D object surface
leading to a perfect reproduction of this frame after rendering. It is typically assumed that the original shape is very accurate and that the deformations
we want to estimate occur after initialization. In
case the object shape is only an estimate of the true
shape, we face the problem that after object surface
deformations the projection of the model leads to a
distorted version of this initial frame. This requires
to re-extract the texture from the frame and to remap it on the altered object surface. In this work,
the texture is not fixed to the object surface but
can slide on it in combination with surface deformations. This sliding texture concept ensures that
the projection of the object into the initial view always remains undistorted independent of the estimated shape refinement. This allows us to perform
3-D model-based motion estimation with a coarse
approximative shape that is refined during 3-D motion parameter recovery.

1 Introduction
Model-based 3-D motion estimation algorithms use
information about the 3-D shape of an object for
motion parameter recovery. For an accurate 3-D
shape description of an object, e.g., obtained from
a 3-D scanner, the motion parameters of a moving
camera can be recovered with high accuracy. Shape
errors, however, reduce the accuracy of modelbased motion estimation techniques considerably.
Therefore, rigid body model-based motion estimation has been extended to combined shape and motion estimation [1]-[5]. Simultaneous shape and
motion estimation has the advantage of a tight coupling of all available views since the estimated
shape updates have to be consistent within all views.
VMV 2001

We consider the case where many camera views
of an object are available but only very limited
or erroneous 3-D geometry information is available. Camera position and orientation for the camera views are unknown and are to be determined.
We employ a generic subdivision surface model to
approximate the object shape. This generic model
is initially spherical and is adapted to the object using the object silhouette. The resulting approximative object shape is then used to estimate the camera
position and orientation for all views together with
object shape refinements. Our algorithm requires in
its current formulation knowledge about the internal camera parameters which are estimated from a
camera calibration step [6] using a reference object.
Stuttgart, Germany, November 21–23, 2001

Figure 1: Shape model with increasing resolution.

2 3-D Shape Model

Figure 2: Shape initialization using silhouette information. Left: object silhouette and the generic
shape model before initialization. Right: adapted
object shape after initialization.

A generic 3-D shape model that is based on an
icosahedron is used to describe the shape of the
object. The icosahedron is defined by 12 control
points which form a triangle mesh as illustrated on
the left hand side of Fig. 1. Since 12 control points
are not sufficient to describe arbitrary object shapes,
the icosahedron is recursively subdivided until the
desired resolution or the desired number of control
points is reached. This subdivision is illustrated in
Fig. 1. The number of control points as a function
of the subdivision level can be computed as


    


points of the icosahedron that are projected outside
the object silhouette are scaled towards the object.
This initialization process is illustrated in Fig. 2.

4 Model-based 3-D Motion and Shape
Estimation

(1)

The adapted generic shape model provides us with
an initial 3-D description of the object for modelbased motion estimation. Model-based motion estimation permits accurate view calibration if the
available model itself is very accurate. This is true,
for instance, if the model stems from a 3-D laser
scanner. If the model deviates from the actual shape
of the object, as it is the case for the adapted generic
shape model in Section 3, the motion estimates reflect these model errors. In this case, simultaneous
estimation of motion and shape is required. In the
following we derive an algorithm that allows the
simultaneous estimation of 3-D motion parameters
and 3-D shape refinement from two or more views
of an object. The approach is based on the evaluation of spatial and temporal intensity gradients [7]
and leads to a set of linear equations for the unknown camera motion and object shape parameters
[9].
The 3-D model of the object as computed in Section 3 delivers shape but no texture information.
Therefore, the texture is extracted from the first
view , where the object pose is initialized. The
surface points of the 3-D shape model with respect
in the followto the object center are denoted as
ing. As shown in Fig. 3, a 3-D object point with
respect to the first camera view is then described

The control points can be moved individually for
shape approximation of an object. For increased
estimation robustness we restrict the movement of
control points to be radial only. The advantage of
this restriction is a decoupling of local shape deformations from global rotation and translation of the
object. Due to the limited number of control points
and the radial movement constraint, the shape modeling is of approximative nature.

3 3-D Shape Model Initialization
The generic 3-D shape model is by definition spherical and typically deviates considerably from the actual object shape. In order to facilitate the shape estimation we exploit object silhouette information, if
available, to adapt the generic model to the individual object shape. In case we have a rough estimate
of the camera position and orientation for all views,
we exploit object silhouettes in all views. If this information is not available we use only the silhouette
extracted from the first frame.
In a first step, the icosahedron is placed in the 3-D
space such that the projection into the first frame encloses the entire object. In the next step, the control
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Figure 3: Object and camera coordinate systems for
two camera views.
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refine either the motion parameters or the shape, or
both.
The following sections describe the formulation
of these estimation problems. Section 4.1 first derives the estimation equations for the case of correct
shape but inaccurate motion parameters. Section
4.2 then assumes correct motion and shows how
shape errors can be estimated using a novel sliding
texture formulation. Section 4.3 finally combines
both effects into a common estimation framework.

focal lengths, respectively, that relate world coordinates to pixel coordinates. The relative 3-D motion
from view to view together with the shape information from the 3-D model allows to generate
a motion-compensated approximation of frame ,
assuming Lambertian reflectance and the absence
of occlusion. The relative motion between the two
frames is described as
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for view . The corresponding 3-D point
for
the first view is computed using the relation in (5)
and finally the color is extracted from the projection
in (4).
To summarize, the color value at pixel position
in the motion-compensated frame
is a
function of the motion parameters
and
, the
object depth and the initial object position

*
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4.1

Model-based 3-D Rigid Body Motion
Estimation

In this section a correct 3-D shape model is assumed
and the image synthesis error after motion compensation from
to
is used to refine the 3-D rigid
body motion parameters. Explicit modeling of the
motion parameter error leads to the object point location
for view
using the following expression
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rendering the 3-D model geometry into a z-buffer
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where
,
and
are the rotational angles around the x-, y- and z-axes.
The resulting displacement error
between
and
can then be described after first order Taylor expansion as

The inherent linearization of the intensity in the
optical flow constraint and the approximations used
for obtaining a linear solution do not allow dealing
with large displacement vectors between two views.
To overcome this limitation, a hierarchical scheme
is used for the motion estimation. First, an approximation for the parameters is computed from lowpass filtered and sub-sampled images where the linear intensity assumption is valid over a wider range.
With the estimated parameter set a motion compensated image is generated by simply moving the 3-D
model and rendering it at the new position. Due to
the motion compensation, the differences between
the new synthetic image and the camera frame de(10) crease. Then, the procedure is repeated at higher
resolutions, each time yielding a more accurate motion parameter set. In our current implementation,
with
,
, and
we use three levels of resolution, starting from 88 x
being the depth obtained from the model after ren72 pixels. For each new level the resolution is doudering it into a z-buffer with the known motion pabled in both directions leading to a final resolution
rameters
and
. Combining this description
of 352 x 288 pixels (CIF). Experiments with this hiof rigid body motion with the optical flow constraint
erarchical scheme show that displacements of up to
equation [7]
30 pixels between two frames can be estimated.
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results in a linear equation for the six unknown motion parameters
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3-D Shape Estimation Using Sliding
Textures
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In the case of 3-D shape estimation, the camera moand
are assumed to be cortion
parameters
(12)
rect and the object shape to be erroneous. The color
to
given as
with
value at pixel position
in frame is a
function of the motion parameters, the object depth,
and the initial object position as shown in (7). Image synthesis after motion compensation from
towards
produces frame
which is a distorted
version of due to the object shape errors.
In the following, we describe how the intensity
differences between and
can be exploited for
object shape refinement. As mentioned before, the
control points of the shape model are constrained
to move radially with respect to the object center.
Traditionally, the texture is extracted from frame
(13) and is mapped onto the 3-D surface leading to a perfect reproduction of after rendering of the model
At least six equations are necessary for the algowith arbitrary shape. After object surface deformarithm to determine the motion parameters. For
tions, however, the projection of the model leads to
robustness, we set up (12) for each pixel correa distorted version of . In our sliding texture approach the texture is not fixed to the object surface
sponding to the object and solve the resulting overbut can slide on it in combination with surface dedetermined system of linear equations in the leastformations. While the control points defining the
squares sense.
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object shape move radially, the texture movement is
restricted along the line of sight for each pixel in .
This ensures that the projection of the model into
always remains undistorted.
Fig. 4 illustrates the influence of the radial control point movement on the object surface and the
sliding texture concept for a particular pixel location in view . We assume that the model exhibits
shape errors and denote the inaccurate 3-D position of an object surface point caused by these eris radirors as . Imagine that the 3-D point



displacements similar to the previous section, we
in Fig. 4. The tangenfirst determine the point
tial plane
through point
is given by
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Since the control points can be moved in radial di-
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rection only, the deformation of the object surface
can be locally modeled as a shift of the tangential
plane as shown in Fig. 4. The shifted plane becomes
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This plane is then intersected with the line of sight
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Assuming a locally planar object surface described
by the tangential plane in Fig. 4, both 3-D points
and
are projected to the same pixel position
in the image plane. The 3-D point
represents
the deformed object surface and is obtained via intersection of the shifted tangential plane through
with the line of sight. Please
note, that this deformation description differs from
traditional flexible body modeling where the color
at
and
would be identical.
In our case, the color is not fixed for a 3-D point
but along the line of sight. Therefore, the points
and
have the same color which means that the
texture slides from
to
due to the object shape
refinement.
For a given 3-D motion from view
to
surface deformations produce image plane displacements which can be exploited for shape refinement.
In order to arrive at a description of the image plane
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leading to the new object point !%$
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For a given 3-D motion $?+ , and $?+ from frame 
to frame  * the points ! P $ and ! $ project to the same
image point in frame  but to different image plane
positions in frame  * . Assuming that !@
P $ represents
the inaccurate object surface point position and !%$
the correct position, the motion-compensated version of the inaccurate object point ! P $ becomes
!,P + '& $?+  !@P $ A( $ V( $ >( $?+ 
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For the corresponding object point !@$ after defor-

Figure 4: Illustration of the radial shape deformation and the sliding texture concept.

!P $

!,   ! P $e/

mation we obtain

 ( $ V( $ >
 ( ?$ + 
! + '& $?+  ! $ A

*

(21)

Projection into the image plane and Taylor series
expansion of first order leads to the image displacements
and in horizontal and vertical direction
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Similar to Section 4.1 the resulting over-determined

linear system of equations can be solved in a least. *  . Q * Z  Ry n  ( $ 
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ject model into a z-buffer.
Equation (22) is valid for every object surface
point . The surface, however, is modeled using
a finite set of control points. Each object surface
point is described by a linear combination of 3 control points. We therefore replace
in (22) by

each pixel position that is covered by the object.
Since the number of pixels corresponding to the
object typically exceeds the number of unknowns,
the resulting over-determined linear system of
equations can be solved in a least-squares sense.
Please note, that the inherent linearization again
requires an iterative solution using the hierarchical
estimation scheme described at the end of Section
4.1.
So far we have considered only two frames
and . In the case of
available views
the combination of motion and shape estimation
has the additional advantage that the simultaneous
shape update generates a 3-D model that is consistent with all frames. This leads to a tight coupling of
the multiple motion estimation problem across all
views in comparison to the traditional model-based
motion estimation approach where the motion for
each frame is estimated independently. The number
of unknowns in the resulting linear system of equations increases correspondingly to
.
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with , , being the barycentric coordinates for
the object point !@
P $ in the triangle formedRyby conreptrol points ¡ , H¢ , and £ . The quantities
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resent the radial scaling factor of control point ¡ .

Combination of (22) and (24) with the optical flow
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5 Simulation Results for Combined
trol points of the triangle enclosing the surface point



3-D Shape and Motion Estimation
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of the refined object shape from the correct shape of
as a function of the number of
the cassette in
frames employed. The resulting object shape is then
again used to determine the relative motion for all
views. It can be observed that increasing the number of frames used for simultaneous shape and motion estimation improves the object shape (
in
Fig. 6) and leads to more accurate motion estimates
(
and
in Fig. 6). Best results are obtained
when estimating shape and motion simultaneously
from all available views which corresponds to the
right-most points on the curves in Fig. 6.
In our second experiment we use 29 frames of
sequence captured using a camera
the
mounted on a robot arm [8]. Fig. 7 shows three
views after object silhouette extraction and background removal. The views are calibrated using a

R 7

Figure 5: Frame 1 and 10 of the cassette sequence
as well as the initial object geometry.

RS^

7

of the first frame (Fig. 5) and the extension in direction of the cassette is erroneously selected to
. This introduces a considerable shape error
be
which prevents the 3-D model based motion estimator from providing accurate motion parameters
for the 20 frames. The combined shape and motion
estimator as described in the previous section, however, can correct the shape errors and improve the
motion parameter estimates. Starting from the ini-
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Figure 7: Three views of the test sequence Garfield
after silhouette extraction and background removal.
reference calibration object [6]. Given these view
calibration parameters we compare the following
three cases for object shape recovery. In the first
case we use the shape-from-silhouette step in Section 3 only. In the second case we refine this initial
object shape using the shape estimation algorithm
described in Section 4.2. For the third case we employ combined shape and motion estimation as described in Section 4.3 for object shape refinement.
We measure the MSE between motioncompensated images and the original views
for these three cases. For motion compensated prediction we map a reference image on the estimated
shape model and render it with view parameters of
neighboring frames. The larger the deviation of the
model shape from the actual object shape, the larger
the mean squared error after motion compensation.
MSE values are converted into PSNR values using

0 mm
20

Figure 6: Average rotational and translational motion error as a function of the number of frames used
for simultaneous shape and motion estimation.
represents the average deviation of the estimated
from the original object depth.

R 7

tial object shape, the relative motion for all 20 views
is estimated using the rigid body model-based motion estimator in Section 4.1. This corresponds to
the left-most points on the curves in Fig. 6. It can
be seen that the erroneous shape causes a considerable motion error. We then use the simultaneous
shape and motion estimation as described in Section 4.3 to obtain a shape refinement of our initial
object model. The shape refinement is performed
using a varying number of frames of the sequence
(6, 12, and 20). Fig. 6 shows the average deviation

»M¼@=^ K½¿¾-À

{ ´-´ *
ÁL¼@Â

(29)

where larger PSNR values correspond to better
motion-compensated prediction. In order to simulate the influence of inaccurate view calibration
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gradients. Shape and motion refinements are estimated simultaneously in order to exploit their mutual dependency. Our formulation of object deformation allows the object texture to slide on the object surface in order to reduce image distortions due
to shape modifications. Experimental results show
that combined shape and motion estimation leads to
a considerable improvement in comparison to independent estimation of shape or motion.
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Figure 8: PSNR after motion-compensated prediction as a function of initial rotational calibration error.
data, we modify the rotational component of the
calibration data in steps of 1 degree. A rotational error of zero degree means we use the original view calibration data that we obtained from
camera calibration. The larger the initial calibration error the larger the deviation of the initial object shape from the actual shape. Fig. 8 shows
the PSNR values after motion compensation as a
function of the initial rotational calibration error.
The motion-compensated images show poor quality (small PSNR values) if the object shape after
the shape-from-silhouette step is used. After shape
estimation as described in Section 4.2 we observe
reduced prediction error (larger PSNR). The quality of the motion-compensated pictures decreases,
however, rapidly as the calibration error increases.
The third curve in Fig. 8 shows the results after
combined motion and shape estimation as proposed
in Section 4.3. Here, even for large initial calibration errors the shape and motion errors are corrected
which leads to significantly higher PSNR values for
the motion compensated images.

6 Conclusions
In this paper we present a formulation for simultaneous shape refinement and motion parameter estimation from multiple camera views. Image displacements due to erroneous shape and motion are
linearly related to the observable image intensity
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