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Abstract—Optimal planning for autonomous vehicles over long
time horizons, where sensor information and multiple objectives
form part of the decision-making process, is still in its infancy.
The challenges of uncertainty, inherent in sensor information, and
the computational complexity of their implementation typically
render direct approaches infeasible. We present a practical,
close to optimal, approach to the problem of long horizon path
planning and goal-seeking for an autonomous mobile platform
with sensing capability. Optimal autonomous vehicle planning
is notoriously difficult, presenting several significant challenges:
handling the uncertainty inherent in the sensor data and in a po-
tentially unknown environment; coping with the ostensibly large
data storage requirements; and the computational complexity of
looking many epochs ahead. To overcome these problems, our
model-based solution leverages a stochastic search methodology
to obtain long-term, continuous, trajectories. We demonstrate its
capability in handling both uncertainty in sensor measurements
as well as multiple, possibly conflicting, objectives.

Index Terms—sensor scheduling, path planning, trajectory
optimization, RRT*.

I. INTRODUCTION

Autonomous mobile platforms have begun to be seen as key
technologies for terrestrial, maritime and air systems [1]-[3].
Given a specified goal, true autonomy requires the platform to
interact with complex environments and take actions, without
human intervention, towards achieving the goal. A canonical
example is one where an autonomous vehicle with several
sensors, such as radar, lidar and infra-red cameras or, in
a maritime environment, sonars and magnetometers, seeks
to navigate a complicated terrain while attempting to locate
and track a dynamic target. Planning for autonomous mobile
platforms over long time horizons, where sensor information
forms part of the trajectory decision making process, and
where the platform has multiple, possibly conflicting objec-
tives, has only recently begun to be addressed [4]—[8].

These problems can be formulated in terms of an underlying
state-space, an action/decision space, and a set of measure-
ments that provide information about the current state. Such
problems are often expressed in terms of Partially Observed
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Markov Decision Processes (POMDPs) [9], and are notori-
ously difficult to solve because of the high computational com-
plexity associated with their solutions. Typically, simplifica-
tions of the structure are used to reduce memory requirements
and computation time, e.g., constraining the action space [1] or
policy rollout [10]. Even so, attempts to solve these simplified
versions, that go beyond a single-step greedy approach, face an
exponentially growing range of actions as the planning horizon
extends. Additionally, planning algorithms need to mitigate
the uncertainty in sensor measurements and target objectives;
this uncertainty can propagate and influence future actions.
The combination of uncertainty in both measurements and tar-
get objectives differentiates sensor scheduling problems from
standard stochastic planning problems. Accordingly, there is a
need for practical long horizon sensor scheduling algorithms
that are resilient and computationally tractable.

The trajectory planning approach used here adapts concepts
prevalent in the robotics community; specifically, the Rapidly
exploring Random Tree Star (RRT*) algorithm [11]. The core
idea is to obtain trajectories by randomly propagating a tree of
future states, and modelling the uncertainty in future measure-
ments using known sensor characteristics. The structure of the
RRT#* algorithm yields a computational complexity which is
bounded, not by the size of the action space, but by the cost of
inserting a new node in the tree. The method used in the RRT*
algorithm for node insertion (rewiring) offers probabilistic
guarantees on performance. As a result, the RRT* algorithm
is often used in standard path planning problems [2], [3], [12],
i.e., travelling from A to B whilst avoiding obstacles. In our
previous work [5], [6], we adapted the RRT* for trajectory
planning while minimizing not only motion costs but also an
information theoretic cost relating to sensor performance.

In this paper, we now consider long-horizon path planning
for a mobile sensing platform faced with multiple, possibly
competing, objectives; searching for unknown targets whilst
maintaining tracking of known targets. Building upon our
earlier methodology [13]-[15], this multi-objective problem
is handled via a Pareto convex combination of the individual
cost functions. The planner’s search cost is captured using
a search map; a grid-based representation of the operational



area where each grid cell specifies the probability that an
undetected target exists in that cell [16], [17]. The tracking
cost is captured using a standard information theoretic cost
based on tracking [18], [19]. The Pareto cost is then used in
our modified RRT* algorithm [5], [6] to generate the sensor’s
path. Using this framework, we validate our approach for a
track-and-search scenario for an autonomous mobile platform
in a structured environment and provide a characterization of
the problem by adjusting the Pareto weight.

II. MATHEMATICAL MODELS
A. Platform & Sensor Models

The platform at time k is represented by the state ) =
[xi,.q.)ik?yz,v;k]ﬂ where pi = [xZ,yﬁ]T is .the. Cartesi.an
position of the platform and vy = [v] v} ,|" is its velocity
vector. The heading ¢}, of the platform at time k is
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The platform has an active sensor measuring range, r, and
azimuth, 6, with the sensor frame aligned with the body
frame of the platform. Measurements are modelled as the true
measurement with added random Gaussian noise. Accordingly,
the vector of measurements at time k is:

zr=nh (mi,mi) + wy, (2

where :v§c is the target state, wy, is zero-mean Gaussian noise
with covariance R, and h(x},, ) represents the measurement
process:
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B. Target State

The target at time k is represented by the state z} =
(s V% ks Uks U 1] Where pf, = [z}, yf]" is the Cartesian posi-
tion of the platform and v}, = [v} ;, v, ,]" is its velocity vector.
We adopt a standard constant velocity model for target motion,
perturbed by a continuous white noise acceleration [20]: the
transition of a target state from time k to time k + 1 is:

iy = f(@)) + en = ([(1) ﬂ ®Iz) HE SN

where T represents the time between step k and k + 1, ® is
the Kronecker product and I is the 2 x 2 identity matrix. The
vector 7, represents the process noise: a zero-mean Gaussian
variable with a typical covariance Q:
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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 scheduler is assumed to have prior knowl-
edge of the motion model and process noise covariance, i.e.,
there is no model mismatch.

III. MULTI-OBJECTIVE SCHEDULING FRAMEWORK

The current information the planner has regarding the prob-
lem at a given point in time is described by the belief state
and includes the following:

« Target states — estimated states of target(s) being tracked;

o Track uncertainty — estimated covariance matrices asso-

ciated with the target states;

o Search map — current knowledge of undetected targets in

the search area represented by the search map.
The belief state update is driven by the search and tracking
objectives; the tracker uses new measurements to update target
state information and the search map is updated according to
the movement of the platform.

For a given action, the cost function is constructed as a
Pareto sum of the multiple objectives the platform is attempt-
ing to achieve. In our case, the cost function for an action a
is

j(a) = ﬁs7track (CL) + (1 - ﬁ)jsearch(a)a (7)

where 7 is the combined cost function, /3 is the weighting
of the combination and Ji,qck and Jsearch are the individual
costs, respectively, for the tracking and search objectives, as
discussed in our previous work [13]-[15].

A. Tracking Cost

Due to the nonlinear nature of the measurements we opt for
an extended Kalman filter (EKF) for the tracking algorithm.
The Jacobians for the measurement and target transition func-
tions are:

Hk(iz+1|k7$1k);) = Vh(sci,ﬂsiﬂm;:ﬁ:;wk ®
F = Vf(m2)|m;:aez+uk ’ ®

where V represents differentiation with respect to the state .

During the time interval 7', the platform motion is controlled
by a velocity Vj, and angular direction ¢, so that the next
platform state is
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An action vector, a = [V, ¢, represents the motion control
of the platform. The cost of an action or action sequence
is determined based on the Posterior Cramér Rao bound
(PCRB) [18], [19]. The PCRB is the predicted covariance
matrix for a target, based on future target movement and
sensor measurements. Using previous trajectory information,
the platform can predict where the target will move next. This
predicted movement can then be used to predict informational
content of sensor measurements from the possible actions; the
action that results in the highest informational content will
reduce the uncertainty in tracking the target. In the following,
we give the expression for the PCRB for our scenario however
for a full derivation we refer the reader to [18] and [21, Ch.4].



For an action a, the PCRB has two parts:
P(a) = [Jp + Tm(a)] ", (11)

where J), is the prior information matrix, and J,,(a) is the
predicted measurement information matrix, which describes
the information gained from measuring the target after apply-
ing action a. These information matrices are:

J, = [FRF + Q] - (12)
Jm(a) = Py Hj,(a)R™'Hi(a), (13)

where P, is the probability of detecting the target, and
Hi(a) 2 Hk(:izﬂlk, x?, a), subject to moving the platform
using action a. For an action sequence, the PCRB computation
is recursive, with the previous PCRB matrix taking the place
of Py beyond the first step. The EKF tracker provides a closed
form for J,,.

The cost function, based on the average variance of the
target state after taking action a, is

k(@) = tr (P(a))

where tr(-) is the trace of the matrix.

(14)

B. Search Cost

Control of searching for unknown targets in the scene uses
the concept of a search map (see [16], as well as [13]-[15],
[17], [22]) to store information relating to undetected targets
in the operational area. The (m,n) cell, with central coordi-
nates (., yn), in the search map is assigned the probability
Pr(x.,,yn), and represents the probability of an undetected
target in that cell. Note that, in general, this is not a probability
density/distribution on the set of cells, however, it amounts
to that if it is known that there is only one target. Initially,
when no information is known, the probability of undetected
targets for all cells in the search map is relatively high. These
probabilities are changed by the platform’s sensor probing the
operational area and resolving whether targets are present. The
search map guides the scheduling of future measurements —
increasing focus on areas where the search cost is higher
(within the constraints of the sensors and platform motion).

This continues until the area is cleared.

The update of the search map probabilities at epoch k
resulting from a sensor measurement is calculated by applying
a Bayesian update to each cell of the map, thus:

Pr(zm,yn) =
(1 = Pa(xm, yn)) Pr—1(Tm; yn)

(L= Pa(zm,yn)) Prk—1(Tm, yn) + (1*Pf)(1*PT,k—1($m7yzz])s))
where, for a given sensor, Py and Py are respectively the
probability of detection and of a false alarm. Note that Py
is defined per cell allowing for the incorporation of realistic
detection mechanisms. Also, in this work, the false alarm rate
is assumed to be very low so we do not consider an update
for a detection that could be a false alarm.

Given this update mechanism, the search cost function is
based on the reduction in total probability across the search
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Fig. 1. Example of a RRT* tree and the resulting platform path. The tree
is constructed using N5 = 1000 samples and considering only the tracking
cost. The platform’s path is shown in purple with the purple squares indicating
different time epochs. The target’s trajectory is marked in blue with an arrow
indicating direction of travel.

map. Thus, assuming Prj q(Zm,ys) is the predicted threat
map at time & for action a, then the search cost is

u7search(a/) = Z Z PT,k,a (l‘m, yn)

Tm  Yn

(16)

C. Rapidly Exploring Random Trees (RRT*)

The RRT* algorithm is used to produce long-horizon paths
based on the current belief state and position of the platform.
The algorithm functions as follows: First, a random point
is chosen in the search area. Next, a virtual move is made
from the nearest vertex on the existing tree in the direction
of the random point (given the physical constraints of the
environment) to create a new node. This new node is initially
connected to the nearest vertex. Third, this initial connection
is refined in a rewiring step. This step involves computing the
cost — using (7) — of reaching the new node from existing
vertices within a local neighbourhood of the new node. The
new node is rewired to the vertex that corresponds to the
minimum cost. These steps are repeated for Ny random
samples to construct the tree. Once constructed, the platform’s
path corresponds to the path from the tree’s root to the vertex
with the lowest cost. An example of an RRT* tree and the
resulting path are shown in Figure 1. In this example, the
horizon is 22 epochs in length, but this will vary depending
on the information available to the scheduler and the value of
[ in the cost function.

In the traditional algorithm [11], the rewiring process en-
ables the RRT* to provide asymptotic optimality. However,
when the goal state is flexible or unknown, such as approach-
ing a moving target, the output from the RRT* is only optimal
in that time instance [23]. For example, the path determined
from the RRT* may not be optimal, in terms of the cost (7),
if a new target is found. Accordingly, to take advantage of
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Fig. 2. Example platform paths generated by the scheduling algorithm. Parts (a), (b) and (c) respectively show the paths generated when 8 = 0, 0.4 and 1.
In each figure, the obstacles are shown in red, target trajectory in dashed blue and the platform path in dashed purple. Arrows indicate direction of travel.

new information obtained by the platform, the RRT* is re-run
every time epoch and only the first action is taken.

The usefulness of the RRT* lies in the tree structure,
which offers two key advantages: reduced computation time
compared to other methods, and simplification in handling
modelling errors. Random sampling of the spatial domain to
construct the tree from which the path is developed, massively
reduces the computational complexity to only the insertion
cost of a new node in the tree; for Ny samples, this cost
is O(Nglog(Ns)) [11]. A specific benefit of RRT* is that
only a local search, within a specified distance d (see [23]),
is necessary in the exploration stage.

In this report, we use knowledge of the search map and
target tracks to guide the random sampling in the RRT*.
When tracking, samples are drawn from a Gaussian distri-
bution centered on the target’s estimated location. In contrast,
when searching, samples are drawn from the unexplored, high
probability, areas of the search map. The value of 53, see
(7), dictates the proportion of samples drawn from these two
distributions.

IV. SIMULATIONS

We now present simulation results for our multi-objective
continuous sensor scheduler. The scheduler is tasked with
planning a platform’s path to both search an area and track
any targets it finds. The scenario for the simulations is shown
in Figure 2; the environment contains obstacles that are
impassable and occlude sensing, and a single target. Planning
performance is assessed based on tracking accuracy and we
compare the performance as the weight 3 varies. Tracking ac-
curacy is measured using the Optimal Sub-Pattern Assignment
(OSPA) [24] metric, that is, the Euclidean distance between the
track estimate and target’s true state with a maximum distance
of association to 100 m. Finally, the number of samples in the
RRT#* is set to Ny = 1000. Note that all simulations (including
the tracker) are implemented in Stone Soup [25]-[27].

Examples of the paths generated by the scheduler are shown
in Figure 2 and median OSPA track error is shown in Figure 3
for 5 = 0,0.2,0.4,0.6,0.8,1. The figures demonstrate the
scheduler’s ability to plan the trajectory of the platform in a
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Fig. 3. Graph showing the median OSPA tracking error for the platform for
different values of 5. Results are averaged over 200 Monte-Carlo simulations.

structured environment to find and track the target accurately.
Initially the platform searches until it finds the target then
it’s behaviour depends on the choice of (. For example,
if 3 = 1 then the platform circles the target to maintain
tracking performance, see Figure 2c. In contrast, if 8 = 0 the
platform carries on searching and does not prioritize tracking,
see Figure 2a. This change in behaviour is supported by the
tend in tracking performance. Figure 3 demonstrates that the
median tracking performance improves as 3 increases, which
is expected as the scheduler is weighted more to the tracking
objective.

V. CONCLUSION

We presented a multi-objective framework for the long-
horizon scheduling of an autonomous moving platform tasked
with exploring an area and tracking any targets it finds. Our
framework uses a stochastic RRT* algorithm to generate long-
term, continuous, trajectories for the platform. The competing
objectives — search and track — are combined within the
RRT* as a Pareto sum of a tracking cost and a search cost;
an adjustable weight parameter allows for balancing of the
costs. Using simulations, we evaluated the performance of
our scheduling framework for a structured environment with
a single unknown target.
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