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Abstract

We present a stereo-based obstacle avoidance sys-
tem for mobile vehicles. The system operates in three
steps. First, it models the surface geometry of support-
ing surface and removes the supporting surface from
the scene. Next, it segments the remaining stereo dis-
parities into connected components in image and dis-
parity space. Finally, it projects the resulting con-
nected components onto the supporting surface and
plans a path around them. One interesting aspect of
this system is that it can detect both positive and “neg-
ative” obstacles (e.g. stairways) in its path.

The algorithms we have developed have been imple-
mented on a mobile robot equipped with a real-time
stereo system. We present experimental results on
indoor environments with planar supporting surfaces
that show the algorithms to be both fast and robust.

1 Introduction

Sensor-based obstacle avoidance is a central prob-
lem in mobile systems. Obstacle avoidance systems
are essential to protect mobile robots from collisions
with obstacles or driving towards staircases or gaps
(negative obstacles) while operating in unknown or
partially known dynamic environments. Many obsta-
cle avoidance systems are based on sensors that furnish
direct 3D measurements, such as laser range finders
and sonar systems [1, 4]. In some cases, e.g. [9], cues
from a monocular camera combined with prior knowl-
edge of supporting surface geometry and appearance
have been used. In contrast, our system relies com-
pletely on the data from a real-time stereo system with
relative few prior assumptions.

There are three basic steps to our approach: 1)
modeling the geometry and position of the supporting

surface from stereo disparities and removing those dis-
parities from the image; 2) segmenting the resulting
disparities into connected objects, and 3) projecting
those objects onto the supporting surface and plan-
ning a path for the robot. We show how these steps
can be performed quickly and robustly, with the re-
sult that we can operate in real time in unstructured
indoor environments. The real-time performance is
particularly useful for in cases where the camera is it-
self being servoed (e.g. with a pan-tilt unit) while in
operation. In practice, this system has been used as a
basic component in a variety of vision-guided naviga-
tion systems [3, 2].
An additional advantage of our system is that it

is small and lightweight, and can therefore be carried
on most mobile systems, including our mobile robot
Speedy (Fig. 1). The space, weight, and power foot-
print of a stereo imager is far less than a SICK laser,
yet provides much higher density data than sonar.
The complete system can be implemented on a com-
mon laptop computer running Linux.

Figure 1: Small mobile robot Speedy equipped with a
binocular stereo system.

The remainder of this paper is structured as fol-
lows. In section 2 we describe the geometry of a mobile
stereo system, indicate how we estimate and suppress
the supporting plane, and detail the segmentation al-
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gorithms used to detect obstacles. We end this section
with an example showing how the generated data is
used in a real system for obstacle avoidance. In sec-
tion 3 we present the results of the experiments with
our obstacle avoidance system emphasizing its speed
and accuracy. We conclude with a few remarks about
the advantages and disadvantages of the presented sys-
tem and we outline our goals for the future work in
section 4.

2 Approach

We present a system that is capable of detecting
of positive (object B) and negative (object D) obsta-
cles, such as gaps and staircases (Fig. 2). We start
by assuming a binocular camera system with baseline
parallel to the ground plane. We discuss a way to
compensate for a possible roll error of the system in
section 2.3.
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Figure 2: Classification of objects detected by the mo-
bile robot.

The main problem in vision-based obstacle detec-
tion is the classification of the detected features into
the four regions depicted in Fig. 2. It is obvious that
objects of type C entirely contained in the region I
are not considered as obstacles and may be neglected
in further processing. The same is true for objects of
type A entirely contained in region III that represent
small bumps and dips in the ground.
In our system, we use dense disparity images from

a correlation-based stereo reconstruction algorithm as
our data source [7]. The goal is to extract single stand-
ing clusters in the image, representing objects, from
the continuous disparity image such as the one shown
in Fig. 3. This image shows an example where objects
at different distances from the ground are correctly
classified according to the considerations depicted in
Fig. 2. The entire floor area, including the newspaper,
is removed, because both belong to region III, which
is not considered to be an obstacle.
The floor connects the entire image into one large

cluster, making any kind of segmentation to extract
obstacles and to allow path planning in-between them

Figure 3: Detected three obstacles (right) from a pair
of images (top) in the dense disparity image (left).

impossible. Since the floor is not interesting for further
processing, our first step is to remove it from the input
data.

2.1 Geometrical constraints

In stereo data processing, the disparity value dp

in the image depends solely on the distance zp be-
tween the imaged point, P , and the image plane of
the sensor (Fig. 4). In case of a camera pointing at
an empty floor and tilted at the angle Θ against the
ground plane, each pixel in a horizontal image line has
the same disparity

dp =
B

zp

·
f

px

, (1)

because zp is independent of the horizontal coordinate
in the image. B is the distance (baseline) between the
two cameras, f is the focal length of the camera, which
is used as base for the reconstruction (in our case the
left camera), and px is the horizontal pixel-size of the
camera chip.
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Figure 4: Geometrical consideration for expected dis-
parity in an image.

The value for dp or zp in equation (1) needs to be
estimated from the information in the image directly.
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This is done in an on-line estimation process that is
described in the next section.

2.2 Estimation of the image row dispari-
ties dp

2.2.1 Direct learning

A simple approach to suppress the ground plane is to
“learn” the distribution of the disparities dp directly
for all image rows in an empty area and to use these
values in subsequent steps. However, this approach
cannot adapt to changing tilt angles. Furthermore, a
typical image during regular operation in indoor en-
vironments includes multiple obstacles, which makes
complete learning of the disparities for all image rows
difficult.
This technique is suitable for scenarios, where at

least parts of the ground plane are always visible. It
allows a robust removal of arbitrary shaped smooth
surfaces. It can be used for detection of hilly surfaces
such as roads, because the typical scenario in this case
involves mostly empty road segments, which can be
used for learning. It cannot be applied to an arbitrary
terrain, but roads are smooth in the direction parallel
to the image plane, where each image row for an empty
space creates a narrow peak in a histogram for the
entire row representing the disparity dp for the ground
surface in this row (Fig. 6).

2.2.2 Estimation of the ground plane

In indoor environments the systems operate usually on
flat surfaces. Such surfaces can be robustly estimated
from the sparse information available in the images.
The internal camera parameters and the orienta-

tion of the cameras to each other are assumed to be
known from an off-line calibration process [11, 6]. The
re-calibration procedure running on-line in each recon-
struction step estimates the orientation of the camera
system with respect to the ground plane µ (Fig. 5).
Basically, the presented calibration process estimates
the rotation between the coordinate systems of the
camera (u, v, e) and the world (x, y, z).
The calibration values are calculated based on the

reconstructed position of two points Pi, Pj , which are
part of the ground plane P. The stereo reconstruction
process reconstructs the 3D position of each point in
the image. Since the system is supposed to be used
for collision avoidance, the probability is high that the
bottom rows of the image contain, at least partially,
the ground plane. In our approach, a histogram over
the entire image row is calculated in 10 different rows
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Figure 5: Calibration of Θ and H from two arbitrary
points P1, P2.

in the bottom part of the image and the peak values
are used to estimate disparity value dp for this row. A
pixel in each row with exactly this disparity disparity
value is used to estimate the coordinates of the point
Px in the coordinate system (u, v, e) of the camera
system.

The angle µij can be calculated using the condition
Pi ∈ P ∧ Pj ∈ P from the scalar product of the
normalized difference vector PiPj between any two of
the ten extracted points and the normalized vector
along the z-axis z0.

n = |Pj − Pi|

=
√

(uj − ui)j + (vj − vi)j + (ej − ei)j

µij = arccos





1

n





uj − ui

vj − vi

ej − ei



 ·





0
0
1









= arccos
|ej − ei|

|Pj − Pi|
(2)

The set {µij} is used to vote for the estimated an-
gle µest. RANSAC [5] method can be used to estimate
a valid set S of points reconstructing µest. The cali-
bration value Θ can be calculated using µest to

Θ =
π

2
− µest =

π

2
− arccos

|ej − ei|

|Pj − Pi|
. (3)

The height of the camera system H can be esti-
mated for example from the scalar product of the vec-
tor Px with the z-axis expressed in the coordinate sys-
tem of the camera

Hx =





ux

vx

ex



 ·





0
cosµest

sinµest





= vx · cosµest + ex · sinµest

⇒ H =
1

|S|
·
∑

x∈S

Hx. (4)
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We included a “sanity” check in our system that
verifies the computed values to catch outliers. If the
calculated height changes differs significantly from the
initially estimated value then the calibration estimate
is rejected.

2.3 Prediction of the disparity for the
ground plane

The parameter zp can be calculated from the ge-
ometrical values depicted in Fig. 4. The distance zp

can be estimated to be

zp =
H · cos γ

cosβ
, (5)

with β = Θ+ γ ∧ γ = arctan
vp · py

f
,

where vp is the vertical pixel coordinate in the image
relative to the optical center, pointing downwards and
py is the vertical pixel-size of the camera. The angle γ
is the vertical angle in the camera image between the
optical axis and the current line vp.
Using the equations (1) and (5) we can formulate

the equation for the expected disparity value for a
given line vp to

dp =
B · f

H · px

· (cosΘ− sinΘ · tan γ)

=
B · f

H · px

·

(

cosΘ− sinΘ ·
vp · py

f

)

. (6)

Using the equation (6) the initial disparity image
is processed to remove the supporting plane and all
objects entirely contained in region III (Fig. 2) , which
is the floor area in case of the mobile robot.
We make the assumption that the ground plane is

parallel to the baseline of the stereo system. In this
case the histogram for a single image row in an empty
space should be a single value. In the reality, the cam-
eras cannot be aligned so exactly. Fig. 6 shows that in
the normal case the ground plane still covers a small
disparity range [185; 187] = 3 (left histogram). This
range extends to [162; 178] = 17 (right histogram)
when the robot rolls by 30◦. The shift in the mid-
dle values of the disparity range can be explained in
the way, we rolled the robot. In this experiment the
left wheel was lifted accordingly to achieve the desired
angle, which increased the height H of the sensor.
In the current implementation we use a fixed value

for the disparity range that is supposed to cover the
floor area (region III). In this approach small ob-
jects far from the robot disappear from the planning
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Figure 6: The range covered by the floor in a single row
of an image: (left) almost perfect alignment (right) roll
angle of 30◦

map. We are currently modifying it to an adaptive
approach, which will use the estimated disparity dp

and angle Θ to calculate a disparity range depending
on the distance from the sensor system.

2.4 Region segmentation

In the resulting disparity image the detected ob-
jects are represented as pixel clusters that need to be
segmented into regions. Imperfections in the stereo re-
construction process and poor texture on the imaged
surfaces result in frequent gaps in the reconstructed
dense disparity images. Therefore, we lessen the di-
rect neighborhood requirement for two elements of
the cluster. We allow gaps between neighboring ele-
ments to prevent the reconstructed regions from split-
ting into too many small parts, which would fall below
the spatial resolution of the planning algorithm that
is supposed to use this data.

2.4.1 Compactness in the object space

Regions are represented by compact clusters spanning
a range in the disparity domain. We require that clus-
ters are continuous in the disparity domain to ensure
that regions separate into objects correctly. We de-
fine this as the disparity constraint. This range can
be quite large in case of, e.g., flat objects on the floor.
Therefore, the range limits need to be calculated for
each cluster separately.
An example of this is shown in Fig. 3. There, two

clusters belonging to the desk and the box overlap in
the image and would result in a segmentation into a
single region without the disparity constraint. How-
ever, they need to be separated to allow navigation
between them. The box has, in this example, a much
larger disparity range, because the top surface is visi-
ble, while the desk appears almost as a single vertical
surface with a narrow disparity range.
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In real images, areas of an object may not be de-
tected correctly due to texture properties of the sur-
face in this area. Therefore, we allow a maximum dis-
tance εd between two object elements in space. The
value εd is chosen to be half the size of the robot to
prevent splitting the resulting obstacle map into too
many small regions that do not provide enough space
between them to navigate. The actual distance be-
tween points tx in the object space of the object Ok

may not exceed a maximum value εd

2.4.2 Compactness in the image space

In the ideal case, the extraction of a region requires
uniformity of the imaged surfaces in this domain. This
assumption is often violated in real images due to sen-
sor noise, texture and shape of the surface, and light-
ing conditions. To compensate for these errors we al-
low gaps between neighboring pixels.
Therefore, the distance between neighboring image

elements (pixels) px in the considered cluster should
not exceed a given threshold εc. This value is chosen
dependent on the current disparity value of the region
and represents half the size of the robot.

|pi − pj | < εc (7)

2.5 Navigation map

The region segmentation step from the previous sec-
tion generates a list of clusters C, where each cluster
can be described by its middle point, extension dx, dy

and depth range dz.

2.5.1 Map generation

The elements of the cluster list C are projected, in our
case, on a two-dimensional grid array, which is later
used to generate safe paths through the environment
(section 2.5.2).

Figure 7: Navigation map for the scene from Fig. 3
with the desk, trashcan and a box reconstructed.

The depth extension does not necessarily reflect the
real dimensions of the object because of the occlusions
in the scene. This is obvious in the example of the
desk, where basically just the vertical front plane is
reconstructed. In contrast the box was reconstructed
in its full extension.

2.5.2 Path planning

The map constructed in section 2.5.1 is used to gen-
erate safe paths through the environment. The al-
gorithm is based on the gas diffusion analogy and is
described in [10] in more detail.
The diffusion equation (8) describes the distribu-

tion of gas in the area. Once the diffusion process
stabilized the optimal path can be found along the
steepest increase in the concentration of the gas from
Start to Goal (Fig. 8). In this equation u describes the
concentration of the gas in a given point, Ω defines the
area of operation, δΩ represents boundaries of objects
in this area and a2 and g are diffusion constants.

∂u

∂t
= a2 · ∇2u− g · u, (8)

u(t;xG) = 1, xG ∈ Ω ⊂ Rn

u(t;x0) = 0, x0 ∈ δΩ ⊂ Rn

A discrete form of this equation can be written in
a recursive form for r ∈ Ω′ as

uk+1;r =
1

1 +M
· (

M
∑

m=1

uk;m + uk;r)− τ · g · uk;r (9)

For the boundary conditions from equation (8) the
recursive form is simplified to

uk+1;r =

{

0, for r ∈ δΩ′

1, for r = rG

(10)

The exact derivation is described in [10] in more
detail. The number of iterations required to calculate
the diffusion field depends on the size of the field and it
defines the quality of the generated paths (section 3.3).
To reduce the computational effort for path generation
the Lee algorithm [8] is used (white line in Fig. 8) to
estimate the size of the required map (dark area in
Fig. 8) to generate a safe path from start to goal.

3 Results

In our experiments we used a Nomad Scout as a
mobile robot with a PentiumIII@850MHz notebook
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Figure 8: Path generation in a local area calculated
from the Lee-algorithm.

running Linux-OS. The system was equipped with
SRI’s MEGA-D Megapixel Stereo Head. The cameras
were equipped with 8mm lenses. The cameras were
mounted 8.8cm from each other.
The typical tilt angle of the camera system during

the experiments was Θ = 53◦. It was mounted H =
48.26cm above the ground. It allowed us to robustly
detect the obstacles in front of the robot while still
allowing a range of up to 4m in front of the robot at
the same time.
In this configuration the system was running with

a reconstruction rate of 11.2 Hz for the entire obstacle
detection cycle. In this case the path planning module
was not enabled since the main focus of this paper is
the robust obstacle detection and this extension shows
merely, how to use the generated data in a real appli-
cation.

3.1 Quality of the ground detection

Ground suppression is fundamental for the entire
process. An example of a suppression is shown in
Fig. 9. It shows the resolution of the system, which is
capable distinguishing between the ground plane and
objects as low as 1cm above the ground at a distance
of up to 3m. The newspaper disappears as an obstacle
as soon as it lays flat on the ground. Each image triple
shows the real image in the upper left corner, the com-
puted disparity image in the upper right corner and
the detected obstacles at the bottom.
Ground suppression was tested on different types

of floor. The number of pixels that could not be re-
moved correctly usually lies in the range of 0.6% of
the total number of pixel in the image for an empty
space (Fig. 10). In case of the white plane in the bot-
tom image, no disparity values were obtained and a
warning was generated, because the size of the result-
ing information gap was larger than a threshold value.
This value is defined by the expected size of the robot
in the image in this area based on the calculations in

Figure 9: The newspaper is classified as obstacle left,
but it disappears in the right image.

the ground suppression module.

Figure 10: Ground plane suppression (left-to-right:
video image, disparity image, floor suppressed): (top)
regular lab floor, (middle) newspaper covered ground,
(bottom) white plane results in an alarm in the seg-
mentation window

3.2 Quality of the obstacle detection

The algorithm was applied in a variety of situations
and generated reliable results in all situations where
the scene contained enough structure for the stereo
reconstruction algorithm. A few examples are shown
in Fig. 11.

3.3 Quality of the generated paths

The best path is found when the diffusion process
reaches equilibrium where no changes in the distribu-
tion uk;r (equation 10) occur. In real applications a
minimum number of iterations Kmin need to be cal-
culated to achieve a good result. Experiments have
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Figure 11: Examples of obstacle detection in different
scenes.

shown that a threefold path length (in grid units of
the map) estimated from the simple Lee algorithm [8]
gives a good assumption for the number of iterations
required for the diffusion algorithm. An example for
the different quality of the generated paths is shown
in Fig. 12.

Figure 12: Planned paths after: (left) 100, (right) 400
iterations.

4 Conclusion and Future Work

We have presented a system that performs a robust,
real-time obstacle detection and avoidance using on a
binocular stereo system. The system performs a ro-
bust obstacle detection under changing system param-
eters by re-calibrating the external sensor parameters
on-line as described in this paper. This system pro-
vides a vision-based alternative to the range sensors
for robots with restricted space and resources.
The main weakness of the it is the stereo recon-

struction. In environments with little texture the re-
construction has gaps that can result in poor detec-
tion of large obstacles with uniform surfaces. A good
example is the detection of the trashcan in the last
image set in Fig. 11, where merely the boundaries of
the obstacle were detected. An improvement in this
area is expected with structured light source added to
the system, which should add the necessary texture

on such object types.
An interesting additional research field can also be

a test of the system on the road to distinguish between
lines on the ground and obstacles on the road. The
on-line calibration can be extended to deal with non-
planar surfaces as mentioned in section 2.2.1. In this
case the expected disparity for the road is learned for
each line from a histogram and no general rule for the
whole image is assumed.
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