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ABSTRACT

A method for the enhancement of geometry accuracy in shape-
from-shading frameworks is presented. For the particular case
of turntable scenarios, an optimization scheme is presented that
minimizes silhouette deviations which correspond to shape errors.
Only three unknown parameters have to be optimized leading to a
robust and relatively fast framework. In spite of the small number
of parameters, experiments have shown that the silhouette error
can be reduced by a factor of more than 10 even after an already
quite accurate camera calibration step. The quality of an additional
texture mapping can also be drastically improved making the pro-
posed scheme applicable as a preprocessing step in many different
3-D multimedia applications.

1. INTRODUCTION

Photorealistic 3-D computer models of real objects and scenes are
key components in many 3-D multimedia systems. The quality
of these models often has a large impact on the acceptability of
applications like virtual walk-throughs (e.g., city guides or vir-
tual museums), caves, computer games, product presentations in
e-commerce, or other virtual reality systems. Although the ren-
dering of 3-D computer scenes can be performed in real-time even
on hand-held devices, the creation and design of 3-D models with
high quality is still time consuming and thus expensive. This has
motivated the investigation of a large number of methods for the
automatic acquisition of textured 3-D geometry models from mul-
tiple views of the object.

One class of approaches often used due to its robustness and
simplicity is called shape-from-silhouette or shape-from-contours
[1, 2, 3]. For shape estimation, multiple views of an object are
captured and in the images, the object is segmented from the back-
ground. The contour in the image plane forms — together with the
focal point of the camera — a 3-D viewing cone that contains the
entire object. Intersection of all viewing cones leads to an esti-
mate for the object geometry. In order to circumvent the limitation
of reconstructing the visual hull only, many extensions have been
proposed that incorporate also color information as, e.g., voxel col-
oring or space carving [4, 5].

Once the images are reliably segmented, shape-from-
silhouette methods work very robust, are hardly affected by il-
lumination variations, and are computationally quite efficient.
With today’s computers, real-time implementations now become
available, enabling new applications like 3-D communication or
3-D video recording [6, 7, 8, 9]. In these scenarios, data is usually
captured with multiple cameras in a cave, where the background
can easily be controlled for simple segmentation.
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Fig. 1. Turntable setup.

However, the accuracy of the reconstructed geometry is con-
siderably affected by the knowledge of the true camera parameters
which requires an accurate camera calibration. Deviations from
the correct values can lead to smaller 3-D models, since valid ob-
ject parts might be cut off during viewing cone intersection. As a
result, the silhouette of the reconstructed object is always smaller
or equal to the true contour. However, this unwanted effect can be
used to refine the camera parameters again. In [10], Grattarola uses
pairs of images and projects the viewing cone of one image con-
tour into the other image plane, computing silhouette mismatches.
Minimization of these mismatches over all camera parameters op-
timizes the calibration. Similarly, Niem [11] minimizes the devi-
ation of the back-projected silhouette of the reconstructed object
to the true silhouette in the camera images. Both approaches have
in common, that a non-linear optimization in a high dimensional
space has to be performed.

In this paper, we focus on the turntable 3-D acquisition sce-
nario as shown in Fig. 1. Instead of placing multiple cameras
around the object, a single camera is used capturing images while
the object slowly rotates. The rotation angle between two shots
can usually be accurately controlled, whereas the position of the
camera relative to the turntable is in general unknown and requires
camera calibration. In the following, we present a method for opti-
mizing the camera’s position from silhouette mismatches. In con-
trast to the work in [11], the circular motion adds severe constraints
which increase robustness and result in a very low dimensional pa-
rameter space that has to be searched. Such constraints are also
utilized in [12], where extrinsic and intrinsic camera parameters
are derived from feature point correspondences instead of silhou-
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Fig. 2. Contours of the real and reconstructed object for an incor-
rectly calibrated camera.

ette. Experiments show that the proposed silhouette optimization
converges even for large deviations making camera calibration less
important or even unnecessary. Due to the improved camera pa-
rameters, the accuracy of the reconstructed 3-D models is highly
increased by this preprocessing step.

2. CONTOUR OPTIMIZATION FOR TURNTABLE
SETUPS

With perfectly calibrated cameras, shape-from-silhouette recon-
structs the visual hull of an object by volume intersection of the
viewing frustrums defined by the segmented contours. If the pa-
rameters of the real cameras are not accurately known, an erro-
neous object shape is reconstructed. Due to the intersection pro-
cess, the reconstructed object contour always lies within the seg-
mentation mask of the camera image as shown in Fig. 2.

The area difference A; between correct and reconstructed ob-
ject masks for view ¢ is directly related to the amount of camera
parameter deviation. Therefore, it can be used to optimize the M
extrinsic and intrinsic camera parameters p; by minimizing the
area difference. Following [11], we define the cost function to be
minimized as the sum of all area deviations A; over all available
N views

N—-1
1
c(po, ..., Pm—1) = N E Ai(po, ..., PM—1)- )
1=0

In order to compute the cost function, shape-from-silhouette
is performed on a voxel volume with some initial camera param-
eters and the reconstructed geometry is back-projected into the
views creating binary object masks. The area A; is simply de-
fined as the number of pixels belonging to the segmented camera
image but not to the reconstructed object mask. The cost function
c(po, . ..,pm—1) is then minimized by searching for an optimal
parameter set p; corresponding to the correct camera parameter
settings. However, in the general case of N independent views,
the number M of unknown camera parameters might be very large
resulting in a very tedious optimization. For the particular case of
a turntable acquisition scenario, we show that the number of de-
grees of freedom can be drastically reduced resulting in a much
faster and more robust system that can be used to obtain highly
accurate 3-D models.

2.1. Parameter Constraints for Turntable Scenario

In this paper, we describe the parameter estimation and camera
calibration by object contour optimization for the special case

of turntable scenarios. This is particular important for off-line
3-D model acquisition for applications like e-commerce, computer
games, or virtual museums. Here, accurate 3-D geometry and tex-
ture is crucial to obtain photorealistic results for arbitrary viewing
directions interactively chosen by a user.

The turntable setup, however, severely restricts the number of
degrees of freedom due to the use of a single camera and a per-
fectly circular object point trajectory. This results in robust and
fast optimization compared to the general case. Since the rotation
of a turntable as shown in Fig. 1 can be usually controlled accu-
rately, the only unknowns are the extrinsic and intrinsic camera pa-
rameters. In the experiments, we assume the intrinsic parameters
to be known from an initial camera calibration step. Adding the in-
trinsic parameters to the optimization scheme does not change the
structure of the algorithm but only slightly increases the number of
unknowns of the cost function. The only information that is really
unknown is the position and orientation of the camera relative to
the turntable. In general, this leads to 6 degrees of freedom — 3 for
rotation and 3 for translation. However, for the turntable scenario
we can further reduce the number of unknowns.

Assume an object point x rotating around the rotation axis
through the point xo of the turntable. For all views i, the object
point x; lies on a circular curve that is tilted somehow relative to
the camera coordinate system

X; = Rawis - Ri + (X — X0) + Xo. 2)

In this equation, R; defines the rotation around the y-axis due
to turntable motion

cosR,; 0 sinRy;
R; = 0 1 0 . 3)
—sinRy; 0 cosRy;

The rotation angle R, ; is known from the turntable control.
Rotation matrix R.4:s defines the orientation of the turntable ro-
tation axis and has two unknown parameters (rotation angles R,
and R.) that are identical for all available views

Raacis = Rz . Rac (4)
cosR, —sinR.cosR; sin R, sin R,
= sin R cos R cos R —cos R, sin R,
0 0 cos R,

Three other unknowns are the position of the rotation axis
specified by xo = [t t, t.]*. However, the distance t, of
the camera to point xo can be arbitrarily chosen, since this deci-
sion only scales the reconstructed object coordinates but results
in the same principal shape. Similarly, the origin of the object ¢,
along the rotation axis does not affect the reconstructed shape.

As aresult, only three unknown camera parameters have to be
estimated: two rotation angles R, and R for the orientation of
the turntable axis and the horizontal position of the rotation axis
t,. Compared to 6 - N unknown parameters, the optimization is
much easier for this relatively low-dimensional space. For the ex-
periments we have implemented a simple gradient descent opti-
mization that is able to find the correct values even for very crude
initial values since the cost function is relatively smooth as shown
in Fig. 3.

3. EXPERIMENTAL RESULTS

In order to illustrate the performance of the proposed method
for camera parameter and geometry enhancement, several exper-
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Fig. 3. Silhouette error as a function of deviations in the rotational
angles R, and R..

Fig. 4. Geometry enhancement for a Moche vase. Left: two frames
of the original sequence; middle: contour error after camera cali-
bration; right: contour error after proposed optimization.

iments are performed on natural image sequences. For all se-
quences, every 10 degrees of turntable rotation an image is cap-
tured leading to 36 views with a resolution of 432x576 pixels.
Based on background color information, the object is segmented
from the background leading to 36 binary object masks. The inter-
nal camera parameters are determined once for the camera with a
model-based camera calibration technique [13].

With these initial values, the optimization is started. Fig. 4
shows the results for two frames of the sequence Moche contain-
ing a vase from the Peruvian Moche culture. The left images de-
pict the original frames and the middle ones the silhouette error A;

initial error | final error | improvement
Moche calib. 3192 271 11.8
Moche 9804 264 37.1
Tree 17461 1467 11.9

Table 1. Average error A; before and after contour optimization.

Aty AR: | AR,
Moche calib. 1.5mm | 0.08° | 0.05°
Moche —3.4mm | 21.2° | 0.95°
Tree —5.7mm | 3.76° | 1.42°

Table 2. Estimated parameter changes for the unknown parame-
ters Ry, R, and ..

for the corresponding view after reconstruction with the parame-
ters from the camera calibration step. The right images show the
deviations between real and reconstructed contours which are sig-
nificantly reduced by the proposed algorithm. The cost function
(1) describing parameter inaccuracy is reduced by a factor of more
than 10 as shown in the first row of Table 1.

The resulting camera parameter updates, however, are rela-
tively small as depicted in the first row of Table 2. The initial
position error of the turntable axis is about 1.5 mm and their ori-
entation is determined with an accuracy of less than 1 degree. This
indicates that even small parameter deviations from the camera
calibration can lead to rather large geometry errors and optimizing
these values can significantly enhance the accuracy of the recon-
structed geometry.

In a second experiment, the initial values for R, R., and ¢,
are set to zero and no information from the previous camera cali-
bration is exploited. The algorithm, however, still converges as in-
dicated in Fig. 5. Although the initial silhouettes does not match,
the final silhouette error is in the same range as indicated in the
middle row of Table 1. The correction of the rotation angle R, is
more than 20 degrees (see Table 2).

Similar experiments are performed for a second sequence Tree
that has a much more sophisticated contour. The algorithm still
converges even for unknown initial values of the camera position
and orientation. Similarly, silhouette errors befor and after opti-
mization are depicted in Fig. 6.

The improvement of geometry accuracy resulting from the
proposed method also affects the quality of the texture map esti-
mated from the views. Incorrect shape prevents an accurate stitch-
ing of multiple texture parts from different views leading to blurred
images. The left side of Fig. 7 shows the quality of the final tex-
tured 3-D model of the vase after reconstruction with parameters
from the initial camera calibration. Although the refined values
are quite similar, the sharpness of the texture map after the pro-
posed geometry enhancement is drastically improved. This indi-
cates that an additional refinement of camera parameters for shape-
from-silhouette reconstruction can help to improve the quality of
the results.

4. CONCLUSIONS

In this paper, we have presented a method for the refinement of
camera parameters for turntable scenarios. The contour devia-
tion between reconstructed object and segmentation mask of the
camera frames is minimized in a shape-from-silhouette framework
leading to an optimal set of camera parameters. For the particular
case of turntable acquisition, we have shown that only 3 parame-
ters are sufficient to calibrate the external camera parameters. In-
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Fig. 5. Silhouette optimization with no initial pose information
from calibration. Middle: Large initial silhouette error; right: sig-
nificantly reduced deviations after optimization.

Fig. 6. Geometry deviations for the sequence Tree. Left: original
camera frames; middle: initial error; right: silhouette error after
refinement.

ternal camera parameter optimization can be added similarly with-
out changing the algorithm. The low-dimensional parameter space
ensures high robustness and reduced complexity. Experiments
have shown that the quality of 3-D models can be drastically im-
proved with the proposed optimization technique.

Fig. 7. Magnification of a reconstructed object without (left) and
with (right) camera position refinement. The improved geometry
results in a much sharper texture.
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