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Abstract In this paper a real-time approach for visual self-localisation
of mobile platforms in dynamic environments is presented. V ision-based
approaches for improving motion estimation recently have g ained a lot of
attention. Yet methods banking on vision only su er from wro ng track-
ing of features between frames as the optical ow resulting from the
robot motion cannot be distinguished from the one resulting from robot
independent motion in the camera images. In the scope of this work a
method for robust visual self-localisation in dynamic envi ronments on
the basis of feature prediction using wheel odometry was deweloped.

1 Introduction

One of the key problems in mobile robotics is the localisatia of a vehicle in
unknown terrain. In recent years visual methods for pose estnation have become
more and more interesting as they are now computationally fasible and do not
su er from the same sources of error as traditional approacks do. In fusion with
other systems the robot pose estimation should become moré¢able in particular
on the local level.

Figure 1. RAVON, the Robust Autonomous Vehicle for O -road Navigatio n.
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Figure 2. Overview of Visual Odometry.

On the mobile o -road platform RAVON ! { which is developed by the RRLak?
at the University of Kaiserslautern { wheel odometry, a custom-built inertial
measurement unit with integrated digital compass and a GPS eceiver have
been deployed so far. Now this suite of sensor systems shalé lcomplemented
with stereo ego motion in order to improve the local stability of the yielded
pose information. Besides better results of the fused positn information this
extension opens the possibility to build up an absolute lochobstacle map from
stereo vision information in order to cover the blind anglesof the camera system.
In principle most visual odometry approaches follows the p#ern outlined in
Figure 2. The camera system captures a frame and a set of feates that are
suitable for tracking are selected in this image. After someime, another frame
is taken. The features that have been detected in the previos frame are now
tracked into the current frame. The vectors between these pimts contain the
information about the change in orientation and translation of the robot between
the two subsequent frames. The last step is an ego-motion dstation on the basis
of the vectors to receive the robot pose according to a giventarting point.

2 State of the Art

The idea of visual odometry was rst developed by L. Matthies [Matthies 89].
This approach was re ned and deployed on several mars robotfCheng 05] and
other researchers implemented di erent avours of the original concept. The
di erences mostly lie in the camera system { monocular [Camlipell 05], omni-
directional [Corke 04] or stereo [Matthies 89] { used. The two rst mentioned
camera con gurations are not an option in o-road terrain as a at ground
plane needs to be assumed in order to compute 3D coordinatesoim the image
points. Therefore a stereo-ego-motion approach was chosdar implementation
in this work.

In common outdoor scenarios a lot of dynamics come into play & people,
other vehicles or tree branches and high grass a ected by th&ind cause vehicle
motion independent movement in the camera images (See Figar5 in Section 4).

! RAVON ! Robust Autonomous Vehicle for O -road Navigation [Schafe r 06]
2 RRLab ! Robotics Research Lab (http://rrlab.informatik.uni-kl.de )



Current implementations banking on visual data only (p.ex. [Sanderhauf 06])

su er from the inability to decide what optical ow is caused by the robot motion

and what is introduced by the disturbers mentioned above. Insome realisations
the vehicle velocity is taken into account in order to prevert pose drift when

standing still [Niser], yet most publications do not cove r the problem of dynamic

sceneries at all. In [Helmick 04] the research group around.lMatthies introduces

the idea of using the wheel odometry to Iter wrong optical o w. The system
in question was to be deployed on martian rovers and optimisg for operation

in stop-and-go mode. Furthermore the aspect of dynamic envbonments was not
addressed as the worlds out in space appear to consist of roxland deserts.

3 Visual Self-localisation in Dynamic Environments

Having introduced the concept of visual odometry in generaland the problems
which arise when dynamics come into play this section shall atline the approach
implemented in the context of this work. The idea of incorporating wheel odom-
etry into a Itering step for pose estimation was picked up and integrated into
a real-time visual odometry system. The focus in this contex was the develop-
ment of a visual self-localisation system which would be robst against dynamic
disturbers in order to obtain locally stable pose information. On this basis an
absolute local map shall be built of obstacle detection outpt computed from
the very same images as used for pose estimation.

The implemented system can be grouped into three modules (®eFigure 3).
Module Image Processingencapsulates feature detection and tracking as well as
the 3D reconstruction of the landmarks. For Feature Detection the OpenCV3
implementations of the Harris corner detector [Derpanis 04 is used. Feature
Tracking and Stereo Matching steps are carried out with the Lucas-Kanade-
tracker [Lucas 81] also available in OpenCV. Given the 3D ladmarks of two
subsequent time steps {f ; and t; in Figure 3) a Feature Filtering step is in-
serted using thePose Delta computed from the correlated 2D poses of the robot

3 OpenCV ! Open Computer Vision Library http://opencv.sourceforge.net
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Figure 3. Concept of the implemented Visual Self-localisation Facil ity.



from the wheel odometry. For Pose Estimation a suitable subset of the Itered 3D
landmarks is computed using a preemptive RANSAC-based algithm in combi-
nation with Singular Value Decomposition for computing the robot pose delta.
The preemptive error function for RANSAC termination is com puted from the
reprojection of the transformed previous 3D landmarks intothe image plane. Due
to space limitations in this paper the reader shall be refered to [Hahnfeld 07]
for the mathematical details. The attempt to fuse wheel odonetry with visual
odometry implies that both sources of information need to besynchronised. On
the test platform RAVON stereo image processing runs on a deidated computer
system as it is computationally quite expensive. In order tocorrelate sensor data
from di erent sources all computers are synchronised via tle network time pro-
tocol which assures an accuracy of about 2-10ms in a contretl network. This
is given as RAVON features a switched network with only four @mputers con-
nected. Furthermore tra c is limited by trying to compute as much as possible
on the particular nodes owning the data source and only tranmit Itered ab-
stract representations over the network rather than raw sersor data [Schafer 05].
The wheel odometry poses are computed from encoder data cong from a DSP
attached with a time stamp. This time stamp is adapted to the system time and
attached to the odometry pose. The same is done for the imageada which come
with internal time stamps from the cameras. That way both data sources are
brought to the same time basis very early in the procedure. Tle odometry poses
with the attached poses are placed into a ring bu er located n a shared memory.
Every time new camera images are available the ring bu er is sarched for the
best timed odometry pose. In order to give the odometry pose alector facility
enough time to place the current pose into the ring bu er and to transfer the
data over the network the poses are fused with the images aftean undistortion
step which is necessary for precise stereo imagery.

4 Experimental Results

In this section some experiments carried out on the RAVON andin the simula-
tion environment [Braun 07] developed at the RRLab shall be pesented. First
of all the parameters for optical ow computation were tuned in the simulation
environment where no mechanical or optical inaccuracies a present (imprecise
mounting of the cameras on the robot, defective position of he CCD's in the
cameras, lens distortion, etc.). Furthermore no disturbes falsify the input im-
ages and therefore perfect conditions for optimising the ofical ow component.
As a benchmark for this procedure the track depicted in Figue 4 (a) of about
20m was de ned. Step by step the parameters were adjusted aocding to the
best performance in comparison to ground truth which is natually available in
simulation. With the optimised system the endpoint deviation was about 1.75 %
which corresponds to a distance of 0.38 m. In average the deation of the esti-
mated points compared to ground truth was about 0.15m.

The parameters for optical ow computation set real experiments were car-
ried out to test the in uence of disturbers. Figure 5 shows the same images as
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Figure 4. Visual odometry compared to ground truth in simulation (lef t) and Visual
odometry test runs on RAVON with and without disturbers (rig  ht).

introduced in Section 2 as examples for robot motion indepedent movements
in the camera images. In these illustrations the reader canee that the optical
ow introduced by the disturbers was classi ed as wrong optical ow which will
not be taken into account. For clarity reasons the frames hae been chosen such
that the disturbing regions are not very large. In several test runs it was shown
that external in uences may occupy large regions without a ecting the accuracy
of the visual self-localisation.

Wrong Optical Flow

Correct Optical Flow Correct Optical Flow

Figure 5. Wrong optical ow correctly classied by the implemented sy stem (yel-
low/light grey lines). Only the correct optical ow (blue/d ark grey lines) is used.

In a rst set of tests a course was marked on the test grounds ofhe RRLab.
This course was covered twice, once without and once with diarbers. At the pre-
de ned check points the position computed by the visual odonetry was tagged



in order to compare these spots later. Note that a quantitative conclusion on this
type of test is di cult as repeatability of the very same run ¢ annot be achieved.
Nonetheless the plot in Figure 4 (b) shows that the computed pses with dis-
turbers stay locally stable and the deviation of both runs isin a promising range.
Over the whole run the deviation is about 10% of the distance overed (15m
(checkpoint 2): 1.75m, 30m (checkpoint 3): 3,22, 40 m (cheghoint 3): 3.51m)
but this basically results from one minor orientation error in the very beginning
which accumulated over time.

In order to get quantitative results ground truth compariso ns using a powerful
DGPS receiver as a reference would be necessary. As such ateys was not
available on RAVON until now these experiments are still perding. In the near
future a StarFire2 GPS receiver which reaches a positioningccuracy of about
10 cm using the commercial satellite correction network Gren Star will allow to
carry out that kind of test. GPS receiver and Green Star licerse will kindly be
provided by John Deere.

5 Conclusion and Future Work

In this paper a real-time stereo-ego-motion system for apptation in dynamic
environments was presented. The idea of incorporating wheéeodometry infor-
mation to Iter wrong optical ow was picked up from approach es approved in
stop-and-go mode without dynamic sceneries in space robas. In that context
a method for careful correlation of stereo images and wheeldmmetry was intro-
duced which results in a robust real-time stereo-ego-motin system. In particular
the ability to distinguish ego-motion-born optical ow fro m the one introduced
by disturbers makes the system suitable for dynamic enviroments. Experiments
on the o -road platform RAVON showed that locally stable pos e information can
be achieved in dynamic environments.

In the future ground truth comparisons shall be carried out using a new
high precision DGPS receiver. In that context the impact of further cascaded
Itering mechanisms of the optical ow shall be evaluated. RAVON features
an obstacle detection facility which uses the same stereo iages as the pose
estimation. In the future both systems shall be brought togeher in order to build
an absolute local map to cover the blind angles of the cameraystem for obstacle
avoidance. To assure optimal adjustment of the stereo camerhead for obstacle
detection an o -road-adapted pan/tilt unit was developed in recent months.
Now that the mechanics are ready this active vision unit will be integrated into
the existing framework. The camera head movement needs to b&aken into
account in pose estimation. Here again precise correlatiois necessary to yield
satisfactory results. The authors assume that the presenté correlation approach
already covers the problems that could arise with the new degee of freedom.
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