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Abstract

The dominant architecture for mobile robot percep-
tion uses sensors onboard the robot, providing only a
first-person perspective on the environment. This work
describes a movel mobile robot system that uses an
environment-based sensor network, providing a pow-
erful third-person perspective on the environment. In
previous work we described an algorithm that computes
a real-time spatial-temporal occupancy map from the
multiple video streams of the sensor network [5]. We
have also described a movel path-planning algorithm
based upon this system [7]. In this work we describe
a novel motion control loop that is based upon track-
ing the mobile robot in the occupancy map. Tracking
in the fused perceptul space of the sensor network pro-
vides several advantages over tracking individually in
a set of raw sensor spaces. We demonstrate a proto-
type system operating in several dynamic scenarios.

Key words: computer vision, mobile robotics, real-
time motion control, distributed sensing

1 Introduction

The dominant architecture for mobile robot per-
ception uses sensors onboard the robot, providing
only a first-person perspective on the environment.
This work describes a novel mobile robot system that
uses an environment-based sensor network, providing
a powerful third-person perspective on the environ-
ment. Figure 1 shows an example sensor network con-
sisting of four video cameras. The idea is that mobile
robots working in the area tune in to broadcasts from
the video camera network (or from environment-based
computers processing the video frames) to receive sen-
sor data. This distributed sensing configuration offers
several advantages over onboard sensing. Data fusion
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Figure 1: A video camera network.

over space and time is simpler using stationary sen-
sors. In [5], we describe an algorithm to compute a
real-time occupancy map from a video network like
the one in Figure 1. This system is reviewed in Sec-
tion 2. The combined field-of-view of a sensor network
is larger than what can be provided by onboard sen-
sors. Using onboard sensors, a robot has only line-
of-sight sensing, and so must rely upon partial path
strategies (see for instance [11]). In [7] we describe a
novel path-planning strategy that takes advantage of
distributed sensing. This system is reviewed in Sec-
tion 3. In this paper we describe novel methods for
motion control of a mobile robot using this distributed
sensing system. The motion control loop is closed by
tracking the robot in the occupancy map. We also
demonstrate a prototype system operating in several
dynamic scenarios.

2 Distributed Sensing

For this work we constructed a network of video
cameras similar to the depiction in Figure 1. The
camera layout resembles a security video network.
The cameras are all connected to a single computer
that processes the video feeds to produce a spatial-
temporal occupancy map [5]. The occupancy map is



Figure 2: An example occupancy map frame, and a
concurrent view of the action in the room.

a two-dimensional raster image, uniformly distributed
in the oor-plane. ach map pixel contains a binary
value, signifying whether the designated oorspace is
empty or occupied. A spatial frame of the occupancy
map is computed from a set of intensity images, one
per camera, captured simultaneously. Temporally, a
new map frame can be computed on each new video
frame sync signal. Thus in effect, the map is itself
a video signal, where the pixel values denote spatial-
temporal occupancy. Figure 2 shows an example oc-
cupancy map frame from our system and a concur-
rent view of the action in the room. The chairs be-
ing pushed across the room are visible in the map as
star-shaped areas, denoting the occupancy of the chair
bases. The person standing at the right of the image
is ust visible at the bottom of the occupancy map.

t nning

Algorithms using occupancy maps have been
demonstrated for robot path planning, collision deter-
mination, and other navigation and location-related
tasks (see for instance [ , , 13]). These works con-
sider the problems from the point of view of a robot
using on-board sensors or a priori maps for naviga-
tion. Using sensor network perception offers three
advantages over onboard sensor perception for path
planning. First, the distributed sensor network allows
path computation from start to goal point regardless
of the robot s current field-of-view. Second, the real-
time fused occupancy map captures both static and
dynamic ob ects concurrently, so that a separate static
map is unnecessary. Third, if a new start-to-goal path
can be planned for each sensor sampling period then
geometric path planning and dynamic collision avoid-
ance are solved simultaneously. To take advantage of
sensor network perception, we developed a path plan-
ning algorithm based upon polynomials [7]. Using
a single occupancy map frame, the polynomial path
planner searches a set of polynomials that connect the
start to the goal point. Figure 3 shows an example set
of polynomials from start (upper left) to goal (lower
right) in a frame containing three block obstacles. The

Figure 3: A set of polynomial paths (left figure) from
start (upper left) to goal. The best path (right figure)
is the shortest collision-free path in the set.

shortest collision-free path is selected for the current
desired tra ectory. Although this algorithm does not
guarantee a solution, it is fast. In our prototype the
polynomial path planner operates at over 3 on a

occupancy map frame, which is fast enough
to give a new path for each sampling period of the
sensor network.

otion ontro

obots with onboard sensors rely on detecting or
tracking known environment features, like corners and
doorways, to establish self position (see for instance
[1, ,1]). With our distributed sensing system, the
motion control loop is closed by tracking the position
of the robot in the real-time occupancy map. The
problem of tracking the robot resembles the problem
of tracking humans in surveillance and monitoring sys-
tems (see for instance [2, 3, 12]). owever, tracking in
the map space has several advantages over tracking in
a set of image spaces:

1. The si e of an ob ect in an image shrinks with
distance ob ect si e in the map remains constant.

2. The maximum distance an ob ect (with constant
maximum velocity) can move in an image be-
tween consecutive frames changes with distance
from the camera in the map this distance remains
constant.

3. The occupancy map is a binary map with a clearly
defined semantic labeling (occupied or empty)
the pixels of the map are therefore simpler to
group than those in a color or greyscale image.

. The camera-handoff problem (determining when
the robot enters and leaves the fields-of-view of
multiple cameras) is bypassed, since the map is
the fused perspective of all the cameras.

ased upon these observations we describe a simple
self-locali ation function. Using this function we tried



two different tracking methods, one based on the pop-
ular alman filter, and another simpler method based
upon heading. A proportional-derivative controller is
used to control the robot s heading. The controller
is constructed to minimi e the angular difference be-
tween the tracked heading and a local heading given
by the currently planned path.
st st at

The distance in the occupancy map that the robot
can move between consecutive frames is determined by
the frame rate and the maximum velocity of the robot.
Assuming the position of the robot in the previous
frame is known, then the position of the robot in the
current frame must lie within a window of si e

width  height 2 (1)

where is the radius of the robot in the occupancy
map, is the maximum velocity of the robot in the
occupancy map (measured in map pixels per second),
and  is the frame rate of the occupancy map. With
a su ciently fast frame rate, the si e of this window
is not significantly larger than the robot. The window
iscenteredon ( (1) ( 1)), the position of the
robot in the previous frame. The position of the robot
in the current frame can be calculated as the centroid
of the occupied pixels in this window:

() () 2

() ()
where () is the set of occupied pixels in the win-
dow at time , () is the number of pixels in ()
and is a pixel in () with coordinates ( ).
The initial position of the robot (at time ero) can be
supplied manually. Alternatively, the robot can be lo-
cated at startup using a type of handshaking . While
everything else in the room is assumed to remain sta-
tionary, the robot is commanded to move in a small
circle. The centroid of the cumulative difference image
of the occupancy map uickly reveals the position of
the robot.

a st at

The heading of the robot could be determined by
pose estimation methods using a single occupancy
map frame. ur prototype system uses circular
robots, making this approach di cult. In order to es-
timate the robot s heading we use position estimates
from multiple frames while the robot is under motion.
An approximate heading is given by:

arctan
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Figure : A comparison between the simple heading
estimate (  uation 3) and the heading estimate based
on velocities (  uation ) from a alman filter.

where () and () are the robot s coordinates at
time and is the angle between the centroids of two
consecutive robot positions. This heading estimate is
only updated when the robot is under motion.
uation 3 is accurate under straight motion, but
shows a one frame lag under constant curved motion.
The si e of this error increases with the si e of the
rotation in the motion. Another method to estimate
the robot s heading is to use velocity components:

O

arctan ——= ()

)

where and are the velocities in the and
directions, respectively. We implemented a alman
filter to maintain a filtered estimate of these veloci-
ties, to estimate the robot s heading. Figure shows
examples of heading estimates from the two different
methods described. The heading based on the veloc-
ity of the robot in the x and y direction as given by
the alman filter has a much smoother appearance.

owever, by comparing the two estimates it is appar-
ent that the heading estimate based on velocity is lag-
ging the simple heading estimate. In complete system-
level experiments (for our particular prototype) this
lag tended to have a more negative impact on control
than did the added noise of the simple method. There-
fore we chose the simple method over the alman filter
for the experiments reported in Section 5.

tr

The particular model of robot used in this pro ect is
a Whiskers, manufactured by Angelus esearch. The
robot uses inexpensive hardware (under U.S.)
that was not constructed for precision control. ur
control loop is only operating at the sampling rate of
the sensor network, which is approximately 5 . The
goal of our controller is to achieve fast motion under
reasonable adherence to a planned path, as opposed
to motion tightly constrained by a planned path. The
whiskers robot has a maximum speed of approximately



Figure 5: A comparison between the robot s current
estimated heading and the desired heading for
the ma e experiment (described in Section 5).

2 cm sec, which we generally maintain throughout
motion. Although detailed measurements were not
made, we witnessed (and accepted) adherence to a
planned path that was generally within 1 cm.

A proportional-derivative controller is used to con-
trol the robot s heading. The ob ective of the con-
troller is to minimi e the angle

O O O (5)

where is the robots heading and
wards the control point

is the angle to-

O 0
O 0

The control point ( ) is determined by finding the
point  on the current path closest to the robot, and
stepping from  a small distance ahead on the path
(3 path points for the experiments described in Sec-
tion 5). The control output is given by:

0) () (O C ) O

()

() arctan

where is the proportional gain and is the
derivative gain. The control output corresponds to
an amount of degrees that the robot needs to turn,
and is converted into wheel speeds via a simple scal-
ing function. Figure 5 shows a comparison between
the robot s estimated heading and the desired head-
ing for the ma e experiment described in Section 5.
For the experiments, and 15. The
planned path takes the robot through a 15 m long and
1 m wide corridor. The controller was able to navi-
gate the robot through the ma e avoiding all obstacles.
We note however the lag between the robot s current
heading and desired heading in Figure 5, and comment
that a second control loop operating at a much faster
rate at the motor encoder level would likely make an
improvement.

(a) start to goal (b) goal back to start

Figure A ma e used to test the navigation sys-
tem. The actual paths executed (thick white lines)
are shown under the planned paths (thin lines).

erli ents

We demonstrate our methods using the following
system. The experimental room is roughly 5
s . m. in area. ookshelves line most of the walls.
Four Sony - D cameras, two with 3.5 mm
lenses and two with mm lenses, are mounted on
top of the bookshelves. The cameras are connected to
a single computer, e uipped with two atrox eteor
digiti ers, a atrox illennium II graphics display,

and a 233 entium processor. The images are
processed at full resolution ( ) to produce a
map of si e pixels, as described in [5]. This

system achieves an occupancy map frame rate of ap-
proximately 5 . The map is broadcast to other com-
puters by displaying it via the standard display
and using an -to- TS converter attached to the
graphics display. The TS signal is then received as
a video signal by Silicon raphics 2 workstations
that control two mobile robots, one robot per work-
station. The S T workstations perform path planning
and motion control, sending motor commands to the
mobile robots via F links.

ur first experiment was designed to test the con-
trol system in isolation of the path planning algo-
rithm. Using a static ma e-like scenario, a standard
numerical potential field path planner was executed
once (only on the first occupancy map frame). The
robot was given a goal point and the navigation was
recorded. Figures (a) and (b) show the result of this
experiment running from start to goal, and from goal
back to start. ach run shows the union of occupancy
map frames during the entire trial, so that the robot s
taken path appears as a union of all its positions dur-
ing the run.

ur second experiment was designed to demon-
strate a real-world situation in which a mobile robot
may have to navigate around people and other dy-
namic obstacles in an indoor environment. During this
experiment, the polynomial path planner operated at



5 , computing a new path for each map frame. Fig-
ure 7 shows the scenario, in which a robot is to reach
a goal point on the opposite side of a person sitting
at a desk. While the robot is in motion, the person
pushes back in the chair and blocks the original path.
y computing a new path at the frame rate of the
occupancy map signal, the robot is able to react to
the dynamic situation and smoothly and continuously
navigate a wider path. Several similar experiments
were shown in [7], and may be viewed on video in [ ].
Figure shows a scenario in which two robots are
navigating towards opposite corners of the experimen-
tal area.  oth robots are making use of the same
distributed sensing system, but the motion control
systems are completely independent. To each robot,
the other robot appears as an obstacle in its respec-
tive occupancy map, but otherwise has no significance.
The top row of snapshots shows the occupancy map
from the perspective of the first robot, the bottom
row of snapshots shows the perspective from the sec-
ond robot. When the second robot crosses the path of
the first robot, the first robot momentarily plans and
navigates curved paths around the second robot, until
the straight path is once again cleared.

Discussion

The prototype system described in this paper was
built using 1 7 (or earlier) hardware at the University
of alifornia, San Diego. A second prototype using
1 -1 hardware has been constructed at lem-
son University. This system achieves a sense-plan-act
throughput of 15 | or three times the original pro-
totype, and can control a mobile robot at speeds of
up to .5 m s. In the first prototype, the motion con-
trol loop is operating at the same rate as the sensor
network. For the second prototype we are currently
incorporating a second onboard motion control loop,
running at 1 based upon motor position encoder
feedback. We imagine this will eliminate some of the
oscillation witnessed for instance in Figure . We are
also currently making a more detailed analysis of the
effects of delays between sensing and motion, as wit-
nessed for instance in Figure
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(a) Depiction of active scenario: chair and desk experiment.

(b) Snapshots from experiment.

Figure 7: As the robot moves to the opposite side of a person sitting at a desk, the person pushes back in the
chair. avigation proceeds smoothly as the path planner continually plans a wider path around the obstacles.

(a) Snapshots from navigation perspective of first robot.

(b) Snapshots from navigation perspective of second robot.

Figure : Two robots navigating independently using the same distributed sensing system.

as an obstacle (like any other obstacle) to the other robot.

ach robot appears




