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An important issue that arises in the automation of many security, surveillance, and reconnaissance tasks is that of observing the movements of targets navigating in a bounded area of interest.
A key research issue in these problems is that of sensor placement | determining where sensors should
be located to maintain the targets in view. In complex applications involving limited-range sensors, the
use of multiple sensors dynamically moving over time is required. In this paper, we investigate the use
of a cooperative team of autonomous sensor-based robots for the observation of multiple moving targets.
In other research, analytical techniques have been developed for solving this problem in complex geometrical environments. However, these previous approaches are very computationally expensive { at least
exponential in the number of robots | and cannot be implemented on robots operating in real-time.
Thus, this paper reports on our studies of a simpler problem involving uncluttered environments | those
with either no obstacles or with randomly distributed simple convex obstacles. We focus primarily on
developing the on-line distributed control strategies that allow the robot team to attempt to minimize the
total time in which targets escape observation by some robot team member in the area of interest. This
paper rst formalizes the problem (which we term CMOMMT for Cooperative Multi-Robot Observation
of Multiple Moving Targets) and discusses related work. We then present a distributed heuristic approach
(which we call A-CMOMMT) for solving the CMOMMT problem that uses weighted local force vector
control. We analyze the e ectiveness of the resulting weighted force vector approach by comparing it to
three other approaches. We present the results of our experiments in both simulation and on physical
robots that demonstrate the superiority of the A-CMOMMT approach for situations in which the ratio
of targets to robots is greater than 1=2. Finally, we conclude by proposing that the CMOMMT problem
makes an excellent domain for studying multi-robot learning in inherently cooperative tasks. This approach is the rst of its kind for solving the on-line cooperative observation problem and implementing
it on a physical robot team.

Abstract.

1.

Introduction

Many security, surveillance, and reconnaissance tasks require autonomous observation of the movements
of targets navigating in a bounded area of interest. A key research issue in these problems is that of
sensor placement | determining where sensors should be located to maintain the targets in view. In the
simplest version of this problem, the number of sensors and sensor placement can be xed in advance
to ensure adequate sensory coverage of the area of interest. However, in more complex applications, a
number of factors may prevent xed sensory placement in advance. For example, there may be little prior
information on the location of the area to be observed, the area may be suÆciently large that economics
prohibit the placement of a large number of sensors, the available sensor range may be limited, or the area
may not be physically accessible in advance of the mission. In the general case, the combined coverage
capabilities of the available robot sensors will be insuÆcient to cover the entire terrain of interest. Thus,
the above constraints force the use of multiple sensors dynamically moving over time.
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There are many application motivations for studying this problem. Targets to be tracked in a multirobot or multi-agent context include other mobile robots, items in a warehouse or factory, people in
a search and rescue e ort, and adversarial targets in surveillance and reconnaissance situations. Even
medical applications, such as moving cameras to keep designated areas (such as particular tissue) in
continuous view during an operation, require this type of technology [18].
In this article, we investigate the use of a cooperative team of autonomous sensor-based robots for
applications in this domain. Our primary focus is on developing the distributed control strategies that
allow the team to attempt to minimize the total time in which targets escape observation by some
robot team member in the area of interest, given the locations of nearby robots and targets. Because
we are interested in real-time solutions to applications in unknown and dynamic environments, we do
not view the problem from the perspective of computing geometric visibility, which is largely a problem
of planning from a known world model. Instead, we investigate the power of a weighted force vector
approach distributed across robot team members in simple, uncluttered environments that are either
obstacle-free or have a random distribution of simple convex obstacles. In other work [32], we describe
the implementation of this weighted force vector approach in our ALLIANCE formalism ([26], [30]) for
fault tolerant multi-robot cooperation. In this article, we focus on the analysis of this approach as it
compares to three other approaches: (a) xed robot positions (Fixed), (b) random robot movements
(Random), and (c) non-weighted local force vectors (Local).
Of course, many variations of this dynamic, distributed sensory coverage problem are possible. For
example, the relative numbers and speeds of the robots and the targets to be tracked can vary, the
availability of inter-robot communication can vary, the robots can di er in their sensing and movement
capabilities, the terrain may be either enclosed or have entrances that allow targets to enter and exit the
area of interest, the terrain may be either indoor (and thus largely planar) or outdoor (and thus 3D),
and so forth. Many other subproblems must also be addressed, including the physical tracking of targets
(e.g., using vision, sonar, infrared, or laser range), prediction of target movements, multi-sensor fusion,
and so forth. Thus, while our ultimate goal is to develop distributed algorithms that address all of these
problem variations, we rst focus on the aspects of distributed control in robot teams with equivalent
sensing and movement capabilities working in an uncluttered, bounded area.
The following section de nes the multi-target observation problem of interest in this paper, which we
term CMOMMT for Cooperative Multi-Robot Observation of Multiple Moving Targets. We then discuss
related work in this area, followed by a description of the distributed, weighted local force vector approach,
which we call A-CMOMMT. Next, we describe and analyze the results of the A-CMOMMT approach in
both simulation and on physical robots, compared to three other policies for cooperative target observation
{ Local, Fixed, and Random. We present a proof-of-concept implementation of our approach on a team
of four Nomad robots. Finally, we discuss the merits of the CMOMMT problem as a general domain for
multi-robot learning involving inherently cooperative tasks.
2.

CMOMMT

problem description

The problem of interest in this paper | Cooperative Multi-Robot Observation of Multiple Moving Targets
(CMOMMT) | is de ned as follows. Given:

S:
V:

a two-dimensional, bounded, enclosed spatial region
a team of m robot vehicles, vi ; i = 1; 2; :::m, with 3600 eld of view observation sensors
that are noisy and of limited range
O(t) : a set of n targets, oj (t), j = 1; 2; :::; n, such that target oj (t) is located within
region S at time t
We say that a robot,
explicitly below).

vi ,

is observing a target when the target is within

vi 's

sensing range (de ned
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De ne an m  n matrix B (t), as follows:
B (t)

= [bij (t)]mxn such that bij (t) =



3

1 if robot vi is observing target oj (t) in S at time t
0 otherwise

Then, the goal is to develop an algorithm, which we call A-CMOMMT, that maximizes the following
metric A:
A

=

T X
n
X
g (B (t); j )
T

t=1 j =1

where:
g (B (t); j )

=



1 if there exists an i such that bij (t) = 1
0 otherwise

under the assumptions listed below. In other words, the goal of the robots is to maximize the average
number of targets in S that are being observed by at least one robot throughout the mission that is of
length T time units. Note that we do not assume that the membership of O(t) is known in advance. Also
note that if we later wanted to use an adaptive algorithms that improved its performance over time, this
metric could be changed to sum over a recent time window, rather than the entire mission. This would
eliminate the penalty for the early performance of processes that improve over time.
In addressing this problem, we de ne sensor coverage (vi ) as the region visible to robot vi 's observation
sensors, for vi 2 V . Then we assume that, in general, the maximum region covered by the observation
sensors of the robot team is much less than the total region to be observed. That is,

[

vi 2V

sensor coverage (vi )  S :

This implies that xed robot sensing locations or sensing paths will not be adequate in general, and that
instead, the robots must move dynamically as targets appear in order to maintain their target observations
and to maximize the coverage.
We further assume the following:
 The robots have a broadcast communication mechanism that allows them to send (receive) messages
to (from) each other within a limited range. The range of communication is assumed to be larger than
the sensing range of the robots, but (potentially) smaller than the diameter of S . This communication
mechanism will be used only for one-way communication. Further, this communication mechanism is
assumed to have a bandwidth of order O(mn) for m robots and n targets1 .
 For all vi 2 V and for all oj (t) 2 O(t), max vel(vi ) > max vel(oj (t)), where max vel(a) gives the
maximum possible velocity of entity a, for a 2 V [O(t). This assumption allows robots an opportunity
to collaborate to solve the problem. If the targets could always move faster, then they could always
evade the robots and the problem becomes trivially impossible for the robot team (i.e., assuming
"intelligent" targets).
 The robot team members share a known global coordinate system2 .
In some situations, the observation sensor on each robot is of limited range and is directional (e.g.,
a camera), and can only be used to observe targets within that sensor's eld of view. However, in this
article, we report the results that assume an omni-directional 2D sensory system (such as a ring of cameras
or sonars, the use of a global positioning system, or a single omnidirectional camera such as those recently
prototyped by SRI, CMU/Columbia, etc.), in which the robot sensory system is of limited range, but is
available for the entire 360o around the robot.
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Related work

Research related to the multiple target observation problem can be found in a number of domains, including art gallery and related problems, multi-target tracking, and multi-robot surveillance tasks. Nearly all
of the previous work in this area involves the development of centralized algorithms for complex geometric
environments using ideal sensors. While these previous approaches provide theoretically precise solutions
to complex geometrical problems, they are extremely computationally expensive (at least exponential in
the number of robots) and do not scale well to numbers of sensors and targets greater than one or two.
The previous solutions also do not provide a on-line, real-time solutions to the cooperative observation
problem. Our work di ers in that, while we do not solve for complex geometric environments, we do
provide a heuristic on-line solution that works in simple environments, and that scales well to larger
numbers of targets and robots in the midst of sensor and e ector errors.
While a complete review of the previous research is not within the scope of this paper, we will brie y
outline the previous work that is most closely related to the topic of this paper. The work most closely
related to the CMOMMT problem falls into the category of the art gallery and related problems [25],
which deal with issues related to polygon visibility. The basic art gallery problem is to determine the
minimum number of guards required to ensure the visibility of an interior polygonal area. Variations
on the problem include xed point guards or mobile guards that can patrol a line segment within the
polygon. Several authors have looked at the static placement of sensors for target tracking in known
polygonal environments (e.g., [8]). These works di er from the CMOMMT problem, in that our robots
must dynamically shift their positions over time to ensure that as many targets as possible remain under
surveillance, and their sensors are noisy and of limited range.
Sugihara et al. [36] address the searchlight scheduling problem, which involves searching for a mobile
\robber" (which we call target) in a simple polygon by a number of xed searchlights, regardless of the
movement of the target. They show that the problem of obtaining a search schedule for an instance having
at least one searchlight on the polygon boundary can be reduced to that for instaces having no searchlight
on the polygon boundary. They also present a necessary and suÆcient condition for the existence of a
search schedule for exactly two searchlights in the interior. They do not address issues of computational
complexity.
Suzuki and Yamashita [37] address the polygon search problem, which deals with searching for a mobile
target in a simple polygon by a mobile searcher. They examine two cases: one in which the searcher's
visibility is restricted to k rays emanating from its position, and one in which the searcher can see in
all directions simultaneously. Their work assumes a single searcher. The paper presents necessary and
suÆcient conditions for a polygon to be searchable by various searchers. They introduce a class of polygons
for which the searcher with two ashlights is as capable as the searcher with a point light source, and
give necessary and suÆcient conditions for polygons to be searchable by a searcher with two ashlights.
LaValle et al. [19] introduce the visibility-based motion planning problem of locating an unpredictable
target in a workspace with one or more robots, regardless of the movements of the target. They de ne a
visibility region for each robot, with the goal of guaranteeing that the target will eventually lie in at least
one visibility region. A formal characterization of the problem and some problem instances are presented.
For a simply-connected free space, a logarithmic bound on the minimum number of robots needed is
established. A complete algorithm for computing the motion strategy of the robots is presented, based
on searching a nite cell complex constructed based on critical information changes. In this approach,
the search space is at least exponential in the number of robots, and appears to be NP-hard.
LaValle et al. [18] addresses the related question of maintaining the visibility of a moving target in
a cluttered workspace by a single robot. They are able to optimize the path along additional criteria,
such as the total distance traveled. They divide the problem into two cases: predictable targets and
partially predictable targets. For the predictable case, an algorithm that computes the optimal solution
is presented; this algorithm is exponential in the dimension of the robot con guration space. For the
partially predictable targets, two strategies are developed. One maximizes the probability that the target
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remains in view in a subsequent time step, and the second maximizes the minimum time in which the
target could escape the visibility region. For these approaches, the search space is also exponential.
Another large area of related research has addressed the problem of multi-target tracking (e.g., BarShalom [2], [3], Blackman [7], Fox et al. [13]). This problem is concerned with computing the trajectories
of multiple targets by associating observations of current target locations with previously detected target
locations. In the general case, the sensory input can come from multiple sensory platforms. Other work
related to predicting target movements includes stochastic game theory, such as the hunter and rabbit
game ([5], [6]), which is the problem of determining where to shoot to minimize the survival probability of
the rabbit. Our task in this paper di ers from this work in that our goal is not to calculate the trajectories
of the targets, but rather to nd dynamic sensor placements that minimize the collective time that any
target is not being observed by at least one of the mobile sensors.
In the area of multi-robot surveillance, Everett et al. [10] have developed a coordinated multiple
security robot control system for warehouse surveillance and inventory assessment. The system is semiautonomous, and utilizes autonomous navigation with human supervisory control when needed. They
propose a hybrid navigational scheme which encourages the use of known \virtual paths" when possible.
Wesson et al. [39] describe a distributed arti cial intelligence approach to situation assessment in an
automated distributed sensor network, focusing on the issues of knowledge fusion. Durfee et al. [9]
describe a distributed sensor approach to target tracking using xed sensory locations. As before, this
related research in multi-robot surveillance does not deal with the issue of interest in this article | the
dynamic placement of mobile sensors.

4.

Approach

4.1. Overview
Our proposed approach to the CMOMMT problem is based upon the same philosophy of control as
our previously-developed ALLIANCE architecture for fault tolerant multi-robot control ([30]). In this
approach, we incorporate a distributed, real-time reasoning system utilizing motivations of behavior to
control the activation of task achieving control mechanisms. For the purposes of fault tolerance, we
utilize no centralized control, but rather enable each individual robot to select its own current actions.
We do not make use of negotiation among robots, but rather rely upon broadcast messages from robots to
announce their current activities. This approach to communication and action selection, as embodied in
the ALLIANCE architecture, results in multi-robot cooperation that gracefully degrades and/or adapts
to real-world problems, such as robot failures, changes in the team mission, changes in the robot team,
or failures or noise in the communication system. This approach has been successfully applied in the
ALLIANCE architecture to a variety of cooperative robot problems, including mock hazardous waste
cleanup ([27], [30]), bounding overwatch ([29], [28]), janitorial service [29], box pushing [26], and simple
cooperative baton-passing [31], implemented on both physical and simulated robot teams.
In [32], we provide the details of the behavior organization that implements our A-CMOMMT approach
in the ALLIANCE architecture. In the current article, we focus on an analysis of the approach and
compare it to three other control mechanisms to determine its usefulness in solving the CMOMMT
problem. In the A-CMOMMT approach, robots use weighted local force vectors that attract them to
nearby targets and repel them from nearby robots. The weights are computed in real-time and are based
on the relative locations of the nearby robots and targets. The weights are aimed at generating an
improved collective behavior across robots when utilized by all robot team members.
In the following subsections, we provide more details of this approach, describing the issues of target
and robot detection, computation of the local force vectors, force vector weights, and the combination of
the weighted force vectors.
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communication range

vi

sensing range

predictive tracking range

Fig. 1. De nition of the sensing range, predictive tracking range, and communication range of a robot vi . Although the
exact range values may change from application to application, we assume that the relative ordering of range distances
remains the same.

4.2. Target and robot detection
Ideally, robot team members would be able to passively observe (e.g., through visual image processing)
nearby robots and targets to ascertain their current positions and velocities. Research elds such as
machine vision have dealt extensively with this topic, and have developed algorithms for this type of
passive position calculation. However, since the physical tracking and 2D positioning of visual targets
is not the focus of this research, we instead assume that robots use a global positioning system (such
as GPS for outdoors, or the laser-based MTI Conac indoor positioning system [15] that is in use at our
laboratory) to determine their own position and the position of targets within their sensing range, and
to communicate this information to the robot team members within their communication range.
In our approach, each robot communicates to its teammates the position of all targets within its eld
of view. To clarify this idea, Figure 1 depicts three ranges that are de ned with respect to each robot vi .
The innermost range is the sensing range of vi , within which the robot can use a sensor-based tracking
algorithm to maintain observation of targets in its eld of view. The middle range is the predictive tracking
range of the robot vi , which de nes the range in which targets localized by other robots vk 6= vi can a ect
vi 's movements. Thus, a robot can know about two types of targets: those that are directly sensed or those
that are \virtually" sensed through predictive tracking. The outermost range is the communication range
of the robot, which de nes the extent of the robot's communicated messages. For simplicity, we assume
that the sensing, predictive tracking, and communications ranges are identical (respectively) across all
robot team members.
When a robot receives a communicated message regarding the location and velocity of a sighted target
that is within its predictive tracking range, it begins a predictive tracking of that target's location,
assuming that the target will continue linearly from its current state. This predictive tracking will then
give the robot information on the likely location of targets that are not directly sensed by the robot,
so that the robot can be in uenced not only by targets that are directly sensed, but also by targets
that may soon enter the robot's sensing range. We assume that if not enough information is available to
disambiguate distinct targets (e.g., due to a high density of targets, a low frequency of sensor observations,
a low communication bandwidth, etc.) then existing tracking approaches (e.g., Bar-Shalom [3]) should
be used to uniquely identify each target based upon likely trajectories.
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Robot-Target
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do2

do1
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tracking
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Distance between robot and target

Magnitude of force vector

Fig. 2. Function de ning the magnitude of the force vectors acting on a robot due to a nearby target.

Robot-Robot
1

0
dr1

dr2

-1

Distance between robots

Fig. 3. Function de ning the magnitude of the force vector acting on a robot due to another nearby robot.

Note that this communicated information is not equivalent to global information. We do not assuem
that all robots have information bout all targets, since this assumption does not scale as the number
of targets and robots increases. In the following, robots only use information about nearby targets and
nearby robots in their control approach. Thus, our approach is not equivalent to a global controller.

4.3. Local force vector calculation
In performing their mission, the robots should be close enough to the targets to be able to take advantage
of their (i.e., robots') more sophisticated tracking devices (e.g., cameras), while remaining dispersed to
cover more terrain. Thus, the local control of a robot team member is based upon a summation of force
vectors which are attractive for nearby targets and repulsive for nearby robots. The function in Figure 2
de nes the relative magnitude of the attractive forces of a target within the predictive tracking range of
a given robot. Note that to minimize the likelihood of collisions, the robot is repelled from a target if it is
too close to that target (distance < do1 ). The range between do2 and do3 de nes the preferred tracking
range of a robot from a target. In practice, this range will be set according to the type of tracking sensor
used and its range for optimal tracking. In the work reported here, we have not studied how to optimize
the settings of these thresholds, leaving this to future work. The attraction to the target falls o linearly
as the distance to the target varies from do3 . The attraction goes to 0 beyond the predictive tracking
range, indicating that this target is too far to have an e ect on the robot's movements. The robot sensing
range will lie somewhere between do3 and the predictive tracking range.
Figure 3 de nes the magnitude of the repulsive forces between robots. If the robots are too close
together (distance < dr1 ), they repel strongly. If the robots are far enough apart (distance > dr2 ), they
have no e ect upon each other in terms of the force vector calculations. The magnitude scales linearly
between these values.
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4.4. Weighting the force vectors
Using only local force vectors for this problem neglects higher-level information that may be used to
improve the team performance. Thus, we enhance the control approach by weighting the contributions
of each target's force eld on the total computed eld. The weight wlk reduces robot rl 's attraction to
a nearby target if that target is within the eld of view of another nearby robot. Using these weights
helps reduce the overlap of robot sensory areas toward the goal of minimizing the likelihood of a target
escaping detection. Here, each robot assumes that its teammates have the same sensing range as its own.
If robot vl detects another robot vj nearby and within sensing range of target ok , then wlk should be
set to a low value. In the simplest case, since we de ne (in section 2) a robot vl to be observing a target
ok when it is within vl 's sensing range, we could assign wlk to be zero whenever another robot is within
sensing range of ok . However, this will increase the likelihood that a target will escape detection, and
thus it may give better results to set wl k to some non-zero value.
The proper setting of wlk is also dependent upon the estimated density of targets in the vicinity. If
targets are sparsely located in the area, then the robot team risks losing track of a higher percentage of
targets if any targets are ignored. On the other hand, if targets are densely distributed, then the risks are
lower. In related work, we are currently exploring the proper computation of these weights based upon
these issues. The results of this related work will be reported in the future.
These weights have the e ect of causing a robot to prefer the observation of certain targets over
others. In more complex versions of the CMOMMT problem, robots could also learn about the viewing
capabilities of their teammates, and discount their teammates' observations if that teammate has been
unreliable in the past.

4.5. Combination of weighted local force vectors
The weighted local force vectors are combined to generate the commanded direction of robot movement.
This direction of movement for robot vl is given by:
n
X
k=1

wlk flk

+

m
X
i=1;i6=l

gli

where flk is the force vector attributed to target ok by robot vl and gli is the force vector attributed
to robot vi by robot vl . To generate an (x; y ) coordinate indicating the desired location of the robot
corresponding to the resultant force vector, we scale the resultant force vector based upon the size of the
robot. The robot's speed and steering commands are then computed to move the robot in the direction of
that desired location. Both of these computed commands are functions of the angle between the robot's
current orientation and the direction of the desired (x; y ) position. The larger the angle, the higher
the commanded rate of steering and the lower the commanded speed. For small angles, the speed is a
function of the distance to the desired (x; y ) location, with longer distances translating to faster speeds,
up to a maximum robot speed. A new command is generated each time the force vector summation is
recomputed. While this approach does not guarantee smooth robot paths, in practice, we have found
that the force vector summations yield a desired (x; y ) location that moves relatively smoothly over time,
thus resulting in a smooth robot motion in practice.
We note here that the velocity and steering command can be overwritten by an Avoid Obstacles
behavior, which will move the robot away from any obstacle that is too close. This is achieved by
treating any such obstacle as an absolute force eld that moves the robot away from the obstacle.
It is also important to note that the issue of noisy sensors plays a role in helping to ensure that the
robot behavior corresponding to the vector summations is appropriate. The stochastic nature of a robot's
sensory measurements prevents undesirable singularities from occurring. For example, if a robot were
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Fig. 4. Example of forces acting on robot vi . In this gure, robots are represented by small black dots and targets

are represented by small grey squares. (a) Robot vi has four targets within its predictive tracking range and
two other robots within its communication range. One other target, o5 , is outside vi 's predictive tracking range.
(b) Forces acting on robot vi are attractive forces to targets o1 , o2 , o3 . and o4 , and a repulsive force from v2 .
Note that the attraction to o1 is less than that to o2 or o3 , since o1 is outside the sensing range, but within the
predictive tracking range. The attraction to o4 is less than that to o2 and o3 because o4 is within the sensing
range of another robot, v1 . There is no attraction to target o5 , since o5 is outside vi 's predictive tracking range.
There is also no repulsion acting on vi due to v1 because v1 is already suÆciently far from vi .

located equidistant between two targets that move away from the robot at the same rate, sensory noise
can prevent the force vectors from cancelling the attraction to zero. Instead, slight deviations in sensing
can cause the robot to begin to be attracted more towards one of the targets, leading the robot to follow
that single target, rather than losing both targets.
Figure 4 gives an example of the generation of the weighted local force vectors for robot vi at a given
point in time. In part (a) of this example, there are ve targets, o1 , o2 , o3 , o4 , and o5 , and two other
robots, v1 and v2 , within vi 's communication range. The magnitude of the force vectors attracting robot
vi to targets o2 and o3 is equivalent to the maximum value, since those targets are within vi 's sensing
range but not within any other robot's sensing range. The attraction of vi to target o1 is less than that for
o2 and o3 , because o1 is outside the sensing range of vi (although still within predictive tracking range).
The force vector to target o4 is weighted less due to o4 's presence within v1 's sensing range. Finally, there
is no attraction to target o5 , because it is outside vi 's predictive tracking range. Robot vi also experiences
a repulsive force due to robot v2 , because of the close proximity of the robots. There is no repulsion due
to v1 , since v1 is suÆciently distant. Part (b) of Figure 4 shows the resultant direction of movement of
vi due to the weighted force vectors.
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4.6. Seeking out targets
Of course, for any cooperative observation technique to be of use, the robots must rst nd targets to
observe. All techniques are trivially equivalent if no targets are ever in view. Thus, the robots must have
some means of searching for targets if none are currently detected. We have not yet implemented an
approach for seeking out targets, but here we discuss a few ideas as to how this might be done.
In the A-CMOMMT and Local approaches, when a robot does not detect any target nearby, the
weighted sum of the force vectors will cause each robot to move away from its robot neighbors and then
idle in one location. While this may be acceptable in some applications, in general, we would like to have
the robots actively and intelligently seek out potential targets in the area. Suzuki and Yamashita [37]
address this problem through the development of search schedules for \1-searchers". An \1-searcher"
is a mobile searcher that has a 360o in nite eld of view. A search schedule for an 1-searcher is a path
through a simple polygonal area that allows the searcher (or robot) to detect a mobile \intruder" (or
target), regardless of the movements of the target. While clearly related to the CMOMMT problem, this
earlier work makes a number of assumptions that do not hold in the CMOMMT problem: in nite range
of searcher visibility, only a single searcher, only a single target, and an enclosed polygonal area which
does not allow any targets to enter or exit the area. Nevertheless, this approach could potentially be
extended and adapted for use in the automated observation problem.
Another approach would have robots in uence their search to concentrate their movements in areas
previously known to have a higher likelihood of target appearance. For instance, since new targets are
more likely to appear near entrances, a robot could spend a higher percentage of its time near entrances.
A challenge would be developing an eÆcient mechanism for dealing with the more global nature of the
problem when dealing with knowledge of previous target movements and target concentrations.
5.

Experimental results and discussion

To evaluate the e ectiveness of the A-CMOMMT algorithm in addressing the CMOMMT problem, we
conducted experiments both in simulation and on a team of 4 Nomad mobile robots. The simulation
studies allowed us to test larger numbers of robots and targets, while the physical robot experiments
allowed us to validate the results discovered in simulation in the real world. The results that we present
below summarize the outcomes of nearly 1,000,000 simulation test runs, and over 750 physical robot
experimental runs.
In both sets of studies, we compared four possible cooperative observation policies: (1) A-CMOMMT
(weighted force vector control), (2) Local (nonweighted force vector control), (3) Random (robots move
random/linearly), and (4) Fixed (robots remain in xed positions). The Local algorithm computes the
motion of the robots by calculating the same local force vectors of A-CMOMMT, but without the force
vector weights. This approach was studied to determine the e ectiveness of the weights on the force
vectors in the A-CMOMMT algorithm. The last two approaches are control cases for the purposes of
comparison: the Random approach causes robots to move according to a \random/linear" motion (de ned
below), while the Fixed approach distributes the robots uniformly over the area S , where they maintain
xed positions. In these last two approaches, robot movements are not dependent upon target locations
or movements. While we recognize that these control approaches are "straw men" approaches in the sense
that any number of other control approaches could be imagined, they seem to be obvious choices that are
important to evaluate. The objective of our ongoing learning research (brie y introduced in Section 6) is
to develop a principled approach to search the domain of potential solutions to this challenging problem.
The set of experiments conducted in simulation varied somewhat from the experimentations on the
physical robots. In simulation, we studied two types of target movements { (1) random/linear and (2)
evasive { whereas in the physical robot experiments, we only studied random/linear target movements.
In addition, the simulation experiments were conducted using a circular region S with no obstacles (other
than the boundary), whereas on the physical robots, the work area S was a rectangular area. Furthermore,
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in one collection of experiments on the physical robots, we also populated S with varying densities of
rectangular obstacles of size approximately equal to the robot diameter. Of course, the numbers of robots
and targets we could experiment with was limited on the physical robot team; in simulation, we tested up
to 10 robots and 20 targets, whereas on the physical robot team, we tested up to 3 robots and 3 targets
(but with a limitation of only a total of 4 robots and targets at a time).
The next subsections describe the experimental setup and results for the simulation studies, followed
by the the physical robot studies.

5.1. Simulation experimental setup
We performed two sets of experiments in simulation. In the rst set, targets move according to a \random/linear" movement, which causes each target to move in a straight line, with a 5% chance at each
step (i.e., every Æt = 1 second) to have the direction of movement altered randomly between 90Æ and
+90Æ . When the boundary of S is reached, the targets re ect o the boundary. Targets are randomly
assigned a xed speed at the beginning of each experiment between the values of 0 and 150 units/second,
while robots are assigned a xed speed of 200 units/second. At the beginning of each experiment, robots
and targets are randomly positioned and oriented in the center region of S (except for the robots in the
Fixed approach).
In the second set of simulation experiments, targets move evasively, in which they try to avoid detection
by nearby robots. The calculations for the evasive movements were the same as the local force vectors
between neighboring robots, except that targets were given the added bene t of a larger range of view
than that of the robots, in order to magnify the behavioral di erences in evasive versus random/linear
target motions. Thus, in these experiments, the targets had a sensing range of 1.5 times that of the robots.
If a target did not see a robot within its eld of view, it moved linearly along its current direction of
movement, with boundary re ection. All other experimental setups were the same as for the experiments
with the random/linear target movements.
We compared these four approaches in both sets of experiments by measuring the A metric (see
section 2 for the de nition of A) during the execution of the algorithm. Since the algorithm performance
is expected to be a function of the number of robots m, the number of targets n, the robot sensing range,
and the relative size of the area S ; we collected data for a wide range of values of these variables. To
simplify the analysis of our simulation results, we de ned the area S as the area within a circle of radius
R, xed the range of robot sensing at 2,600 units of distance, treated robots and targets as points, and
included no obstacles within S (other than the robots and targets themselves, and the boundary of S ).
For the force vector functions de ned in Figures 2 and 3, we used the following parameter settings:
do1
do2
do3
predictive tracking range
dr1
dr2

=
=
=
=
=
=

400
800
2600
3000
1250
2000

We varied m from 1 to 10, n from 1 to 20, and R from 1,000 to 50,000 units. For each instantiation
of variables n, m, and R, we evaluated the A metric for runs of length 2 minutes. We then repeated this
process for 250 runs for each instantiation to derive an average A value for the given values of n, m, and
R.
Since the optimum value of the A metric for a given experiment equals the number of targets, n, we
normalized the experiments by computing A=n, which is the average percentage of targets that are within
some robot's view at a given instant of time. This allows us to compare the results of experiments that
vary in the number of targets.
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5.2. Statistical signi cance
To verify the statistical signi cance of our results, we used the Student's t distribution, comparing the
policies two at a time for all six possible pairings. In these computations, we used the null hypothesis:
H0 : 1 = 2 , and there is essentially no di erence between the two policies. Under hypothesis H0 :
T

=

X1 X2
p
1 + 1

n1

where 

n2

=

q n S2 +n S2
1 1

n1 +n2

2 2

2

Then, on the basis of a two-tailed test at a 0.01 level of signi cance, we would reject H0 if T were outside
the range t:995 to t:995 , which for n1 + n2 2 = 250 + 250 2 = 498 degrees of freedom, is the range
-2.58 to 2.58. For the data given in the gures in this section, we found that we could reject H0 at a 0.01
level of signi cance for all pairing of policies that show a visible di erence in performance in these gures.
Thus, we can conclude that the variation in performance of the policies illustrated by the following results
is signi cant.

5.3. Qualitative comparison
Our results can be discussed both from a qualitative perspective of variation in behavior, and from
a quantitative perspective, by evaluating and comparing metrics of performance of each approach. In
this subsection, we present and discuss the behavioral di erences among the four approaches. The next
subsection discusses the quantitative comparisons of the approaches.
Figure 5 shows snapshots of the beginning of the experiments for each of the four approaches for three
robots and six targets for random/linear target movements; Figure 6 shows similar snapshots for ve
robots and twenty targets. All of the snapshot gures show results for a work space radius, R, of 10,000.
In these gures (and similar ones to follow), the small black circles give the positions of the robots, while
the small gray squares give the positions of the targets. The gray circles around each robot represent the
sensing range of that robot. The boundary of the area S is the large black circle. Traces of the robot
and target paths are shown; the spacing of the dots along each trace indicates the relative speed of the
corresponding robot or target.
Both of these Figures 5 and 6 illustrate the \harder" observation problem (but typical of the problems
we are interested in), which occurs when there are more targets than robots. Thus, an assignment of
one robot per target would not be a straightforward solution to the problem. In the Local approach, the
robots tend to cluster near the center of mass of the targets, with some separation due to the repulsive
forces between the robots. This leads to several targets being under observation by multiple robots, while
other targets escape observation. In the A-CMOMMT approach, the robots exhibit more distribution
due to the weights on the force vectors that cause them to be less attracted to targets that are already
under observation by a nearby robot. Thus, more targets remain under observation.
Figures 7 and 8 show similar results for evasive target movements. The Fixed and Random approaches
do much worse here, because they do not get observation \for free" from targets wandering through their
sensing ranges. Instead, the targets avoid them, and very little time elapses during which targets are
under observation. The Local and A-CMOMMT approaches perform similarly to before, except that now
they su er a stronger penalty for losing a target because, once lost, targets tend to remain out of the
sensing range of the robots.

5.4. Quantitative comparison
We can more e ectively evaluate the approaches by quantitatively comparing the approaches based upon
the A metric described earlier. Figure 9 shows the results of our rst set of experiments where targets move
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Fig. 5. Simulation results of 3 robots and 6 targets, with targets moving random/linearly, for four algorithms: (a) Fixed,
(b) Random, (c) Local, and (d) A-CMOMMT. In this and similar gures that follow, the robots are represented by black
circles, and the targets are represented by gray squares. The gray circles surrounding each robot indicate the robot sensing
range. Traces of robot and target movements are also shown.
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Fig. 6. Simulation results of 5 robots and 20 targets, with targets moving random/linearly.
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Fig. 7. Simulation results of 3 robots and 6 targets, with targets moving evasively.
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Fig. 8. Simulation results of 4 robots and 20 targets, with targets moving evasively.
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Percentage improvement in simulation of A-CMOMMT and Local over baseline,
for R > 10,000, r = 2600, and random target movements
n
m
A-CMOMMT
Local

1
1
1
4
10
5
2
654% 550% 600% 570% 511%
708% 550% 525% 450% 389%

Table 1. Percentage improvement in simulation of A-CMOMMT and Local algorithms over the baseline (which we de ne to
be the Random approach). These results are for radius of work area, R, not less than 10,000, radius of robot sensing range,
r, of 2600, and targets moving random/linearly. The values are given in terms of the ratio of the number of targets (n) to
the number of robots (m).

Percentage improvement in simulation of A-CMOMMT over Local,
for R > 10,000, r = 2600, and random target movements
n
m
A-CMOMMT

1
5
-8%

1
2
0%

1

4

10

14% 27% 31%

Table 2. Percentage improvement in simulation of A-CMOMMT over Local, for radius of work area, R, not less than 10,000,
radius of robot sensing range, r, of 2600, and targets moving random/linearly. The values are given in terms of the ratio of
the number of targets (n) to the number of robots (m).

random/linearly. Table 1 gives the percentage improvement of A-CMOMMT and Local over the Random
approach for the results shown in Figure 9. Table 2 shows this improvement in terms of A-CMOMMT
over Local.
The results are given as a function of the radius of the work area, R, for ve di erent ratios of
the number of targets to the number of robots (n=m). As expected, all of the approaches degrade in
performance as the size of the area under observation increases. The more naive approaches | Fixed
and Random | degrade very quickly as R increases, which is expected since these approaches use no
information about target positions. In the limit, the Random approach performs better than Fixed, due
to the proximity of the initial starting locations of the robots and targets in the Random approach. Thus,
for real-world applications in which targets move along more predictable paths rather than randomly, this
suggests that a signi cant bene t can be gained by having robots learn areas of the environment S where
targets are more likely to be found, and for robots to concentrate their observations in those locations.
More interesting is the comparative performance of A-CMOMMT versus Local. As Table 2 shows,
A-CMOMMT performs from 8% worse than Local for n=m = 1=5, to 31% better for n=m = 10. Thus, for
n=m; < 1=2 (i.e., less than half as many targets as robots), Local performs better than A-CMOMMT, while
for n=m > 1=2, A-CMOMMT is the superior performer. Since the \harder" version of the CMOMMT
problem is when there are many more targets than robots, these results show that the higher-level
weighting is bene cial for solving the harder problems | up to a 31% improvement.
However, when there are only a few targets, the weight factors work to the disadvantage of the team,
resulting in up to an 8% degradation. This is because the weights cause the robot team to run the risk of
losing targets if their attraction to those targets is in uenced by other robots being nearby. This is a not
a problem if there are a suÆcient number of targets such that most robots have other target observation
choices; but it is a problem for cases of relatively few targets. Figure 10 gives an example of this situation,
in which there are ve robots and one target. Averaged over 250 runs of this situation, the A-CMOMMT
approach yields a normalized value of A of 0.82, while the Local approach yields a normalized value of
0.99. Thus, the A-CMOMMT approach usually allows the team to track the target, as shown in Figure 10
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Fig. 9. Simulation results of 4 distributed approaches to cooperative observation, for random/linear target movements, for
various ratios of number of targets (n) to number of robots (m).
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Percentage improvement in simulation of A-CMOMMT and Local over baseline,
for R > 10,000, r = 2600, and evasive target movements

A-CMOMMT
Local

1
2

1
5

n
m

1

4

10

770% 618% 700% 525% 429%
870% 655% 656% 438% 343%

Table 3. Percentage improvement of A-CMOMMT and Local algorithms over the baseline (which we de ne to be the
Random approach). These results are for radius of work area, R, not less than 10,000, radius of robot sensing range, r, of
2600, and targets moving evasively. The values are given in terms of the ratio of the number of targets (n) to the number
of robots (m).

Percentage improvement in simulation of A-CMOMMT over Local,
for R > 10,000, r = 2600, and evasive target movements
n
m
A-CMOMMT

1
5
-11%

1
2
0%

1
7%

4

10

20% 25%

Table 4. Percentage improvement of A-CMOMMT over the Local approach, for radius of work area, R, not less than 10,000,
radius of robot sensing range, r, of 2600, and targets moving evasively. The values are given in terms of the ratio of the
number of targets (n) to the number of robots (m).

(a). However, in several occurrences, the team loses the target, as shown in Figure 10 (b). The Local
approach, on the other hand, nearly always allows the team to maintain the target in view, as shown in
Figure 10 (c). Thus, a elded version of the A-CMOMMT approach should take into account the relative
numbers of targets to revise the weighting in uence dynamically to better deal with small numbers of
targets.
Figure 11 shows the results of our second set of experiments where the targets move evasively. Relative
to the random/linear target movement results from Figure 9, the performance of all of the approaches
degrades, as expected, with the Fixed and Random approaches degrading quicker. Otherwise, the relative
performances remain the same. Table 3 gives the percentage improvement of A-CMOMMT and Local
over the Random approach for the results shown in Figure 11. Table 4 gives the percentage improvement
of A-CMOMMT over Local for these results, showing that A-CMOMMT performs from 11% worse than
Local for n=m = 1=5, to 25% better for n=m = 10.

5.5. Robot implementation
We implemented the A-CMOMMT algorithm on a team of four Nomad 200 robots and performed extensive experimentation on the physical robots. The purposes of these experiments were: (1) to illustrate
the feasibility of our approach for physical robot teams, (2) to compare the results with the results from
simulation, and (3) to determine the impact of random scattered obstacles on the e ectiveness of the
proposed approach. We conducted several hundred experimental runs on the physical robots to compile
statistically signi cant data on the performance with di erent numbers of trackers and targets, both
with and without scattered obstacles. The following subsections describe the design and results of these
physical robot experiments.
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(a)

(b)

(c)
Fig. 10. Simulation results showing instance when A-CMOMMT performs inferior to Local, for ve robots and one target,
with targets moving evasively. The rst snapshot in (a) shows the most common A-CMOMMT behavior, which is desirable,
in which one robot ends up tracking the one target. The second snapshot in (b) shows the occasional, undesirable behavior
of A-CMOMMT, in which all of the robots lose the target, due to the high-level weights causing robots to resist tracking
the target. The third snapshot in (c) shows the behavior of the Local approach, in which nearly all robots follow the target,
preventing the target from escaping observation.
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Fig. 11. Simulation results of 4 distributed approaches to cooperative observation, for evasive target movements, for various
ratios of number of targets (n) to number of robots (m).
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The Nomad 200 robots are wheeled vehicles with tactile, infrared, ultrasonic,
2D laser range, and indoor global positioning systems. The indoor global positioning system we use
is a custom-designed 2D Conac Positioning System by MTI Research, Inc. This system uses two laser
beacons, with a sensor onboard each robot that allows the robot to use triangulation to determine its
own x; y coordinate location to within about 10 centimeters3 . In addition, the robots are equipped with
radio ethernet for inter-robot communication. In the current phase of this research, which concentrates
on the cooperative control issues of distributed tracking, we utilize an indoor global positioning system
as a substitute for vision- or range-sensor-based tracking. Under this implementation, each target to
be tracked is equipped with an indoor global position sensor, and broadcasts its current (x; y ) position
via radio to the robots within communication range. Each robot team member is also equipped with a
positioning sensor, and can use the targets' broadcast information to determine the relative location of
nearby targets.
Figure 12 shows an example of the physical robot experiments. In these experiments, we typically
designated certain robots to be targets, and other robots as observers (or searchers). We programmed
the robots acting as targets to move in one of two ways: movements based on human joystick commands,
or simple wandering through the area of interest. For the data collected and presented in this section, all
the targets moved using autonomous wandering. No evasive motions were implemented. Since we were
using our robots as both observers and targets, we studied various combinations of observers and targets,
up to a total of four combined vehicles. Table 5 shows the sets of experiments we conducted. For each
of the algorithms shown, ten experimental runs of 10 minutes each were conducted. The parameters of
these experiments were as follows, for a work space of 12.8m  6.1m (42ft  20ft) and robot diameter of
0.61m (2ft):

Experimental design

do1
do2
do3
predictive tracking range
dr1
dr2

=
1m(40in)
=
2m(80in)
= 6:6m(260in)
= 10:16m(400in)
=
1m(40in)
= 15:2m(60in)

Recognizing that the A-CMOMMT approach does not explicitly deal with obstacles in the environment,
we conducted physical robot experiments both with and without scattered, simple, random obstacles, to
determine the impact of simple obstacles on the control approaches. We added a simple obstacle avoidance
behavior to the control approaches to enable robots to move around encountered obstacles. Obstacles
averaged a footprint of :6m2 , which was grown by the obstacle avoiding behavior to a footprint of size
1:3m2 . We tested random obstacle coverage percentages of 7%, 13%, and 20%. These obstacles were
placed randomly throughout the environment, and did not frequently result in \box canyons", or other
diÆcult geometrical con gurations. In adding these obstacles, we assumed only that the robot navigation
capabilities were restricted by the obstacles. We did not consider restrictions in the visibility of targets
caused by obstacles blocking the robots' views. Under this scenario, robots were able to see over and/or
around the obstacles.
To illustrate the typical behavior of the physical robots,
we rst present an experiment using human joysticking. In Figure 12, the targets are indicated by the
triangular ags. The rst frame in Figure 12 shows the arrangement of the observers and targets at the
very beginning of experiment. The second frame (top right) shows how the two observers move away
from each other once the experiment is begun, due to the repulsive forces between the observers. In
the third frame, a human joysticks one of the targets away from the other target and the observers. As
the target is moved, the two observers also move in the same direction, due to the attractive forces of
the target that is moving away. However, if the target exits the area of interest, S , as illustrated in the

Physical Robot Experimental Results

# observers
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# targets
1
2
3

1

2

3

Fixed, Local
Fixed, Local, A-CMOMMT
Fixed, Local, A-CMOMMT

Fixed, Local
Fixed, Local, A-CMOMMT *

Fixed, Local
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Table 5. Tabulation of physical robot experiments conducted. All of the cases indicated were averaged over ten runs of ten
minutes each without obstacles. In addition, the case marked '*' is the situation for which we also ran experiments with
three di erent percentages of scattered random obstacles.

Fig. 12. Results of robot team performing task using summation of force vectors. The robots with the triangular ags are
acting as targets, while the robots without the ags are performing the distributed observation.

fourth frame, then the observers are no longer in uenced by the moved target, and again draw nearer to
the stationary target, due to its attractive forces. Note that throughout the example, the observers keep
away from each other, due to the repulsive forces.
Figures 13 and 14 show typical scenarios of the experimentations both without and with scattered
random obstacles. The results of the experimental runs of the scenarios listed in Table 5 (without
obstacles) are shown in Figures 15 and 16. In Figure 15, the results show the relative performances of the
Fixed, Local, and A-CMOMMT approaches, measured in terms of the normalized average value of the A
metric, as a function of the n=m ratio (i.e., numbers of targets to numbers of robots). To be consistent
with our simulation results, we varied the e ective sensing range of the robots (through software) within
a xed experimental area, so as to provide results as a function of the amount of experimental area
the robots can observe. Figure 15 shows results for three sensing ranges { 2 meters, 4 meters, and 6
meters. As these results show, the A-CMOMMT approach enabled robots to track all targets for all
these experimental scenarios. The Local approach also worked well except for the short sensing range (2
meters) with more targets than robots. The Fixed approach was e ective only when the sensing range
was extended to 6 meters.
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Fig. 13. Robot team executing A-CMOMMT approach in area with no obstacles.

Fig. 14. Robot team executing A-CMOMMT approach in area with obstacles in the work area.

Figure 16 presents these experimental results in terms of the average distance between a target and
the closest robot, rather than in terms of the normalized average A metric value. These results show
the same relative performance of the three approaches, but show the actual distance data as well as the
standard deviations in the robot performance for each experimental scenario. These data are consistent
with the simulation results, showing the near equivalence of the A-CMOMMT and Local approaches for
small ratios of n=m, but the improved performance of A-CMOMMT approach for larger n=m ratios.
While we cannot prove that the simulation results would hold for larger numbers of physical robot and
target experiments, it is expected that results similar to the simulation ndings would continue to hold
true for larger numbers of physical robots and targets.
Figure 17 presents the results of our experiments that included randomly scattered simple obstacles
that covered up to 20% of the experimental area. As these results show, because the obstacles impeded
both the robots and the targets, and because robots were enabled to see over and/or around obstacles,
none the control approaches were signi cantly a ected by the addition of scattered obstacles.
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Fig. 15. Results of physical robot experiments with no obstacles. The three graphs show the results of the Fixed, Local,
and A-CMOMMT approaches for di erent sensing ranges within a xed-size experimental area, as a function of n=m.
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Fig. 16. Results of physical robot experiments with no obstacles. Each data point represents the average of 10 experimental
runs of ten minutes each for a given ratio of targets to robots. Standard deviations for each 10-run average are shown. The
two data points for each of Fixed and Local at n=m = 1 represent the two cases of 1) one robot and one target, and 2) two
robots and two targets.

Fig. 17. Results of physical robot experiments with scattered random obstacles. Each data point represents the average of
10 experimental runs of ten minutes each for two robots and two targets (thus n=m in this case equals 1).
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Multi-Robot Learning of CMOMMT Solutions

We believe that the CMOMT application is an excellent domain for multi-robot learning because it is an
inherently cooperative task. in these types of tasks, the utility of the action of one robot is dependent
upon the current actions of the other team members. Inherently cooperative tasks cannot be decomposed
into independent subtasks to be solved by a distributed robot team. Instead, the success of the team
throughout its execution is measured by the combined actions of the robot team, rather than the individual
robot actions. This type of task is a particular challenge in multi-robot learning, due to the diÆculty of
assigning credit for the individual actions of the robot team members.
Researchers have recognized that an approach with more potential for the development of cooperative
control mechanisms is autonomous learning. Hence, much current work is ongoing in the eld of multiagent learning (e.g., [38]). The types of learning applications that are typically studied for multi-agent and
multi-robot systems vary considerably in their characteristics. Some of the learning application domains
include air eet control [34], predator/prey [4], [17], [14], box pushing [22], foraging [24], and multi-robot
soccer [35], [23], [16].
Of the previous application domains that have been studied in the context of multi-robot learning,
only the multi-robot soccer domain addresses inherently cooperative tasks with more than two robots
while also addressing the real-world complexities of embodied robotics, such as noisy and inaccurate
sensors and e ectors in a dynamic environment that is poorly modeled. One aspect of CMOMMT that
is di erent from multi-robot soccer is that it raises the issue of scalability much more than in multi-robot
soccer. The issue of dealing with larger and larger numbers of robots and targets must be taken into
account in the design of the cooperative control approach4. Thus, we feel that these characteristics make
the CMOMMT domain worthy of study for multi-robot cooperation, learning, and adaptation.
We are currently developing multi-robot learning approaches to this problem. In [33], we report on
an approach that addresses the CMOMMT problem without the assumption of an a priori model. This
approach combines reinforcement learning, lazy learning, and a pessimistic algorithm able to compute for
each team member a lower bound on the utility of executing an action in a given situation. Lazy learning
[1] is used to enable robot team members to build a memory of situation action pairs through random
exploration of the CMOMMT problem. A reinforcement function gives the utility of a given situation,
providing positive feedback if new targets are acquired and negative feedback if targets are lost. The
pessimistic algorithm for each robot then uses the utility values to select the action that maximizes the
lower bound on utility. This selection is performed by nding the lower bounds of the utility value
associated with the various potential actions that may be conducted in the current situation, and then
choosing the action with the greatest utility. The resulting Pessimistic Lazy Q-Learning algorithm is able
to perform considerably better than the Random action policy, although it is still signi cantly inferior to
the human-engineered A-CMOMMT algorithm described in this paper. This reduced performance likely
due to the fact that this algorithm only takes into account nearby targets, ignoring nearby robots. Our
ongoing research is aimed at improving this learning approach to include information on nearby robots
in the reinforcement function.
We have also explored a second approach to learning [11] that is also based on reinforcement learning. This approach applies Q-Learning along with the VQQL [12] technique and the Generalized Lloyd
Algorithm [21], [20] to address the generalization issue in reinforcement learning. This approach allows
a dramatic reduction in the number of states that would be needed if a uniform representation of the
environment of the robots were used, thus allowing a better use of the experience obtained from the environment. Thus, useful information can be stored in the state space representation without excessively
increasing the number of states needed. This approach was shown to be highly successful in reaching
performance results almost as good as the A-CMOMMT approach described in this paper.
Our ongoing research is aimed at exploring other approaches to multi-robot learning in this domain.
Ideally, we would like to develop a learning approach that can discover solutions that are better than
the human-engineered A-CMOMMT approach described in this paper. Our ultimate objective in this
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research is to develop general techniques for multi-robot learning that apply not only to the CMOMMT
domain, but also to a wide variety of challenging application domains.
7.

Conclusions

Many real-world applications in security, surveillance, and reconnaissance tasks require multiple targets to
be monitored using mobile sensors. We have examined a version of this problem, called Cooperative MultiRobot Observation of Multiple Moving Targets (CMOMMT), and have presented distributed heuristic
approach, called A-CMOMMT, to this problem. This approach is based upon local force vectors that
cause robots to be attracted to nearby targets, and to be repelled from nearby robots. The force vectors
are weighted to cause robots to be less attracted to targets that are also under observation by other
nearby robots.
We have compared the A-CMOMMT approach to three other possible policies: Fixed, in which robots
remain at uniformly distributed locations in the area, Random, in which robots move according to a
random/linear motion, and Local, which uses non-weighted local force vectors. We performed extensive
studies using both simulated and physical robots and presented results that took into account the number
of robots, the number of targets, the sensing range of the robots, and the size of the observation area S .
We also examined two types of target movements | random/linear motion and evasive motion. Using
the physical robots, we also explored the impact of randomly scattered simple convex obstacles.
Our results show that the A-CMOMMT approach is signi cantly superior to the Local approach for the
diÆcult (but typical of the problems we are interested in) situations in which there are more targets than
robots. Thus, A-CMOMMT is successful in achieving its goal of maximizing the observation of targets in
the more challenging instantiations of the CMOMMT problem. On the contrary, for experiments in which
there are many more robots than targets, the weights on the local force vectors used in the A-CMOMMT
approach cause robots to occasionally lose targets, and thus perform worse than in the Local approach.
Therefore, practical use of the A-CMOMMT approach will require additional information on the relative
numbers of targets versus robots to dynamically change the weights of the force vectors.
We also introduced our ideas in using CMOMMT as a multi-robot learning domain and our research
in developing learning approaches to solve this problem. We are continuing this research, to explore
the possibility of automatically generating solutions to challenging multi-robot control problems such as
CMOMMT.
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Notes

1. Using the 1.6 Mbps Proxim radio ethernet system we have in our laboratory, and assuming messages of length 10 bytes
per robot per target are transmitted every 2 seconds, we nd that nm (for n targets and m robots) must be less than
4  104 to avoid saturation of the communication bandwidth.
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2. We implement this in our laboratory using the 2D Conac Positioning System by MTI Research, Inc.
3. With precise calibration, laser positioning, and tuning, the MTI Conac System is capable of providing higher accuracy
positioning. However, the 10 centimeter accuracy was suÆcient for this application.
4. We assume that the game of soccer does not involve arbitrarily large numbers of players.
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