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Abstract

 

—This paper describes the recording and self-calibration of lightfields as an approach to purely
image-based modeling of a scene or object. The application of lightfields is shown through the example of self-
localization of a robot and as a support for laparoscopic surgery.

1

 

Received December 1, 2003

1

 

1. INTRODUCTION

There are different applications where a CAD-based
modeling or some other type of symbolic modeling is
difficult to achieve; an alternative is the use of a purely
image-based type of model, where the model basically
is a set of images. One image-based model is the light-
field, originally introduced in computer graphics to ren-
der photorealistic images of arbitrary scenes including,
for example, flowers, fur, or hair. The lightfield is a four
parameter representation of the plenoptic function.

A lightfield can be recorded by moving a handheld
camera in front of, around, or inside of an object; in this
case, no information about the camera pose is given and
it must be recovered by self-calibration. It may also be
recorded by having a robot moving the camera; if accu-
rate position information about the robot hand is avail-
able, only the intrinsic camera parameters have to be
determined, for example, in a preprocessing step by
using a calibration pattern.

In this contribution, we describe a robust method for
recording lightfields by a handheld camera. We point
out the use of lightfields for self-localization of a mov-
ing robot and as a support for laparoscopic surgery.

2. LIGHTFIELDS

For any point in space, the plenoptic function gives
the light intensity emitted in some direction. Hence, it
is a five-parameter function. The lightfield is a four-
parameter representation of light rays where in the (
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)
plane we have camera positions and in the (
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) plane,
pixel coordinates [4]. To overcome the limitation of
having cameras (view points) only in a plane, the free-
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form lightfield allows camera positions at arbitrary
locations. Basically, a freeform lightfield is a sequence
of images taken at different camera positions plus the
extrinsic parameters (translation, rotation) of the cam-
era. By a suitable viewer (or renderer) a freeform light-
field may be used to generate a view from a position or
viewpoint which is different from the recording posi-
tions. The advantage of the lightfield is that it gives a
purely image-based model of an object or a scene. The
challenges associated with lightfields are the accurate
recording, the fast rendering, the coding suitable for
rendering, and the efficient usage.

If a (freeform) lightfield is recorded by moving a
handheld camera around an object, in a scene, or
within, e.g., the stomach, the camera parameters have
to be obtained from calibration. This is done by com-
puting and tracking feature points in the images of the
sequence, computing an initial factorization over a few
images of the sequence, and extending the factorization
to the whole sequence. The steps for calibration of an
initial sequence are the following [3]:

• apply the weak-perspective factorization method;

• if applicable, eliminate outliers using LmedS;

• create a reconstruction of poses of perspective
cameras with a roughly estimated focal length and with
the image center as the principal point;

• perform a nonlinear optimization of this solution
by alternately optimizing the parameters of the cameras
and the coordinates of the scene points;

• use this reconstruction to determine projective
depths and apply them to the perspective factorization
method;

• perform self-calibration by an absolute quadric
[6];

• if the recording camera can be assumed to have
more or less constant intrinsic parameters, then
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improve the self-calibration with the method described
in [2];

• apply nonlinear optimization of scene points and
camera parameters either by assuming constant intrin-
sic parameters or by estimating the camera parameters
independently from each other.

In order to get results for a long sequence of images,
e.g., taken from a circular view around an object, the
initial sequence has to be extended.

Figure 1 shows a result of this process. A camera
was moved around a head, one image and the detected
scene points are shown on the top of the figure. The
camera positions computed by the above-described
approach and the set of tracked 3D scene points are
shown at the bottom.

3. SELF-LOCALIZATION

Self-localization is one of the most important tasks
that a mobile system has to solve. Although odometry
is quite an accurate source of information for small
local movements of a robot, for larger motion trajecto-
ries, odometry fails, since small errors for each time
step accumulate over time [9]. Thus, a robot must per-
manently sense the environment in which it is moving
to correct its position estimate by matching its model of
the world with the sensor data recorded. The main
issue, besides the localization itself, is the choice of the
model of the world and its automatic reconstruction.
The problem of global self-localization, i.e., the local-
ization in a scene without any 

 

a priori

 

 information also
remains unsolved.

Despite the fact that visual sensors provide more
information than classical robot sensors, state-of-the-
art robot self-localization is based on sonar sensors and
laser range finder [9, 10]. The model of the environ-
ment is either created manually by using a CAD model
or by an extra step called map building. The combined
approach to online map building and self-localization,
called self-localization and mapping (SLAM) in the
robotics literature, is one of the most difficult problems
in robotics in general, although several dedicated solu-
tions exist, that solve SLAM in certain applications
[10].

With the lightfield a new kind of model for scenes is
available, that can be applied to vision-based self-local-
ization. Its benefits are as follows:

• The model can be automatically reconstructed
from image sequences taken by a handheld camera
(compare Sec. 2). Thus, even for environments where
no CAD model is available or it is difficult or even
impossible to reconstruct such a model automatically
from sonar or laser data (or manually by a user), the
model can be built in the case of a lightfields without
user interaction.

• The lightfield allows the rendering of photorealis-
tic images taken from an arbitrary viewpoint in the
scene. As a consequence, for any position hypothesis,
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which the robot has computed, the corresponding sen-
sor data (i.e., the image), that the robot should acquire,
can be virtually created using the lightfield. As a conse-
quence, the update of its position estimate is possible
based a pair of images: an image that should be seen
and an image that is actually recorded.

• Due to its image-based representation of the scene,
a lightfield is a perfect means for photorealistic model-
ing. Photorealism of such a model is one important
advantage that makes it suitable for vision-based self-
localization. In contrast to feature-based self-localiza-
tion, the information reduction step is avoided and all
the information in the image is maintained, for exam-
ple, reflections.

In our case, probabilistic robot self-localization is
done based on the equations

with 
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Fig. 1.

 

 One image out of an image sequence (top) and the
computed camera positions (bottom).
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is propagated over time by a particle filter [11] using

The crucial point of such a Bayesian approach is the
so-called likelihood function 

 

p
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), describing the
relationship between the state and the observation at a
certain time step 

 

t

 

. This density explicitly models
uncertainty in the sensing process. Having the lightfield
as a model of the scene, this density can be easily
defined as a comparison between the expected observa-
tion (image) based on the state estimate and the true
observation made by the mobile system. One straight-
forward but nonetheless good way for defining 
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)
is

with (
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t

 

) being the synthetic image rendered from
viewpoint given by the state estimate 

 

q

 

t

 

 and the opera-
tor “-” in the exponent being any distance function
between two images, for example, a pixelwise differ-
ence operation. The variance 

 

σ

 

2

 

 can either be estimated
from examples or set empirically. A small distance
between the two images is a strong hint for the esti-
mated state being correct. With this likelihood function,
the particle filter framework is completed and sequen-
tial estimation can be performed by using the local (and
quite accurate) odometry information 

 

m

 

t

 

 for construct-
ing the motion model 
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). Again, some
assumptions must be made for the density, for example,
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a Gaussian with mean (
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 + 
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) and a variance that
must be estimated from examples.

Figure 2 shows a result for self-localization using a
lightfield as a model and a particle filter for state esti-
mation. The top left image shows the true motion path
towards the elevator doors and the particle set for one
time step, correctly following the true trajectory (dark
line). In contrast to that, the odometry information
would result in a wrong trajectory estimate (light line).
The images (top right, bottom left and right) show for
the time step, indicated in the top left image by the
cloud of particles, the following:

• the image (top right) taken by the camera, which is
used as observation for the particle filter,

• the rendered synthetic image based on the state
estimate (bottom left), and

• the image (bottom right), also rendered from the
lightfield, that would result from the pure odometry
information.

This result clearly indicates that the estimated posi-
tion by a particle filter using the lightfield is fairly accu-
rate compared to the estimation based on odometry
information only.

4. VR IN LAPAROSCOPIC SURGERY

Laparoscopic surgery is carried out by the surgeons
without direct visual contact to the operation situs
inside the abdomen. Instead, the video of the operation
area is displayed on a monitor for visual feedback (see
Fig. 3). Compared to the conventional operation with a
large incision, the personal strain of the surgeon is
increased: the image quality may be low due to image
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Fig. 2. Result of self-localization with a perturbed path.

Fig. 3. Setup during a minimal-invasive operation in a mod-
ern operation room. Two surgical instruments and the endo-
scope are introduced into the abdomen. Here, the endoscope
is moved by a speech-controlled robot arm. A camera at the
end of the endoscope provides the image of the operation
area. Two additional monitors can be used to display
improved images or 3D rendering.
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degradations (lens distortion, smoke, small flying parti-
cles), the field of vision is limited, and almost no haptic
feedback is available.

The goal in laparoscopic surgery is to support the
surgeon by improving the image quality, by augment-
ing an image with other organs (e.g., obtained from pre-
operative CT images) or vessels (e.g., obtained from a
database), and by providing a 3D recording and render-
ing of a surgery situation. By using lightfields as a
scene model, a truly three-dimensional representation
is available. The (new) setup in the operation room for
implementing this goal is shown in Fig. 3.

In our experiments and evaluations [12], it has been
considered significantly useful by several surgeons to
process the image sequence recorded during surgery by
a color median filter over time, employ color normal-
ization, compute a geometric correction, and substitute
specularities by using images rendered from the light-
field with a (virtual) camera position, where no or
reduced specularities are present [7, 8]. Figure 4 shows
an example of this substitution.

The conventional way of lightfield reconstruction
(cf. Sec. 2) has its limits in laparoscopic surgery. Only
if the following prerequisites are met, a reasonable
result can be achieved:

• As little movement as possible in the recorded
scene. It may be noted that (some) movement by heart-
beat and respiration will always occur.

• As smooth camera motion as possible: since the
operation situs is very close to the lens (5 to 25 cm),
even small movements of the endoscope result in large
movements in the camera image.

• As high image quality as possible: the correctness
of feature tracking depends on the image quality.

• As “good” scene as possible: prominent points are
selected as features that can be tracked. Homogeneous
regions do not contain such points.

To overcome these limits, an endoscope positioning
robot, e.g., AESOP (see Fig. 3), can be used for light-
field reconstruction. If the kinematics of the robot is
known, the hand-eye transformation from the endo-
scope plug to the endoscope tip (real camera position)
can be calculated by using a calibration pattern. Apply-
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ing this method, the extrinsic camera parameters can be
calculated for each image without limitations. As the
intrinsic camera parameters do not change during the
course of an operation, they can be determined before
each operation by common camera calibration tech-
niques.

The process of superpositioning the lightfield dur-
ing surgery with a preoperative CT can be separated
into three steps:

(1) Segmentation of CT data.
(2) Generation of triangular meshes.
(3) Registration of the triangular meshes.
Segmentation is done with a semi-automatic

approach using seed points and a filling algorithm with
a threshold. Triangular meshes are then generated from
the depth information of the scene (contained in the
lightfield) and the CT data, respectively (see Fig. 5).

The triangular meshes are the input for the registra-
tion process. The coarse registration is done interac-
tively by selecting three corresponding 3D points in
each data set. From these points the registration trans-
formation can be calculated. A refinement of the regis-
tration is done by applying an Iterative-Closest-Point
algorithm [13]. The visualization of the registered
modalities is done by displaying two related windows.
The first one contains the visualization of the lightfield,
the second contains the visualization of the segmented
CT data. The surgeon can navigate in each window and
view the operation situs together with the segmented
CT data from the corresponding direction.

CONCLUSIONS

Image-based modeling of objects and scenes
requires the acquisition of calibrated image sequences
which can be done by a handheld camera or a robot pro-
viding pose information. Robust self-calibration of a
sequence from a handheld camera is possible with the
approach outlined in this contribution. A useful repre-
sentation is the freeform lightfield. The lightfield can be
used to perform robot self-localization, to reduce spec-
ularities in laparoscopic images, and to augment such
images by virtual objects (e.g., other organs or vessels)
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Fig.4. Rendered images of a lightfield of a gall (left) with
specularity section replaced (right).

Gall, LF triangulation Gall, CT triangulation

Fig. 5. Triangular meshes from different modalities to pre-
pare for registration.
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obtained from preoperative CT images or from an ana-
tomical database. Other applications, not mentioned in
this contribution, are the use of lightfields for object
tracking and for generating training views for object
recognition.

To increase the versatility of the lightfield, dynamic
lightfields are also needed for object changing with
time due to motion or deformation. Work in this direc-
tion is in progress [5].
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