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Abstract—We present a sensor scheduling algorithm to plan
the motion of multiple autonomous platforms for cooperative
tracking of targets within a region that contains obstacles and
occlusions. The platforms have kinematic constraints and their
sensors have restricted field of view and range. The proposed
algorithm is a variant of the Rapidly exploring Random Tree star
algorithm (RRT#*) that has been adapted to the problem of deter-
mining paths for multiple independent kinematically constrained
platforms to optimise their tracking performance. To guide the
scheduling algorithm, we define a tracking cost based on the
Posterior Cramér Rao Bound (PCRB) derived from the predicted
positions of the platforms and targets. Through simulations of
generated paths, we show that the algorithm generates rational
plans for tracking targets and that the tracking cost accurately
predicts the realised performance of the platforms.

Index Terms—RRT, Planning, Sensor Scheduling, Tracking

I. INTRODUCTION

The recent growth in autonomous systems and sensing capa-
bilities paves the way for large-scale networks of autonomous
sensing platforms in applications such as remote sensing [1],
search-and-rescue, and surveillance [2]. To realise their full
potential, these platforms need to not only fuse multiple
sources of information but also organize in a cooperative
manner to maximise collection of relevant information for
the task at hand. For example, consider multiple mobile
platforms attempting to track a target, or targets; the platforms
need to cooperatively plan their trajectories to maximize the
information gained from their measurements. Importantly, this
planning needs to adapt to uncertainty, both in unknown
objectives and in sensory measurements. These sources of
uncertainty make this problem distinct from typical path
planning and route finding problems, where the objective is to
find a viable path from a starting state to an end state. Instead,
such problems fall into the class of sensor scheduling [3].

Sensor scheduling encapsulates both the problem of fusing
the sensory information and the problem of how to orga-
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nize/manage the sensors to maximise information gained for a
given task [3]. Cooperative sensor scheduling for tasks, such
as tracking, is a growing area [2]. However, direct solutions
to this cooperative problem are, typically, computationally
infeasible, arising from the exponential growth in possible
actions with both the number of platforms and the length of
the time horizon. Instead, current efforts are generally limited
to either myopic scheduling (short-time horizon) [1] or an
action-constrained long-horizon planner [4]. Another option,
from multi-agent systems, is to centrally learn a scheduling
policy and then have the scheduler run independently on each
sensor [5], [6]. This independence means a sensor’s actions
are not based on information/behaviour of other sensors, so
limiting the advantage of having a network.

An alternative approach for long-horizon planning, that
does not restrict the action space of the platform, is to take
advantage of the widely used Rapidly exploring Random
Tree star algorithm (RRT#*) [7]. Our previous work [8]-[10],
introduced the concept of using the RRT* to plan the trajectory
of a single platform tracking a single target. Traditionally, in
robotics, the RRT* algorithm plans the route of a platform
to travel from A to B while avoiding obstacles based on
minimising the Euclidean distance between A and B [7].
For detailed review of RRT* algorithms, we refer the reader
to [11]. In contrast, our previous work adapted the RRT*
algorithm so that it constructed a trajectory that minimised an
information theoretic tracking cost. The key advantage of this
approach is that it offered a computationally efficient method
for constructing long-horizon trajectories without restricting
the platform’s movement to a discrete, finite, set of actions.
We now build upon this work to develop a cooperative, long-
horizon, scheduling algorithm.

In this paper, we consider the problem of cooperatively
planning the trajectories of multiple platforms to track mul-
tiple targets. We propose a cooperative sensor scheduling
algorithm to generate these trajectories based on adapting



the traditional RRT* [7]. In contrast to the commonly used
Dubins model [12], our approach uses a highly constrained
kinematic platform model when constructing the RRT* tree.
The advantage of this approach is that we avoid the tendency
of Dubins models to promote paths that weave; all turns are
assumed to be at the maximum rate in the model. Furthermore,
since the Dubins model allows motion between any two states,
more nodes in the RRT* tree need to be considered when
making local refinements, which increases the computational
burden of the resulting RRT* algorithm. To avoid this problem,
we combine our highly constrained kinematics with a second-
stage tree refinement step so as to alter the timing of (re)wired
paths without changing the shape of the path itself. Building
on previous work [13]-[15], the tree is constructed using
a tracking cost based on the posterior Cramer Rao lower
bound (PCRB) [16] that accounts for uncertainty in sensor
measurements. The platforms, in our problem, are assumed to
have perfect communications and so can maintain a centralised
track for each target of interest, but each platform may move
independently to obtain measurements of different targets
at different times and from different positions. We show
through simulation results that the plans generated by the
proposed algorithm are rational and accurately predict tracking
performance.

The rest of this paper is organised as follows. In Section II
we define mathematical models for the platform states, target
states, platform kinematics, and physical environment. Sec-
tion III describes our implementation of the RRT* algorithm,
including modifications that allow the algorithm to work for
multiple platforms with kinematic constraints. The calculation
of the tracking cost used to evaluate the performance of paths
and guide the algorithm is then described in Section IV.
Section V, provides simulation results and finally Section VI
concludes the paper.

II. MATHEMATICAL MODELS
A. Platform State

The RRT* algorithm creates a tree in which each node
corresponds to a prospective reachable state for the platforms,
and where edges form the potential paths through these
prospective states. The state represented by the i node in
the tree, n;, comprises the individual states of each of the [NV
platforms: n; = [s} 1, , s} y]', where s;; is the state of
the j platform at the i node. The state of each platform is
characterised by its position and heading; that is, s, = [p}, h;]"
where p; € R? is the position of the platform in Cartesian
coordinates and h; is the heading of the platform in radians
relative to a fixed direction. The speed of the platform is
assumed to be constant and is, consequently, omitted from

the state representation.

B. Target State

The purpose of the multi-platform planner is to track a
number of targets of interest. The 4 target at time step k is
x, = |13, 0], 1, Yp, v, )" where py, = [27, yi]T is the position
of the platform in Cartesian coordinates and vy, = [v], ;. v} ,]'

is its velocity vector. We adopt a standard constant velocity
model for target motion, perturbed by a continuous white noise
acceleration [17], thus, the transition of a target state from time
step k to time step k + 1 is:

i1 = f(xp) +er = ({(1) ?] ®Iz) T +ne, (D

where A represents the time between step k and k + 1, ® is
the Kronecker product and I is the 2 x 2 identity matrix. The
vector 1)y, represents the process noise, that is a zero-mean
Gaussian variable with a typical covariance Qa:
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where ¢ represents the magnitude of the process noise; ex-
pressing the deviation of the target motion from the constant
velocity model. The planning algorithm is assumed to have
prior knowledge of the motion model and process noise
covariance, that is, there is no model mismatch.

C. Kinematic Model

Autonomous platforms may have a high degree of ma-
noeuvrability, as, for instance, a multicopter uncrewed aerial
vehicle (UAV), or have more highly kinematically constrained
movement, for example, a fixed wing UAV, uncrewed sea
surface or ground vehicle. The RRT family of algorithms (see,
for instance, [7], [9]-[11], [18], [19]) has previously been
applied to planning problems where agents are kinematically
constrained. We adopt a platform model where the constraints
correspond to the movement being similar to a fixed wing
UAV. Constrained movement and the use of a forward-looking
sensor (Section IV-B) provide a more challenging problem
where platforms cannot loiter around targets to improve track-
ing performance. In this work, the platform kinematic paths
are restricted as follows:

1) The speed of a platform is constant;
2) A platform can make turns up to a minimum turn radius
(maximum turn rate).

D. Environment

The physical environment within which the platforms and
targets move is assumed to be a square region. Throughout
the region there can be occluding objects that block line of
sight for sensors, as well as “no-go” areas where platforms
are not permitted to enter, but can, nonetheless, see through.
In our simplified model, these occlusions and obstacles can be
any arbitrary polygons. In practice, occluding objects could
include terrain features or areas of interference. Similarly,
obstacles may be areas of rough terrain or simply restrictions
on movement imposed by the operator.

III. PLANNING FOR MULTIPLE PLATFORMS WITH RRT#*

In this section, we present a detailed description of the
modified RRT* algorithm. The original RRT* algorithm of
[7] constructs a tree iteratively, where each iteration adds one
node to the tree and consists of four distinct steps: sampling,



steering, wiring, and rewiring. Our modified algorithm uses
the same four steps; however, the kinematic constraints of the
problem force modifications of wiring and rewiring.

We start with the definition of the steps of the RRT*
algorithm, and then outline a further constrained planning
kinematic model that determines the physical path selected
by a platform between any two states. A key definition is the
operation of steering that underpins our modifications to the
algorithm. We then detail the wiring and rewiring steps of our
modified RRT* algorithm.

A. The RRT* Iteration

In our variant of the RRT* algorithm, used to build a tree of
prospective future states, the root node of the tree represents
the starting states of the platforms. Each node in the tree has
an associated cost, dependent on the kinematic path from the
root to the node in question. By kinematic path, we mean the
kinematically constrained path that the platform would follow
through a sequence of nodes in the tree. The kinematic path
between any parent-child nodes is further constrained by a
planning specific kinematic model described in Section III-B.

Once the tree is constructed, the optimal path is then chosen
by finding the node with the lowest cost and determining the
kinematic path to it from the root node. The tree is constructed
by N iterations of the modified RRT* algorithm where each
iteration of the algorithm proceeds by the following four steps:

1) Sample — A random sample state is taken within the
explorable region of the problem;

2) Steer — An intermediate reachable state between the
nearest node in the tree and the random sample is
determined through steering;

3) Wire — For each node in the neighbourhood of the steer
state, steer towards the steer state. The resulting node
with the lowest cost is adopted into the tree;

4) Rewire — The new node adopts nearby nodes in the tree
via steering path shortening if it can reduce their cost.

The first two steps of an iteration, sampling and steering,
represent the exploratory behaviour of the RRT* algorithm: the
tree tends to expand into unexplored regions of the state space
before generating more nodes in already explored regions [7].
First, a sample state is taken at random anywhere within
the explorable region of the state space; that is, states that
are not inside regions that the platform is not able to enter.
We assume that the distribution of these random samples is
uniform throughout the explorable space, but other distribu-
tions can be used to bias exploration to different parts of
the space; for instance, in a route finding problem where
there is a predetermined goal state, a typical strategy might
be to alternate between random sampling and sampling the
goal state. The algorithm then attempts to ‘steer’ towards the
given sample moving towards it a maximum allowed distance.
This produces a new steer state with a kinematic path up to a
maximum length. We will refer to this state as the sample steer
state. Typically, in the standard RRT* algorithm, it is this state
that will be added to the tree in the wiring and rewiring steps,
however, in our implementation we apply a second round of

Steer state @ ]
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Fig. 1. Steering from a start state to an end state. An intermediate kinemat-
ically feasible state between the two states is determined where the length
of the kinematic path of each platform is equal. In a), the end state can be
reached by both platforms simultaneously, whereas in b), the end state cannot
be reached simultaneously by both platforms under the kinematic constraints.

steering as part of the wiring and rewiring steps, which will
be described in Section III-C.

B. Planning Kinematic Model & Steering

Typically, an infinite number of paths between two states
conform to the kinematic model as defined in Section II-C. To
reduce complexity, and facilitate planning, we further constrain
the kinematic paths between a parent and child node in the
RRT* tree to eliminate ambiguity. We will call the more highly
constrained model the planning kinematic model to distinguish
it from the less stringent kinematic model of the real platforms.
To mitigate issues with the commonly used Dubins model,
such as weaving and the large number of neighbours to be
considered in the wiring and rewiring steps of the algorithm,
we have assumed the following simpler planning kinematic
model:

KM1 The path between two states must consist of at most one
arc of radius greater than 7, and at most one straight
line segment;

KM2 The arc, if present, must be of maximum possible radius
(the shallowest turn) compatible with reaching the final
state;

KM3 Heading changes of greater than 90 degrees (between
states and in the course of a path) are disallowed and
considered infeasible.

Constraint KM3 ensures that the path length is bounded
above by lnax = 2d/sin(n/4), where d is the euclidean
distance between platform positions and [y, is the path
length. This can be used to efficiently calculate the nearest
neighbours of a node in terms of path length. Constraint KM?2
along with KM3 discourage generation of extreme heading
changes in the early iterations of the RRT* algorithm. These
constraints discourage the generation of paths that rapidly
alternate between right-hand and left-hand turns (weaving).

We refer to the process of selecting a path between two
states according to the planning kinematic model as steering.
Our use of the term is slightly different from that in the
literature: in the original RRT* implementation, steering refers
exclusively to the second of the four steps of the algorithm
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Fig. 2. The wiring step. a) A single sample steer state and two neighbouring
nodes (numbered) for wiring. For each neighbour node, a candidate steer state
(yellow) is determined toward the sampled steer state (red). The best steer state
b) is chosen based on the tracking cost. Roughly speaking, this causes the
path that brings the platforms closest to the targets, marked in purple, to be
chosen.

(see Section III-A). Given the highly constrained planning
kinematics defined above, it is generally not kinematically
feasible to move between two arbitrary states, because each
state corresponds to a particular moment in time. Since each
platform moves at a constant speed, over a given time interval
the lengths of the paths of different platforms must be equal.
To mitigate this, the steering process attempts to move from
the first state as far as possible towards the second state. We
call the resulting state a steer state. In the steering step of the
algorithm we create the sample steer state from the nearest
node towards the random sample. Examples of steer states for
two different two-platform scenarios are shown in Fig. 1. Note
that the lengths of the kinematic paths of each platform are
equal.

C. Wiring

To produce optimal paths, the RRT* algorithm uses wiring
and rewiring steps that ensure that new nodes are added to
the tree in a way that minimises the cost of the new node
through the wiring step and the cost of existing nodes in
the tree through the rewiring step. Rewiring allows existing
paths in the tree to be iteratively improved as more nodes
are added, the space is explored further, and new paths are
established. Through the rewiring step, the RRT* algorithm
provides provably close to optimal solutions [7].

In both the wiring and rewiring steps, neighbours within a
radius of the sample steer state 7 are determined. In the wiring
step, a candidate steer state is determined from each neighbour
by steering toward the current sample steer state generated in
the previous step. The cost of the candidate steer states are
calculated from the cost model and the candidate steer state
with the lowest cost is added to the tree. This second round
of steering is not part of the typical RRT* algorithm and is
necessary because, for any given sample steer state, only one
neighbour will have a feasible kinematic path. An example
of the candidate steer states generated by the wiring step is
plotted in Fig. 2.

Fig. 3. Rewiring of a single 2 platform state. Two branches of the tree are
plotted before a) and after b) rewiring. The rest of the tree is omitted for
clarity. Each branch consists of a pair of kinematic paths. The leaf node
of the first branch (yellow) is the newly wired node and the leaf node of
the second branch (black) corresponds to a neighbour of the wired node.
Rewiring creates a new edge (green) that replaces the existing edge (grey) to
the neighbour node. The neighbour node is moved in the process of rewiring.
Note, the iteration shown here is not the same as in Fig. 2.

D. Rewiring & Path Shortening

The wiring step of the algorithm is a one step greedy
approach to establishing low cost paths in the RRT* tree.
Consequently, the paths established by the wiring step are
liable to be suboptimal. This is most evident in the route
finding context where the paths established can be circuitous
and indirect. Good examples of this can be found in the work
of Karaman et al. [19]. To address this, the rewiring step of the
algorithm is used to progressively improve the paths already
established in the tree as more nodes are added.

In the rewiring step, we attempt to steer from the newly
wired node to neighbouring nodes. The wired node will adopt
a neighbouring node as a child if, by doing so, it reduces the
cost of the neighbouring node. In this way, suboptimal paths
are replaced by closer to optimal paths, as illustrated in Fig. 3.
For our problem, the cost model promotes paths that improve
tracking performance, so that rewiring, for us, tends to choose
paths that move closer to targets.

The platforms must move at a constant speed and can only
make turns up to a maximum turn rate. Since each node in the
tree is assumed to occur at one particular point in time, the
kinematic path from the root node to any node in the tree must
be equal in length for each platform. That is, each platform
must reach a given node at the same time. An unfortunate
consequence of this is that neighbouring nodes are generally
not reachable from the newly wired node.

To alleviate this, we employ a “path shortening” strategy,
where the positions of states are adjusted during the rewiring
stage. Each node in the rewired subtree is moved up its
kinematic path (towards the root) so that the lengths of the
kinematic paths of the platforms remain equal after rewiring.
An example is shown Fig. 3, where the newly wired node
provides a closer to optimal path for a neighbour node that is
already in the tree. The path to the node is changed to pass
through the newly wired node and bring the platform closer



to one of the targets, thus improving tracking performance.
Note that the kinematic path for one of the platforms has been
shortened to ensure both platforms reach the node at the same
time.

IV. TRACKING COST

In this section, we define a model for a tracking cost
that guides the construction of the RRT* tree. Each platform
attempts to improve the centralised tracks by gaining observa-
tions of the targets in the scene. Each attempted observation
has a probability of a successful detection, following which
the centralised track can be updated using the resulting noisy
measurements. The potential improvement of a given track
when a measurement is taken is determined by several factors:

o The current uncertainty in the track;

« The probability of detection;

o The uncertainty in measurements.

Current uncertainty in the track is dependent on the path to
the current state, whilst the probability of detection and the
uncertainty in measurements are determined by the predicted
relative positions of the platforms and targets at the points of
measurement.

A. Measurement Model

We assume a range-bearing measurement model. Because
of the nonlinear nature of such measurements, we opt for an
extended Kalman filter (EKF) for the tracking algorithm. The
Jacobians for the measurement and target transition functions
are:

3)

Hk(fik+1|k:7 x;) = Vh(zg, wi)\mk:m“k

Fa = Vi@i)lg,—s,, = ({(1) ﬂ ®12) @

where V represents differentiation with respect to the state mi

B. Sensor Model

For simplicity, the sensor is modelled as a range-bearing
sensor with a limited forward-looking field of view (FOV) and
a range-dependent probability of detection. Targets outside a
cone of half-angle § around the boresight direction of the
sensor are considered outside the sensor FOV. Within that
FQOV, the probability of detection is determined by a constant
false alarm rate (CFAR) model. Specifically, given a target
position at polar coordinates (r, #) in the frame of reference of
the platform, the probability of detection of a target, Py(r, )
at range r and bearing 6, is:

serfc (erfc_l(ZPFA) — x(r)) if |0] < B

0 otherwise, ,
(&)

where erfc(-) is the complimentary error function, Pga is the

probability of false alarm, and x(r) is the range dependent

signal-to-noise ratio. In the case of an active sensor, such as
a radar,

1Dd(’l“7 9) = {

x(r)=—, (6)
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Fig. 4. The probability of detection and FOV of a range-bearing sensor with
S =40° and A = 1.

where A is the aggregate of the various terms of the radar
equation. A typical plot of probability of detection given by
this model is shown in Fig. 4.

C. Tracking Cost

We consider a tracking cost that promotes the building of
paths to provide optimal tracking of targets. For each node in
the tree, the expected lower bound on the track covariance for
each target is calculated in the form of the Posterior Cramér-
Rao Bound (PCRB). Let lz‘m- be the PCRB of the j® target
track at node s; in the RRT* tree, then the tracking cost is
expressed as the summed traces of these PCRBs:

I(si) = Ztr(f)i,j). )

J=1

Currently, this cost function promotes behaviours in which
the platforms attempt to minimise the uncertainty in all tracks
equally. A reduction in the uncertainty of one track is of the
same importance to an equal reduction in the uncertainty of
another. A weighted version of this would prioritize some
targets over others.

The PCRB, f)m,’ of the track for target j at a given node
s; in the tree is calculated according to the points along the
kinematic path to s; at which measurements are attempted. An
example of the measurement points between a parent and child
node is plotted in Fig. 5. The PCRB immediately following
the n'" measurement, lanyj, based on the measurement model
and the PCRB of the preceding measurement point, P,,_; ; is

-1
Py = [Jp(0) + Pa(r0) - 3u(r6)] . ®)

where J,(n) and J,,(r,0) are the prior information and
predicted measurement matrices respectively, and P;(r,0) is
the probability of detection. Both the measurement matrix
and probability of detection are parametrised in terms of the
predicted position of the target in the frame of reference of
the platform when the measurement is made. In particular,
because the tracking algorithm is an EKF we obtain,

Jm(r,0) =H] ,R™'H, ©)
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Fig. 5. Measurement points (period of A = 0.5) on a kinematic path between
three states and the corresponding expected position of the target at those
points in time. Each planned measurement expected to be within the FOV
of the platform is coloured in red. The final planned measurement is outside
the FOV of the platform. As shown in the diagram, planned measurements do
not necessarily coincide with states but are evenly spaced along the kinematic
path.

where H, y is the measurement model Jacobian and R is the
measurement model noise [16], [20]. The prior information
matrix from the previous measurement time is

- -1
J,(n) = [FaPu 1, FA +Qa]

where F'a is the transition matrix and QA is the transition
model noise for a time step equal to the update period of the
sensor, A.

Nodes in the RRT* tree do not necessarily coincide with
measurement points, so that, to calculate the PCRB at a given
node, we apply a final step of the transition model,

(10)

~ - —1
Py = [FoPu 1 FE] (11)

where J is the time between the final measurement point and
the end state.

V. SIMULATION RESULTS

In this section, we present an analysis of our proposed
algorithm when path planning for two platforms to track
three targets. The purpose of these simulations is to test the
rationality of the algorithm when given accurate yet uncertain
information about the target state. Specifically, before starting
their task, the platforms are given initial knowledge of the
targets in the scene, and the scheduler needs to design their
trajectories in order to reduce the uncertainty in the target
tracks when the platforms are in motion. This initial knowl-
edge takes the form of an accurate mean state of a target but
with a high associated uncertainty.

Paths are first generated, using the proposed algorithm, for
each platform. To test its effectiveness, the platforms proceed
to follow the generated paths, attempting to measure the targets
periodically. At each measurement point, the platforms have

Scenario Generated Plan

No-go Areas
Occlusion
Initial State O

; Targets —>
o x Planned Path - - - -
Planned States
Planned States
Pp > 50%
Pp>10%

o &

Target 2 R W

oo

Target 1

Fig. 6. A scenario where 2 platforms plan to track 3 targets. Left: The
scenario setup including occluding and obstructing obstacles, the initial
platform states, and initial ground truth target states. Right: The generated
plan after 1500 iterations of the proposed algorithm. For reference, the field
of view of one platform is plotted for a single platform and time instance.

Realised Performance: Target 1

Realised Performance: Target 2 Realised Performance: Target 3

Fig. 7. Expected and realised performance for three target tracks. The median,
inter quartile range (IQR), and range are calculated from 2000 realisations of
the planned path.

a probability of making a measurement of the target based on
the probability of detection model described in Section IV-B.
Crucially, after successful detections, the platforms do not
regenerate the plan. The simulation of the measurements taken
and the implementation of the EKF tracking algorithm uses the
Stone Soup Python library [21]-[23].

An example scenario with two platforms and three targets
is illustrated in Fig. 6 along with a plan generated after 1500
iterations of the proposed algorithm. The scenario comprises
three moving targets within a complex scene of occlusions and
no-go regions, which impedes the motion of the platforms.
Each platform has a forward-looking bearing-range sensor
with high uncertainty in bearing.

The cost optimised by the platforms is a linear combination
of the tracking cost defined in IV and a large fixed penalty
when a platform is closer than 0.5 to a target position. This
is to disincentivise moving too close to a target.

The generated plan demonstrates cooperative behaviour: the
platforms approach the targets from multiple complementary
perspectives whilst simultaneously navigating between no-go
regions and the expected paths of the targets. At first, the
two platforms separate. One platform heads directly towards
the centre of the three targets while the other loops around
to approach from the top. This results in complementary
detections from perpendicular angles on targets 2 and 3.

To validate this plan we simulated the platforms following
the generated paths over 2000 realisations. Each realisation
used a unique random seed for the target transition model
noise, measurement model noise, and detection attempts. The
performance of the plan in terms of the track covariance norm
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is plotted in Fig. 7 alongside the expected performance in
the form of per-target PCRBs. The planned path successfully
improves tracking performance across all targets. Moreover,
the realised tracking performance closely matches the expected
tracking performance predicted by the PCRB.

The expected plan and 3 realisations are graphically de-
picted in Fig. 8 over 3 time intervals. In each case, the 3o
region of the track is plotted. As can be seen from the plots,
the tracking performance in the realisations matches closely
with the expected performance in terms of the sizes of the 3o
regions, as well as in their shape and orientation.

Clearly, the proposed tracking cost estimates tracking per-
formance well, though, in some cases, it is overly optimistic.
This is most obvious in the performance of the tracks early in
the plan (at long range) where better performance is predicted
than is realised.

VI. CONCLUSION

We have presented a modified RRT* algorithm for the
purpose of coordinating multiple platforms in the task of
tracking multiple targets under highly constraining kinematics.
To promote good tracking performance, we have used a
tracking cost based on the PCRB. We have demonstrated
through simulations that it accurately predicts the tracking
performance of plans generated by the proposed algorithm.

We have also shown, again through simulations, that the
planning algorithm is capable of producing rational paths
across multiple platforms in a cooperative way to improve
tracking performance. Specifically, platforms take different but
complementary paths that, when possible, converge on targets
from complementary directions.

While more work is needed, in particular, on relative timing
of platform actions, we believe that we have demonstrated
a potentially useful approach to cooperative multi-platform
sensor scheduling.
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