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This paper introduces the use of a swarm algorithm, derived from Ant Colony Optimisation, to solve path
planning problems for autonomous vehicles. The purpose is to obtain optimal trajectories for manoeuvres
of Autonomous Surface Vessels. The algorithm works with a model of the vehicle, and the solutions
achieved are always feasible. With enough time, it can also obtain trajectories very close to the optimal.
Provided the appropriate modifications the algorithm can be applied to solve other combinatorial opti-

misations problems with a non restricted number of feasible solutions. The methodology is tested
through simulations on open sea manoeuvres and scenarios with the presence of obstacles.

© 2012 Elsevier Ltd. All rights reserved.

1. Introduction

This paper presents an approach to the problem of path plan-
ning for autonomous vehicles, applying swarm intelligence. The
problem undertaken was to generate optimal or, at least, subopti-
mal manoeuvres for an Autonomous Surface Vessel (ASV) employ-
ing the Ant Colony Optimisation (ACO) metaheuristic.

ACO was originally developed to solve combinatorial optimisa-
tion (CO) problems (Dorigo & Stiitzle, 2004). Combinatorial optimi-
sation deals with finding optimal combinations or permutations of
available problem components. Thus, the problem must be disso-
ciable into a finite set of components. More formally, a combinato-
rial optimisation problem P = (S, Q,f) consists of three elements:

e A set of solutions (also called search space) S defined over a set
of discrete decision variables X;, i=1,...,n. Where X; can take
values v{ IS {v}, e U?"} inside a finite domain D;. A complete
solution s € S is obtained assigning to each decision variable a
value of its domain.

e A set of restrictions Q. A solution is feasible if it satisfies €, the
set of feasible solutions is denoted S, (S CS). If Q is empty, the
problem is said to be unrestricted.

e An objective function f : S — R]. A solution s* is called a global
optimum if and only if: f(s*) < f(s) Vs € S.

Solving a combinatorial optimisation problem implies obtaining
at least one optimal solution s*.
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Due to the discrete nature of the components (description vari-
ables), CO problems are also denominated discrete optimisation
problems.

There are complete algorithms which are able to reach the opti-
mum for any CO problem. But in many cases, such as NP-hard CO
problems, the computational cost makes the solution of the prob-
lem unaffordable. For this reason, approximate algorithms have
been developed assuming a trade-off between accuracy and com-
putation time. So, the objective shifts to obtaining good enough
solutions in a reasonable amount of time.

ACO belongs to this class of approximate algorithms. The algo-
rithm is inspired by the foraging activity of ants in nature, and
more specifically, by how ants find the shortest path between a
food source and their nest. From the point of view of Artificial
intelligence, ACO is included in the category of Swarm Intelligence,
and from the point of view of operations research it belongs to the
class of metaheuristics. More detailed descriptions concerning ACO
and its classification inside approximate algorithms categories can
be found in (Blum, 2005; Dorigo & Blum, 2005; Mullen, Mone-
kosso, Barman, & Remagnino, 2009).

In robotics, motion planning and trajectory planning refer to the
process of moving from human description tasks to low-level
instructions appropriate for the robot, so it knows how to move.
In general, the problem involves to obtain a path in the robot con-
figuration space, connecting a starting point with a target point.
Both, dynamical restrictions and avoiding collision with present
obstacles should be taken into account.

The problem has attracted considerable interest, and a wide
number of techniques have been proposed and successfully ap-
plied. The work of Latombe (1991) can be considered seminal,
and the book of La Valle (2006) offers a rather complete vision of
the state of the art.
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The final conditions are:

. =0, y,=250, 0.,=90° v = unrestricted].

From Fig. 19, it can be observed that the trajectories use the
short paths in 95 of the 100 experiments, 3 experiments use one
short path and one longer path, and the 2 remaining experiments
use two longer paths. The distance increases the difficulty to es-
cape from local minima, because as more decisions are needed,
the solution sequence is longer and it is difficult to keep the explo-
ration around it. Thus to compensate it the exploration is reduced
according to the length of the sequence (Eq. (33)).

From Table 10, it can be observed one more time that the differ-
ence between the worst solution and the best one is between 2 and
3 s. The best one is only 10% faster than the worst one. This is due
to dynamical restrictions; the longer path may be done at higher
speeds than the shorter, so at the end there are no large differences
between them.

7. Conclusion

We have developed a method to apply the Ant Colony Optimisa-
tion algorithm - a paradigm initially intended to solve combinato-
rial optimisation problems - to manoeuvre optimisation problems.
To do this, we need first to suitably discretise the problem.

The aim of our work is to find optimal manoeuvres for an
Autonomous Surface Vessel using an ant algorithm.

We have modified the original ACO algorithm, preserving the
basic structure of the paradigm.

We call the modified algorithm Ant Colony Extended. It can be
used in problems where it is not possible or it is difficult to obtain a
graph representation of the problem, in problems where the length
of the solution is unknown beforehand, and/or when the combina-
tion of solution elements by itself does not guarantee finding a va-
lid solution.

Main modifications are: we do not use a graph representation of
the problem. The pheromone table is, in our case, an associative
list. The proportion of ants looking for solutions around one previ-
ously found and ants looking for wholly new solutions is ruled by
population dynamics.

This last feature, inspired in studies of real ant behaviour, has
resulted very promising: it allows the algorithm to self-regulate
the search, and, according to our results, it helps to avoid local
minima.

When applied to ASV manoeuvring problems, the algorithm is
able to find feasible trajectories, which fulfil the conditions of a
proposed manoeuvre, and then to improve them towards the opti-
mum. The final result is usually near to the optimal manoeuvre.

We have successfully applied ACE, provided the necessary
adaptations, to other continuous optimisation problems. The re-
sults have been partially published elsewhere (Escario et al., 2010).
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Glossary

X(-): The state of the ASV

X(0): Initial state of the ASV

X(7): Final state of the ASV

X(t): Approximation to the final state x(t)

u(-): A vector of action

x: ASV position with respect to the x-axis

y: ASV position with respect to the y-axis

0: ASV heading with respect to a reference system at rest

v: ASV velocity in the surge direction

v ASV velocity in the sway direction

rha: Set-point function on the ASV heading

ry: Set-point function on the ASV forward speed

P(u(-)): Optimisation criteria

Lyj: Cell grid

L: Cell grid dimension

Ag: Maximum error allowed to the final heading achieved by the ASV

Ay Maximum error allowed to the final longitudinal speed achieved by the ASV

X: Alist of values of the state vector taken whenever the ASV trajectory crosses the
boundary between two grid cells

s: The list of the values for the set-points employed at each state: x(T;)

g(s): The accumulated cost of the trajectory

y: A tag indicating the kind of an ant

Py (ry|Ly): The probability of choosing value for r at the cell Ly using a heuristic
function

Py(rhalLij): The probability of choosing value for ryq at the cell Ly; using a heuristic
function

n: A heuristic function
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¢: The pheromone data

Py(ry|L;): The probability of choosing value for r at the cell L using the phero-
mone data

P,(rnalLij): The probability of choosing value for ruq at the cell Ly using the phero-
mone data

x: Random number generated from a uniform distribution

a: An user defined parameter that regulates the use of pheromone data or the
heuristic function by patroller ants

Spest: The best-so-far solution
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|s|: The number of elements in a sequence of set-point values

q: A function that assigns a quality to a solution sequence

pr: The number of active patrollers

fr: The number of active foragers

rp: The number of patrollers that needs to be activated

rf: The number of foragers that needs to be activated

ns: The number of unsuccessful patrollers since the last successful patroller

sc: The number of successful patrollers since the last successful forager

W: A user defined parameter that regulates the exploitation of best-so-far solution
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