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Robust Scene Reconstruction from an
Omnidirectional Vision System

Roland Bunschoten and Ben Krose

Abstract—In this paper we present an efficient multi-baseline
stereo algorithm for panoramic image data. We derive a param-
eterization of epipolar curves in terms of inverse depth. As a
result the search for image correspondences across multiple im-
ages can be performed efficiently. Furthermore, depth estimates
are obtained directly thus bypassing the need to perform explicit
stereoscopic triangulation. We apply our method to obtain a 3D
reconstruction of an environment from a set of panoramic images.
The images are acquired by a single omni-directional vision sensor
mounted on top of our mobile robot during navigation. Experi-
mental results demonstrate the effectiveness of our approach.

Index Terms— Scene reconstruction, multi-baseline stereo vi-
sion, omni-directional vision.

I. INTRODUCTION

Recently, researchers in the robotics community have be-
gun to consider omnidirectional vision sensors which provide
images covering a large part of the hemisphere. Catadiop-
tric omnidirectional vision sensors are quickly gaining popular-
ity. These sensors consist of a camera and a carefully selected
mirror-lens combination. They have been proven to be useful
for robot environment modelling, both in the sensory domain
(appearance models) [1], [2], [3], [4], as well as in the geomet-
ric domain (Cartesian maps) [5], [4].

A traditional approach to obtain a 3D reconstruction of a
scene from image data is stereo vision. Stereo vision the pro-
cess of recovering depth information from two or more cali-
brated images obtained from different but known camera poses
by image based matching and triangulation. Establishing cor-
responding image points by matching is the fundamental prob-
lem in stereo vision (correspondence problem). When the cam-
era poses are unknown (or only approximately known) a priori,
they can be estimated from an initial set of corresponding image
points. This situation is encountered in our application, where
a single camera mounted on top of a moving robot is used to
obtain the images.

Particularly useful in stereo applications are catadioptric sys-
tems which have single effective viewpoint (see e.g. [6], [7],
[8] for a concise treatment on such catadioptric systems). Due
to the single effective viewpoint property, the epipolar con-
straint relating two images can be parameterized. The epipo-
lar constraint reduces the correspondence problem from 2D
(the entire image domain) to 1D (an epipolar curve in the im-
age domain). Exploiting the epipolar constraint dramatically
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Fig. 1
NOMAD SCOUT ROBOT. THE CATADIOPTRIC VISION SENSOR IS MOUNTED
ON TOP OF THE ROBOT

reduces both the computational demands of image correspon-
dence search as well as the risk of establishing erroneous cor-
respondences. Omnidirectional stereo vision methods using a
single pair of images acquired by catadioptric vision sensors
have been presented in [9], [10], [11].

In this paper we present an efficient multi-baseline stereo
method which reconstructs the 3D environment from a set of
images. In our application, omnidirectional images are ac-
quired by a single catadioptric vision sensor mounted on top of
a mobile robot during navigation. A virtual panoramic vision
sensor is constructed by re-projecting an omnidirectional im-
age onto a virtual cylinder, yielding a panoramic image. Multi-
baseline stereo takes advantage of the redundancy contained in
the images. A prerequisite for multi-baseline stereo is that the
relative camera poses are known. In our application the relative
camera poses relating pairs of panoramic images are derived
from robot odometry and are refined using tracked image cor-
respondences.

This paper is organized as follows. In section IIl we describe
our catadioptric omnidirectional vision sensor, and the virtual
panoramic camera we construct. In section III the epipolar ge-
ometry relating two panoramic images is reviewed. Section [TV
presents a taxonomy of multi-baseline stereo methods. In sec-



2 IEEE TRANSACTIONS ON ROBOTICS AND AUTOMATION, VOL. XX, NO. YY, MONTH 2002

hyperboloid mirror

image plane

Ximg
A

———p
¥ Oum

Fig. 2
OMNIDIRECTIONAL IMAGE FORMATION FOR A CATADIOPTRIC VISION
SENSOR CONSISTING OF A HYPERBOLOID MIRROR AND A PERSPECTIVE

CAMERA.

tion V we describe our 3D scene reconstruction method. Ex-
perimental results obtained using our method are presented in
section[VIL. A discussion and conclusions are presented in sec-
tions[VII and/VIIL

II. OMNIDIRECTIONAL VISION SYSTEM

Our catadioptric omnidirectional vision sensor consists of a
hyperboloid mirror mounted in front of a vertically oriented
perspective camera. The hyperboloid mirror has an attractive
geometric property illustrated in figure 2: any ray of light which
would have passed through the origin O, of the mirror coordi-
nate frame is reflected such that it passes trough the origin O,
of the camera coordinate frame. The position of O and O¢an
are assumed to coincide with the two foci of the hyperboloid. In
this way, an omnidirectional vision sensor with a single effec-
tive viewpoint is obtained. A detailed description on the design
and geometry of the sensor can be found in [12].

The single effective viewpoint property of the omnidirec-
tional sensor enables geometrically correct re-projection of im-
ages acquired by the sensor. In our application, we construct a
virtual panoramic vision sensor by re-projecting the omnidirec-
tional image onto a virtual cylinder.

Several considerations have led us to use panoramic images
instead of omnidirectional images. Whereas a rotation of the
robot causes a rotation in the omnidirectional image, it causes
a shift in the panoramic image. The correspondence problem
can thus be treated without requiring active correlation win-
dows (as proposed in e.g. [13]). Off-the-shelf feature trackers,
originally developed for conventional perspective cameras, can
be employed to obtain an initial set of image correspondences
required for camera pose estimation. Finally, the geometry re-
lating panoramic images is simpler than that of the omnidirec-
tional images.

A virtual panoramic camera is constructed by specifying a
unit radius virtual cylinder in the mirror frame. The cylinder is

given by z2 + y* = 1. Let Xy = RXZ, be the representation
of a point P in the cylinder coordinate frame, where R is a rota-
tion which aligns the cylinder coordinate frame and the mirror
coordinate frame. We define a function C(-) which computes
the central projection of P onto the cylinder surface!. The pro-
jection is computed as the intersection of the ray emitting from
the origin of the cylinder coordinate frame and passing trough
P with the cylinder surface:

1 1

where r = v/ X2 + Y2. For brevity, we have dropped the sub-
script indicating that the X is expressed in the cylinder coordi-
nate frame. Henceforth, we assume that vectors are defined in
the cylinder coordinate frame unless explicitly stated otherwise.

We define a function P(-) and its inverse 7 ~*(-). Function P
relates the Cartesian coordinate representation x = [z, y, 2|7 of
a point on the cylinder surface to its 2D cylindrical coordinate
representation y = [¢, z]7:

cos ¢

sing| . 2)

z

x="Ply) =

The inverse function P~ is given by:

3)

y =P l(x) = P-(C(X)) = [arctanZ(y,x)} .

z

The pixels of a virtual panoramic vision sensor are deter-
mined by specifying a grid in (¢, z)-space. A cylindrical image
coordinate y can be transformed into Cartesian coordinate x us-
ing equation[2. After rotating the Cartesian coordinates into the
mirror frame, the image formation steps described in [13] are
used to compute the corresponding omnidirectional image co-
ordinate Xiyg. The intensity value of a panoramic image pixel
x is determined from the intensities in a small neighborhood
centered at Xip,.

III. EPIPOLAR GEOMETRY FOR PANORAMIC IMAGES

The epipolar geometry relates two images obtained by a cen-
tral projection. The epipolar geometry depends only on the rel-
ative pose and internal parameters of the camera(s) by which
the images were acquired. Let vy and v; denote relative camera
poses from which two images are acquired by a central projec-
tion onto the cylindrical surface. Let X; = [X,Y, Z]T denote
the coordinate of a scene point P expressed in the i-th camera
pose and let x; denote its projection onto the imaging surface.
We designate vy as a reference pose, i.e. the coordinate sys-
tem in which vectors are measured. Let t; = [t,,t,,t.]7 be
the translation vector between the reference pose and the ¢-th
pose and let R; be a rotation matrix which aligns the ¢-th co-
ordinate frame with the reference frame. Then point P can be
represented as

roXo = t; + 1R, 4

1We use uppercase and lowercase characters to distinguish between a point
and its projection.
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Fig. 3
EPIPOLAR GEOMETRY FOR A PANORAMIC CAMERA.

where 7y and r; are unknown depths whose values are to be
recovered by stereo.

The epipolar constraint is established by the coplanarity con-
dition

xiTRi (t; X x0) = XZTRSXO = szExo =0 5)

where X denotes the vector product, S denotes the (3 x 3) skew
symmetric matrix such that Sxg = t X xg, and E = RS is
known as the essential matrix.

Figure [3 illustrates that an epipolar curve is formed by in-
tersecting the epipolar plane, spanned by x( and t;, with the
cylindrical imaging surface. Given some X, the search for the
corresponding x; can be restricted to a search along the epipolar
curve. The points where all epipolar curves intersect are called
the epipoles. They correspond to the direction of motion relat-
ing two camera poses. In [9] we have shown that for panoramic
images, the epipolar curves are sinusoids.

IV. MULTI-BASELINE STEREO VISION

The correspondence problem is a locally ambiguous prob-
lem because distinct points in the scene can have a similar ap-
pearance in the images. Errors in the reconstruction obtained
from using stereo on a pair of images are therefore likely to
be present. Inaccurate reconstruction due to large triangulation
uncertainty is obtained near the epipoles. In omnidirectional or
panoramic images, these are almost always visible in the image
domain.

Multi-baseline stereo vision attempts to overcome these limi-
tations by using more than two images to obtain the reconstruc-
tion. A commonly used approach is to first determine corre-
sponding 2D image points across the images. This is then fol-
lowed by triangulation from image pairs. Combining the depth
estimates obtained in this fashion is not trivial; there may be
inconsistencies between the depth estimates and re-sampling
or interpolation of depth estimates may be required. Several
multi-baseline stereo methods have been proposed in literature
which address these issues by partitioning the 3D scene space
into bins. For each bin a measure of consistency reflecting the
likelihood that the bin is occupied is evaluated. We categorize
these methods as 2D-3D, 3D-2D or 2D-2D methods.

In 2D-3D methods 3D points are explicitly reconstructed
from image correspondences by triangulation. The number of
points contained in a bin serves as evidence that the bin is oc-
cupied or empty. Triangulation uncertainty can be incorporated
so that a reconstructed point does not only contribute evidence
to the bin in which it is contained [14].

In 3D-2D methods, 3D bins are projected to multiple images.
Seitz and Dyer [15] formulate the scene reconstruction problem
as a “voxel coloring” problem. Their method attempts to assign
a unique color to each bin that is consistent with all input im-
ages. The assumption underlying their approach is that when
pixels are back-projected to the same bin, their values should
agree. A statistical measure of pixel color consistency is used
to determine the occupancy state and color of the bin.

In 2D-2D approaches projective geometry is exploited such
that explicit 3D reconstruction of points via triangulation or ex-
plicit projection of 3D bins is circumvented. An example is
Collins’ “space sweep” approach [16] which exploits the ho-
mography between projections of a plane. The approach pre-
sented by Okutomi and Kanade [17] exploits a projective in-
variant called the inverse depth. This scalar quantity expresses
depth to a scene point as a fraction of the baseline length and
is invariant under changes of the baseline. As a result, depth
estimates from different baselines can be combined.

Our approach can be seen as an application of Kanade’s
multi-baseline stereo method to panoramic image data and is
described in the next section.

V. SCENE RECONSTRUCTION FROM MULTIPLE
PANORAMIC IMAGES

In this section we present our scene reconstruction method
which reconstructs the environment from a set of K images.
In our application the images are acquired by a single om-
nidirectional camera mounted on top of our mobile robot.
Multi-baseline stereo requires that the relative camera poses
are known. Section V-Alpresents the pose estimation method
we adopt. In section|V-B we present our multi-baseline stereo
method for panoramic images.

A. Camera Pose Estimation

A prerequisite of multi-baseline stereo reconstruction is that
the camera poses from which images are acquired are known.
Although our robot is equipped with fairly accurate odome-
try, the pose estimates provided by odometry are not accurate
enough to fix the epipolar constraint. Due to small errors in the
robot orientation estimates, epipolar curves do not pass through
corresponding points. Therefore the relative camera poses need
to be refined using image correspondences.

An initial set of correspondences is obtained by tracking
salient image features through a sequence of images acquired
by the robot during navigation. Tracking is performed using
KLT [18], a C implementation of the feature tracker described
by Shi and Tomasi [19], based on early work of Kanade and
Lucas [20]. The tracker fails when the overall image displace-
ment is very large, which occurs when the robot makes a sharp
turn. Using odometry measurements, we counter-rotate the vir-
tual panoramic camera such that the overall image displacement
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is roughly compensated for and successful tracking can be per-
formed.

After the tracks are obtained, the essential matrix relating
each image to the reference image is estimated. For this pur-
pose, we employ a variant of the 8-point algorithm. An it-
eratively re-weighted least squares estimation procedure [21]
(M-estimator) is used to estimate the essential matrix from the
remaining set of tracked points. A true essential matrix has
two similar eigenvalues and is of rank two. As these condi-
tions are not enforced by the M-estimator, we explicitly en-
force them after a solution is obtained as follows. Let o1, o2
and o3 be the singular values of E obtained by SVD decom-
position E = UXVT, where U and V are rotation matrices
and ¥ = diag(oy, 02, 03). We replace X by 3 = diag((oy +
03)/2, (o1 + 02)/2,0) and re-compute EE = ULVT,

The rotation matrix R and S matrix can be determined from
the singular value decomposition E = U3V as follows [22]:

R=0UYV? or UYTVT (6)
S=vzvT o -VvzVT (7
where
0 -1 0 0 -1 0
Y=|1 0 0| and Z=1{1 0 0. @®
0 0 1 0 0 0

There are 4 possible combinations of rotation and translation
which result in the same essential matrix. The correct combina-
tion can be found by recovering the depths to each tracked point
according to the relative poses implied by each combination.
The correct combination is the one for which most recovered
depths are positive.

An estimated essential matrix is only defined up to an arbi-
trary scale factor. As a consequence, the length of the transla-
tion vector relating two images is cannot be determined from
image information only. Currently, we use odometry to provide
the scale factor.

B. A Multi-Baseline Stereo Method for Panoramic Images

In this section we derive a parameterization of epipolar
curves in terms of inverse depth. Using this parameterization,
the search for image correspondences across multiple images
can be performed efficiently and depth estimates are obtained
without explicit stereoscopic triangulation.

Once the camera poses from which images are obtained are
known, the virtual panoramic images can easily be re-oriented
such that they all have the same orientation. After this rectifi-
cation, the camera poses are related by translations only. Using
equations [2 and [4 the 3D location of a point can be expressed
as

roP(yo) — ti = 1P (yi)- ©
Dividing both sides of equation|9/by rg and applying the func-
tion P~! (equation 2) which transforms rays to panoramic im-
age coordinates to both sides gives

1 i
P (Pyo— —t1) = Pil(T.—Pyi) =Y. (10
To To

Note that P~1(-) eliminates the quantity r;/ro from the right
hand side of the equality. Equation[10 shows that the projection
of a point on the cylindrical imaging surface at pose v; is a
function of yg, the translation vector t; and the fraction 1/r¢
which is called the inverse depth \. Using equation 3, the above
equation can be expressed in vector form as

_ |9 _
- |:sz| =Yi

where A = 1/rg is the inverse depth quantity.

The above equation is a parameterization of the epipolar
curve in terms of inverse depth. It is used to govern the search
for image correspondences across multiple images. Given an
image coordinate yo = (¢, 20) and a value for \, equation 11
gives the image coordinate y; corresponding to a scene point at
depth 1/ from the reference pose.

In our multi-baseline stereo algorithm, for each pixel y( from
the reference image, equation |11 is used to generate a set of
potentially matching image coordinates y; by plugging in mul-
tiple values for A. Subsequently, image similarity is evaluated
by computing the sum of squared differences (SSD) between
windows centered at yg and y; respectively. The SSD values
obtained from different images for the same yo and A are com-
bined by adding them. The underlying assumption is that when
an object is present at some depth = 1/ from the reference
pose, the window contents will have a roughly similar appear-
ance in all images, consistently giving rise to small SSD values.

Finally, the most likely depth value A\* for a specific y is
found by examining the summed SSD values obtained for each
A and selecting the one which yields the smallest value.

Let Y denote the set of pixel coordinates in the reference
image. Let A denote a set of inverse depth values whose val-
ues are determined to cover a minimal and maximal expected
scene depth. The complete multi-baseline stereo algorithm can
be summarized as follows:

for ally, € )V do

sin g — Aty
arctan (FS oy )
zZo— At

V/(cos po—Ats)2+(sin go— At )2

(1)

A=)\
for all A € A do
C(y()»)\) =0

fori=1to K do
compute y;(yo, R;, t;) using equation|11
C(y0,A) < C(yo,A) +SSD(W(yo), W(y:))
end for
ifC(yo, )\) < C(y(), )\*) then
AT =)
end if
end for
end for
where SSD(Wy(yo), W;(y:)) computes the sum of squared dif-
ferences between image windows Wy and W; centered at y(
and y; respectively. The map C contains all summed SSD val-
ues. If desired, it is possible to perform some kind of regular-
ization of C.

VI. EXPERIMENTS

Our experimental platform is a Nomad Scout robot (manu-
factured by Nomadic Technologies, Inc.) and shown in figure/1.
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(a) Sketch of the hallway

(b) 3D reconstruction

Fig. 4
A) OUTLINE OF THE ENVIRONMENT. FIVE IMAGE WERE ACQUIRED AT THE POSITIONS MARKED BY THE SMALL CIRCLES. THE CENTRAL CIRCLE

DENOTES THE LOCATION OF THE REFERENCE IMAGE. B) THE OBTAINED 3D RECONSTRUCTION.

Fig. 5
(TOP) THE REFERENCE IMAGE. (BOTTOM) THE DEPTH MAP COMPUTED FROM THE REFERENCE IMAGE AND 4 OTHER IMAGES.

The robot is equipped with (among other sensors) odometry and
an omnidirectional vision sensor. The omnidirectional vision
sensor consists of a vertically oriented camera (Sony EVI-370
color camera) and a hyperbolic mirror (manufactured by Ac-
cowle, Co., LTD [23]) mounted in front of the camera lens.
The hyperboloid omnidirectional images (600 x 450 pixels)
obtained by the vision sensor are transformed into panoramic
images (720 x 120 pixels).

We tested our method at the end of a hallway in our build-
ing. A layout of the hallway is shown in figure[4a. This sim-

ple environment lacks large depth discontinuities and occlud-
ing objects. Five panoramic images were acquired by the robot.
The positions where the images were acquired are indicated by
circles displayed in figure [4a. The image obtained at the cen-
ter was designated as the reference image and is displayed in
figure 5| The motion relating the each image to the chosen
reference image was estimated using the method presented in
section[V-A.

A set A containing 25 values in the range 0.5-0.05 was used
in the stereo search. The set is obtained via an exponential
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Fig. 6

Fig. 7
(TOP) THE DEPTH MAP COMPUTED FROM THE REFERENCE IMAGE AND THE RECTIFIED IMAGE SHOWN IN FIGURE 6. (BOTTOM) THE DEPTH MAP
COMPUTED FROM THE REFERENCE IMAGE AND ALL 21 OTHER IMAGES.

Fig. 8
THE REFERENCE IMAGE SHOWN IN FIGURE|6 (TOP) WARPED TO THE IMAGE SHOWN IN FIGURE[6 (BOTTOM).
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sampling of depths r in the range 0.5m-20m. By performing
exponential sampling, the resulting sampling of points along
an epipolar curve is almost uniformly spaced. In the experi-
ment we used 11 x 11 pixel correlation windows centered at
the resulting nearest pixel coordinates to evaluate the sum of
squared differences between image windows. Using this corre-
lation window size gave a good tradeoff between accuracy and
smoothness of the resulting depth maps.

Figure(5 displays the depth map computed from the reference
image and the 4 other images. In the map, nearby objects ap-
pear brighter than objects further away from the reference pose.
The depth map evidently shows that the general geometry of
the hallway is captured well. The far end of the hallway can be
recognized near the sides of the depth map. The corners of the
hallway at the near end appear slightly darker than the sections
of the walls closer to the reference pose. The heating surface
is not reconstructed well due to its repeating texture. Further-
more, specular reflections on the posters are not handled well;
they appear as large depth discontinuities in the depth map. Due
to the lack of texture, only some of the structure of the fire hose
is visible in the combined depth map. In figure/4b the 3D recon-
struction of the hallway according to the combined depth map
is shown. The reconstruction shows that the overall geometry
of the hallway is captured well. Gross errors in the reconstruc-
tion are caused by lack of texture and repeating texture in the
images.

A similar experiment was performed using image acquired
in a laboratory with large depth discontinuities and occlusions.
A set of 22 images was acquired while the robot traversed a cir-
cular trajectory with radius of 1.3m. The first image was desig-
nated as the reference image is displayed in figure 6] A rectified
image, obtained from the omnidirectional image captured at rel-
ative pose (—1.21m,1.70m,102.0°), is shown in figure|6. The
depth map computed from the reference image and the other
image is shown in figure[7. As can be observed, the depth map
contains many errors (arising due to occlusions, lack of texture,
repeating texture, specular reflections etc). Such noisy depth
maps are typically obtained from panoramic image pairs. Ap-
plication of our multi-baseline stereo technique improves the
estimated depth maps. In figure 7/the depth map computed from
the reference image and all other image is shown. Overall, the
geometry of the environment is captured well but some gross er-
rors remain. These errors occur mainly at locations where there
are large depth discontinuities and occlusions (such as the chair
on the left side in the images) and where there is little texture
(such as on the floor).

Equation 11] can also be used to warp the reference image
to a target image that would be obtained at a target position.
In figure |8/ we show the reconstruction of the image displayed
in figure 6 obtained by warping the reference image according
to depth map obtained from all 21 image pairs and the known
target camera pose. A forward mapping scheme was used to
warp the reference image. The forward mapping leaves holes in
the warped image. In order to render a visually more appealing
image, the holes were filled by interpolating gray values from
neighboring pixels.

VII. DISCUSSION

The depth maps obtained by our multi-baseline stereo
method are good, especially when considering that no regular-
ization of depth maps is performed. In our current implementa-
tion, a fixed set of 25 \’s is used to compute depth maps. We are
currently working on an extension of our method which main-
tains a small set of \’s for each pixel from the reference image
independently. The idea is to maintain only those inverse depth
values which are likely to correspond to an object in the scene
point (based on previously estimated map). Using gradient in-
formation, refinements of inverse depth can be obtained by the
method of differences [20]. This approach resembles condi-
tional density propagation by particle filtering, which has been
successfully applied in the field of visual object tracking [24]
and mobile robot localization [25], [26].

Another direction we investigate is the use of equation 11
in the context of appearance based environment modelling. A
drawback of appearance based environment representations is
that many training images are needed to obtain an accurate
model. An approach to overcome this problem was presented
in [27], where based on a number of measured range profiles
synthetic profiles are generated. In a similar manner, image
warping can be used to generate synthetic images from mea-
sured images.

VIII. CONCLUSION

We have presented a scene reconstruction algorithm for
panoramic images obtained by a single moving panoramic vi-
sion sensor. We have derived a parameterization of the epipolar
curve in terms of inverse depth. Using this parameterization
the search for 2D image correspondences and the 3D recon-
struction from multiple images can be performed efficiently. A
depth map obtained from a single image pair is very noisy. The
improvement that can be achieved using multi-baseline stereo
has been demonstrated by experiments.
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