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Ship maneuvering planning using Swarm
Intelligence

Jose B. Escario
Arquitectura de Computadores
y Automatica Dept.
Universidad Complutense
Av. Complutense s/n
28040 Madrid, Spain
Email: jbescario@filos.ucm.es

Abstract—This paper introduces a new possible solution to
the problem of manoeuvre planning for marine vehicles. This
proposal is based on the use of a new swarm algorithm called
Ant Colony Extended, a new kind of ant algorithm derived from
Ant Colony Optimisation. This algorithm allows to include the
vehicle’s model in the planning so the solutions obtained are
always feasible. This approach was tested on different manoeuvre
scenarios. For all of them the algorithm was able to obtain good
solutions.

I. INTRODUCTION

This paper presents an approach to the problem of path plan-
ning for autonomous vehicles, applying swarm intelligence.
The problem originally undertaken was to design optimal
or a least suboptimal manoeuvres for Autonomous Surface
Vessels (ASV) employing the Ant Colony Optimization (ACO)
Metaheuristic [6].

The problem of planning trajectories can be related with the
more general problem of surface vessel guidance. The route
of a ship is usually specified in terms of a set of way-points
T = {(32'0, Yo, U07 90)7 ('rh Y1, Ulv 91)7 T (:Env Yn, Un? en)
defined on two coordinates, x;,y; the forward speed U;
and the heading 6. The vessel should pass through any
way-point (x;,y;, U;, 6;), departing from the starting point
(z0,Y0,Uo,00) and eventually arriving to the target point
(Inv Yns Un, en)

The way-points can be generated using criteria such as
mission (moving from some starting point to a terminal
point), environmental data (information above winds, currents,
waves), geographical information (shallow waters, islands,
coastlines), obstacles, collision avoidance and feasibility (it
must be possible to manoeuvre to the next way point taking
into account the dynamical restrictions of the ship).

An overview of different methods to generate trajectories
passing through the way-points can be found in [9]. Among
them, we will refer to the method based in the use of a vessel
model. The idea is to employ a dynamic model of the vessel to
generate the trajectory that connect two successive way-points.
The problem of connecting two way-points in the state space
of the ship, we can consider it as a control problem:
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Where x(t) = (z(t), y(t),u(t), 6(t) represents the state of
the ship, f(+) the ship dynamic, and u(¢) is a vector of action.
The problem is to obtain the trajectory u(t¢) in the space of
the actions that leads the ship from x(0) to x(7) in some time
T, covering some trajectory x(¢) in the state space of the ship.

Of course there could be many pairs of trajectories
(x(t),u(t)) connecting zo with xr. So we may try to find
a pair satisfying some optimal criterion,

() = / rx(t) u(di+g(x(T) @)

In this way the problem becomes a optimal control prob-
lem where the objective is to find the action trajectory that
minimises equation 2, being x(¢) a solution of equation 1.

At last, we can introduce a new complication adding obsta-
cles. These can be considered as restrictions in the state space;
x(-) must always remain in a given region R.

A classical solution for this kind of problems relies on
Hamilton-Jacobi-Bellman equation and dynamic programming
methods, providing the system fulfil a set conditions [1].
Results based on this method can be found in the literature
for a specific example; the problem on ship berthing [3], [4].

In general, is a hard task to enunciate a optimal control
problem in terms of the Hamilton-Jacobi-Bellman equation,
mainly when the presence of obstacles is considered.

Another possibility is to perform a search over the set
of possible trajectories, i.e to search over the set of vector
of actions u(t). From every u(t) it is possible to obtain a
trajectory x(t) through the iterative evaluation of the dynamic
model, according to different pairs (x(¢), u(t)). One example
of this approach is the rapidly-exploring random tree [13].

One of the main difficulties of taking a search approach
is the computational cost of evaluation a vector of actions,
which implies to obtain a solution for equation 2. In order
to reduce the computational cost, it is common to reduce the



complexity of the dynamic model: f(-), using some kind of
approximation. By this way it is possible to evaluate a large
set of possible trajectories, but then it is lost the guaranteed
that the trajectory is a feasible one.

Our approach is not to simplify the dynamic model and em-
ploy a metaheuristic algorithm to search for vector of actions.
A metaheuristic is a optimization method that iteratively tries
to improve a candidate solution according to quality measure
given by a cost function. These kind of techniques work like
classical heuristic algorithms: exploring only a small region of
the total search space, the advantage is that they do not need
a predefined heuristic function, instead they are able to select
—using a random sampling— which regions of the search space
looks promising in order to find an optimal solution.

We have developed an algorithm: Ant Colony Extended
(ACE), based on the Ant Colony Optimization Metaheuristic
(ACO). ACO was originally developed to solve combinatorial
optimisation (CO) problems [6]. Combinatorial optimization
deals with finding optimal combinations or permutations of
available problem components. Thus, the problem must be
dissociable into a finite set of components. Due to the discrete
nature of the components (description variables), CO problems
are also denominated discrete optimisation problems.

The algorithm is inspired in the foraging activity of ants in
nature, and more specifically, in 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 belong to the class of metaheuristic. More detailed
descriptions concerning ACO and its classification inside ap-
proximate algorithms categories can be found in [2], [5], [15].

The rest of the paper is organized al follows. Section
2 presents the ASV model and how to adapt it for being
used with ACO. Section 3 presents ACE, a modification of
ACO algorithm to work with the ASV control problem, some
consideration on the ability of the ACE to deal with other con-
tinuous problems are also included. Section 4 presents some
examples of the algorithm application to ASV manoeuvres and
the results achieved. Finally conclusions and future work are
given is section 5.

II. ASV DYNAMIC MODEL IN 3 DOF

When the scope of the problem is manoeuvring or path
planning, it is a common practice in marine control systems
to employ dynamical models of the vessel in three degree of
freedom (3 DoF) [9]. The model considers the movement of
the ship entirely on the plane, therefore only surge, sway and
yaw motions are considered. Following this approach, Figure
1 shows a schematic view of the coordinate system used in
the description of our ASV and its dynamics.

The propulsion system is a waterjet located at the boat’s
stern. The propellant jet can be oriented so that the waterjet is
also the govern system acting as a rudder. The movement of
the boat is decomposed using axes fixed to the boat [ (surge)
and t (sway), and the rotation around the vertical axis passing
through its center of mass (yaw).
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Fig. 1. General outline of coordinates

We take as state variables the position x and y, and the ship
orientation 0 (heading) with respect to a reference system at
rest. These can be obtained, from the motion equations:

% = vycos(0) — visen(d) 3)
y = veeos(0) + visen(6) )
6 =wy )

We also include as state variables the ship linear velocities v;
and v; and the ship angular velocity wy,

E, 'COSHU;]‘ — M1 U — e - UL ‘Ul|

151 = (6)
my + Mai

. Fp, - sin ewj — Ml Ut — Hic " Ut - |Ut|

U = @)
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A description of the model parameters has been included in
table 1.

Therefore, we have a set of six state variables that make
up the state space of the ship, x(-) = [z,y, 6, v, v, wy|, and
two variables for the action space, u(-) = [F)y,, 0.,;]. Where
F,, is the force exerted by the waterjet and 0,,; the waterjet
orientation. The term M in equation 8 represents the moment
of force F,, around the boat center of mass (CoM).

ls :
Md = 5 « Fyy, - sin g’wj (9)

Some bounds are imposed to the actions variables: 0 <
Fp < Fiap and /4 < 6,; < /4. There is an obvious
restriction imposed to the ASV by these bounds; it cannot
move backwards.

F,, and 6;,, are coupled. If the waterjet’s angle is modified,
automatically the force applied in the forward direction of the

(3

Wy



TABLE 1
SCALE MODEL SHIP CHARACTERISTICS

[ Parameter [ symbol ] value |
Length ls 4m
Mass mp 100kg
Waterjet’s maximum drive Frax 2500N
Waterjet’s maximum turn angle Owtmaz 45degree
Lineal component of the forward’s resistance ni 7N.s/m
Quadratic component of the forward’s resistance Hic 10N.52 /m?
Lineal component of the resistance to lateral displacement il 1000N.s/m
Quadratic component of the resistance to lateral displacement Wte IOOOON.52/7n2
Linear coefficient of added mass in the [ direction Tmal 0.5kg.s/m
Linear coefficient of added mass in the t direction Tmat 10Kg.s/m
Moment of inertia Iy kg.m
Linear coefficient of the moment of inertia added TIba 1 kg.m.s/rad
Linear coefficient of the resistance to turn Kal 10N.m.s/rad
Quadratic coefficient of the resistance to turn Hac 100N.m.s? / rad?

boat decreases. Besides, the turning radius is also altered if
the power of the waterjet changes.

The ASV has two feedback control loops: a PD type con-
troller for the heading acting on F;,, and a PI type controller
for the forward speed, acting on 6,,;. The controllers equations
are:

F = kvp - (rug — vp) + kv, / (rug — vy)dt (10)
Oujc = krp - (heading — 0) + krdw an
Where kv, kv;, krp, and krg are constants, r'peqding
0° < Theading (t) < 360° (12)
is a setpoint function on the ASV heading and r, (t)
0 m/s < 1y, (t) < 15 m/s (13)

is a set point function on the ASV forward speed.

The equations of the ship’s dynamics are integrated using
the classical embedded pair of Runge-Kutta fourth and fifth
orders developed by Dormand and Prince.

A. Discretisation

In order to apply the ACO metaheuristic the optimization
problem must be a combinatorial optimization, i.e it has to
be a discrete optimization problem. In order to discretize the
problem we focus on the signal set-point that are the inputs
of the PID controller, the general scheme of the relationship
between the planner (discrete) and the ship(continuous) is
show in figure 2.

[}
Signal Setpoint | | PID
Planner (Discrete) | 1™} Controller
[}

|

|

|

| [System Output
I | (Continuous)

Fig. 2. Planner and ship model relationship schema.

System
(Ship Model)

Control Signal
(Continuous)

To transform our problem in a combinatorial one, we will
begin by dividing the space into a grid of square cells of
dimension L x L. Each point (x,y) is mapped to a cell of
this grid,

('7"7 y) = Li.,j
L;; = (round(z/L) - L,round(y/L) - L)

(14)
(15)

The set-points will be associated with this discreticed space:
They will be step-wise functions the values of which remain
constant while the ASV remains in the same cell and only
can change when the ASV goes across the boundary of two
adjacent cells. We will use the term transition to refer to the
trajectory that connects two boundary points in the same cell.

Also, We will discretise the range of the set-points,

Theading G{OO, 107 20... 3590}
Ty, €{1m/s,2m/s,3m/s---14m/s}

(16)
a7

Now, we can consider rj¢q4ing and 7, as two decision vari-
ables of a combinatorial problem. A solution of the problem
s will be a sequence o pairs Theading(Lij), T, (Lij) such that
leads the ASV from the initial state x(0) to a final state X(7).
This last represents an approach to the actual final state x(7)
described above: we will consider the final state as reached if
the following conditions are fulfilled:

R(7) = [&r, 97, 07, D17, Oty , Wir] (18)
|z, — &, < L)2 (19)
lyr — 97| < L/2 (20)
0. —0,] < Ag @n

lvir — O] < A, (22)

The first two conditions impose that the points (&, ¢,) and
(x7,y-) belongs to the same cell L;;. The third and forth
conditions impose maximum errors Ay and A, to the final
heading and the final longitudinal speed achieved by the ASV.
No condition is imposed to the remaining state variables, vy,



Wyr, V¢r and wp,y, they tend quickly to zero when the vessel
maintains a steady course.

To illustrate the described approach. Given a initial state,
figure 3 shows the set of states reachable, in a single transition,
for all possible combinations of decision variables: Theading
and 7.

spata israzation
......

Fig. 3. An example of all states reachable starting from a given state, i.e all
transitions, according to the different values of speed and course set-points.

III. METHODOLOGY: ANT COLONY EXTENDED
A. Problem Representation and Pheromone Table

In this problem a solution will be a sequence of values for
the decision variables, rpeqding and Vj, which are the input
values for the PID controller, by this way a complete sequence
determines a trajectory, i.e. a plan.

ACO uses a graph representation to solve the problem;
the construction graph G¢ = (C, L), whose nodes, C, are
solution components, and whose links, L, fully connect the
nodes. An artificial ant can build a solution by performing a
randomized walk on the graph, traveling from node to node.
The decision on which node to visit next is guided by a
probabilistic decision function of two variables: the pheromone
value and the heuristic value both defined for each link that
connects two nodes. Usually in ACO the pheromone values
are gathered in a pheromone table which has the structure of
an adjacency matrix.

ACE uses a state space representation. For each state visited,
a probability vector of the actions performed at this state is
stored. The probability values reflect the expected solution
quality in case of choosing one action or another in this state.
This approach is similar to Q-Learning [14], [16]: the idea is
to build an action-value function based on the utility of taking
a given action in a given state.

The probability vectors are stored in an associative list —
the pheromone table in ACE- where its keys are states of the
problem and the entries are arrays of pairs, each pair is an
action —a value for decision variables— and a probability value
—a pheromone value—. Specifically in manoeuver planning, the
keys used in the pheromone table are only the discrete cells,
L; j, according to eq. 15. And the actions stored are pair of
values for rjeqding and v;.

Essentially, ACE keeps the same idea of ACO: to coordinate
a population of agents by stigmergy —indirect communication

through environment—. In ACO the ants move in a graph, so
the pheromone indicates which link should be used at each
node. ACE ants move in an state space, so the pheromone
indicates which action should be used at each state to perform
a transition.

B. ACE general overview

Ant algorithms are multi-agent system, where each agent is
called “ant”, each agent is able to find a solution to the problem
by itself. From the point of view of multi-agent system it is
possible to explain the algorithm attending to the computation
that each ant performs. In ACO, the population of ants is
homogeneous, but in ACE is heterogeneous, we introduced
two kind of ants: patrollers and foragers, this population
scheme is based on the biological studies of D. Gordon [10],
[11], [12].

The next scheme,figure 4, represents the general scheme the
computations that each kind of ant performs.

—— = stage

————— = Deterministic Forager Pathway

,,,,,, = Nondeterministic Forager Pathway
Solution
Construction

= Deterministic Patroller Pathway
777777 = Nondeterministic Patroller Pathway

[

[Theadznm 1)1 < pheromone

YES

X > 1

’[rhmdmgml] « heuristic

N

NO
X(1) =~ x(1)
YES YES _
N Pheromone
’pheromone — X(T)‘ Update
’ population dynamics‘
A [}
i |
,,,,,,,,,,,,,,,,,,,,,,,,,,,, i [ I
: " Populati
v v ODUS\\OI’]
Dynamics

unassigned workers (Daemon Actions)

Fig. 4. ACE general flowchart

The stages refer to the common tasks that compose the ACO
metaheuristic and are present in almost all ant algorithms.

The first stage is the procedure to build solutions, where
each ant builds a sequence of components. As can be seen it
is an iterative process that finalizes where the current sequence
satisfies the solution criteria (eq. 18, 19, 20, 21 and 22). If the
ant is a forager (blue pathway) it only uses the pheromone
table to choose the actions (values for rjcqqing and v;). If the
ant is a patroller (red pathway) it uses the pheromone table or



an heuristic function, the criterion for deciding when to use
either is based on random: y is a random number generated
from a uniform distribution, U (0, 1) and « € [0, 1] is an user
defined parameter. If x is greater than « the ant uses a heuristic
function to chose an action, otherwise it uses the pheromone
table.

Once that an ant —either of the two kinds— finds a solution,
it updates the pheromone table according to the solution built.
This stage is known as pheromone update.

The last stage is specific of ACE and it is equivalent to
daemon actions in ACO. Its role is to implement a population
dynamics that organizes the population setting the amount of
ants that are currently active: ants that are searching for a
solution. Also it regulates the proportion of foragers versus
patroller ants. By this way, it is possible to regulate the
global behavior of the algorithm between a more exploring
search, when the patrollers dominate the population, or a
more exploitation search, when the foragers dominate the
population.

When any ant enters in the population dynamics stage, it can
join a pool of inactive workers (a set of ants that are waiting
to start searching for a solution) or it can be released again to
search for another solution. Each time an ant is released, the
population dynamics determines if it is a patroller or a forager.
Although the population dynamics stage is a deterministic
process, it depends on the current state of the population. So
it is not possible to make a prediction of the pathway that an
ant follows when enter at this stage, that is why its pathways
in figure 4 are marked as nondeterministic.

C. ACE details

1) Solution construction: If an ant is at state xz,, the
probability of performing an action u; is defined by equation
23 and 24.

W(Uz‘7 In)
Z 77(“]'7 Tp)
JEN

n
T

n
Z Tj

JEN

Py (us|zy) = (23)

P (u|zy) = (24)

Where, 7' is the pheromone value of performing the
action w; at state x,,, and 7(u;, ;) is the heuristic value of
performing the action w; at state x,,.

Foragers will only use P in order to build a solution,
while patroller ants use both equations. The decision of which
equation to use is taken according to the next criterion:

Pn
P,

where y is a random number generated from a uniform
distribution, U(0,1), a € [0,1] is an user defined parameter,
and |S| is the number of elements in the sequence of values,
speed and course, of the best-so-far solution. The idea of use

X > (1.0 —a)™

) (25)
otherwise.

|S] is to adapt the exploration performed by patroller ants
according to the difficult of perform a manoeuver. Manoeuvers
which can be done by a short sequence of values for speed and
course, can be assumed to be easier than manoeuvers which
need long sequences,

Heuristic Functions:

o Speed: the heuristic value for the speed is independent
of the current state, and it is obtained using a normal
distribution, with mean equal to the final speed required,
Ulmaz» and standard deviation equal to the number of set-
points available for the speed divide by two. If there is no
final speed restriction, the mean is equal to the maximum
speed value: vjpqz-

o Bearing: The heuristic value for the bearing depends on
the current cell (L; ;), it uses a cellular automata (details
of the cellular automata can be found in [7], [8]) to build
a distribution of probability for all values of Theading-
This distribution is obtained as follows:

P(rilLij) =
{max((), 1-— %/CQALW)) ri #CAL, ,

1 Ti :CALM'

(26)

Where r; € {0°,1°,2°---359°}, CAyp, ; is the bearing
suggested by the cellular automata associated to the cell
L; ;, ADF (Angular Difference Function) is a function
that computes the minimal angular difference between
two angles.

2) Pheromone updates: This procedure defines how to
update the pheromone table according to the sequence built by
an ant. It works as follows: the ant increases the value of those
actions used and decreases the values of the remaining unused
actions for each state visited while building the solution. ACE
uses equation 27, which is based on AntNet equations [6],

e T O M) (L= T) VineES o
Tin « Tin _ q(/\7 78 )\best)Ti" otherwise.
where
Aoy <
q()\7 i, )\best) — Abest — I s X (28)
0 otherwise

S is the solution built by an ant, 7' is the pheromone value
of the action u;, which has been used, at state s,. And 7
is the pheromone value of the action u;, which has not been
used, at state x,,.

The function ¢ in equation 28 assigns a quality to the
obtained solution S, A = J(S) represents the value of the
objective function for S: the time spent in the trajectory
defined by a sequence of actions (eq. 2), u is the mean of the
values of the objective function for all solutions discovered so
far, and Ap.s; is the value of the objective function for the best
of them. Equation 28 aims to normalize the quality assigned
to a solution, between 0 and 1, and to update the quality while
new solutions are discovered.



3) Population Dynamics: The population dynamics in-
cludes three tasks:

1) An ant that does not build a successful solution is made
inactive, and it joins a pool of inactive workers.

A > pu — Join the pool. (29)
Where A represents the value of the objective function
for the solution, and x is the mean of the values of the
objective function for all solutions discovered so far.

2) An ant that has successfully built a solution performs a
recruitment by activating some inactive workers. Popu-
lation dynamics implement this recruitment mechanism,
according to the following equations,

PT =round(F - Q + log(T)) (30)
[ 1 T-Q>1 G1)
0 Otherwise

Where P and F* represent the increase on the Pa-
trollers and Foragers populations, F' is the population of
active foragers, () represents the quality (eq. 28) of the
best solution achieved in the current iteration and 7T is
the number of iterations since the last successful ant. A
iteration covers the computation of the three procedures
aforementioned.

3) Some inactive workers can become active at a fixed
predetermined rate. This is to ensure that the active
population is bigger than the inactive.

P* = round(log(T))

P 1 T=1
" ]0 Otherwise

So, during the execution of the algorithm and according to
the state of the search, the number and type of active ants
change. The change is governed by means of the population
dynamics (equations 29 to 33). These equations attempt to
model the ideas of Gordon, [10], [12], [11], on how real ants
stimulate the search by direct communication.

(32)

(33)

During the first stages of the search, there are not known
solutions; so the population dynamics is ruled by 71" (equation
32), thus the population is composed only by patrollers which
are exploring unknown areas. This behavior also occurs when
the search is unsuccessful, i.e., the algorithm is not finding
solutions.

Once the algorithm finds the first solution, the population
dynamics changes. Equations 31 and 30 begin to influence the
process. This leads to unlimited growing of the population, so
we limit its maximum size by a user defined parameter: m.

Notice that patrollers are recruited at a higher rate than
foragers. So, in general, exploration dominates exploitation,

IV. RESULTS
A. Design of Experiments

a) Initial Conditions: The initial conditions are always
the same for all experiments:

[Z0, Yo, 00, vio] = [0,0,90°%,0m/s]

b) Final Conditions: Since the initial conditions are
always the same, a maneuver scenario is specified only by
the final conditions, which are specified in the next way:

[-7:7'7 Yry Or, ’Ul-r]

c) Error Allowed: A trajectory is considered valid if it
leads to a state s, that satisfies:

The ship is located in the same cell, L; ;, as the goal, Ay =

5° and A, = 1m/s.

d) Batch of experiments: For each manoeuvre a set of
100 independent search experiments is performed under the
same error condition and goal definition.

The results of all the scenarios will be presented in the same

way:

- A figure with the best results achieved (least time con-
suming trajectories) over a batch of experiment. The
comparison among different trajectories is done in terms
of time. We use a color gradient to represents the time
comparison, the gradient goes from red, slower trajecto-
ries, to blue, faster trajectories.

- A statistical analysis —mean, deviation, median, maxi-
mum and minimum- of the results is shown in tabular
format. The first column of the table are the statistic
of the number of “best-so-far” solutions for each single
experiment. Also, for each experiment we select the
shortest time solution (the last solution), and record the
time. The second column of the tables shows a statistic
of shortest times. The third column shows a statistic of
the worst times (first solutions).

B. Open Sea Manoeuvers

1) Scenario 1:
[, = 20,5, = 0,0, = 90°,v;, = unrestricted)

This scenario is a lateral displacement of 20m, the difficult
comes from the fact that there is two possible way to perform
the manoeuver: to start turning right and making an inside
trajectory, or to start turning left and making an outside
trajectory. The inner trajectories are the faster ones.

As can be seen in figure 5, the algorithms only gives an
outer trajectory as final solution in one single experiment over
100 independent runs. In fact, the outer trajectories are local
minima, but the algorithm is able to scape from them in this
scenario.

In table II, it is interesting to notice the difference between
first solutions and final solutions. There is an improvement
of approximately 222%, the reason is that the first solutions
are outer trajectories, which are easy to find but slower. So,



the algorithm finds first a local minima solution but it escapes
from it, instead of finding directly a inner trajectory as first
solution.

First Solutions Last Solutions  No. Solutions
Mean 12.211 5.50101 16.16
Standar Deviation 4.87829 0.348631 5.28524
Median 11.0437 5.45886 16.
Max value 35.1299 6.55187 32.
Min value 6.33475 4.63629 4.
TABLE II
Trayectories
-25 -15 -5 5 15 25
15
- -5
- -15
— -25
-25 -15 -5 5 15 25
X
Fig. 5. Open sea maneuvers, results of scenario 1

C. Manoeuvers with obstacles

1) Scenario 1:
[z =50,y = 0,6, = 90° v, = 1m/s]

This scenario represents a berthing manoeuver, where the
docking is located at 50m of distance and in parallel to the
initial position. It is interesting that there is a limitation on
the final speed, which impose that the ship should reach the
docking position at 1m/s.

As can be seen in figure 6, apparently, the algorithms
does not have any difficulties to solve this manoeuver. But
from the table III it can be observed the great dispersion
presents at first solutions and how the algorithm reduce this
dispersion in the final solutions. This is due to the speed
restriction and the strategy the algorithm employs to deal with
it: the algorithm begins trying to find a first solution that
satisfies speed restriction by building slow trajectories that in
its average speed is close to the required one, by this way
it ensures that if the goal is reached, it satisfied the speed
restriction. Once that it has found a trajectory, it tries to speed
up as much as it can but keeping the speed restriction.

This strategy of search does not need to be explicit imple-
mented, it emerges from the search behavior of the algorithm

and the heuristic functions used, this kind of emergent proper-
ties are common in several algorithms of artificial intelligence.

First Solutions  Last Solutions  No. Solutions
Mean 33.5393 9.6737 16.17
Standar Deviation 24.0379 0.50931 5.43103
Median 24.9806 9.61749 16.
Max value 120.052 11.5775 31.
Min value 12.2227 8.43801 4.
TABLE III
Trayectories
-5 5 15 25 35 45 55 65
135
25
15
5
-
§ ’A "

X

Fig. 6. Maneuvers with obstacles, results of scenario 1

2) Scenario 2:
[ =0,y = 100,60, = 90°,v;, = unrestricted)

This scenario is a manoeuver through obstacles, the difficul-
ties come from the fact that there is several ways to perform
the manoeuver. The three faster ways can be observed in figure
7, the trajectories that pass completely through the two barriers
of obstacles are the faster ones, the trajectories that only pass
through one barrier are the middle ones and the trajectories
that circumnavigate the obstacles are the slowest.

Obviously, the most complex manoeuver is to pass through
obstacles, since the set of values for decision variables that
allow to trace that kind of manoeuver are only a few. Instead
there are several ways to circumnavigate the obstacles. Our
algorithms is able to find as final solution a manoeuver that
navigates through the barriers more than a 60% of the attempts.

From table IV, it can be observed that the difference
between the mean value and the max value is around 2
seconds. Taking into account that the mean is centered in the
time needed to perform a trajectory through the obstacles, and
the max value is give by a trajectory that circumnavigates the
obstacles, the difference in time is not so large. This gives an
idea that the benefit from perform a complex manoeuver is
not so high.



First Solutions  Last Solutions  No. Solutions
Mean 22.0764 9.88835 25.16
Standar Deviation 6.77957 0.821379 6.71606
Median 21.1981 9.51947 25.
Max value 46.2451 12.2162 41.
Min value 10.8711 8.89544 9.
TABLE IV
Trayectories
-45 -35 -25 -15 -5 5 15 25 35 45
1 115
105
A
N
N ) N
m ) |
15
— -5
—-45 -35 =25 =15 -5 5 15 25 35 45
X
Fig. 7. Maneuvers with obstacles, results of scenario 2

3) Scenario 3.:
[z = 0,y, = 100,60, = 270°, v;; = unrestricted)

This scenario represents a complex manoeuver inside some
kind of structure, for example a dock. It has an small entrance,
a barrier in front of it and the goal requires to perform a 180°
turn in a reduced space. This is complex because there is no
much space to manoeuver. Also the final speed is unrestricted
which increases the difficulty, so we are looking for a complex
manoeuver and how fast it can be performed.

From figure 8, it can be observed that this scenario does
not have local minima, but it has symmetry solutions which
are captured by the algorithm.

From table V it is interesting to note the relative small
standard deviation in the first solution, worst solutions. It gives
an idea that although the structure presents makes difficult
to obtain a feasible trajectory, it also impose that achieved
solutions are very similar among them.

First Solution  Last Solution  No. Solutions
Mean 244411 16.5016 23.79
Standar Deviation 2.96887 0.888445 7.04716
Median 24.0425 16.389 23.5
Max value 34.9867 20.4194 40.
Min value 18.7635 15.1063 4.
TABLE V

Trayectories

Maneuvers with obstacles, results of scenario 3

V. CONCLUSION

ACE introduces a new method of solution for path planning
problems. Not only it can find feasible solutions, it can also
improve them according to some optimisation criteria.

A main idea, compared with the classical planning ap-
proach, is to include the complete ship dynamics. Namely, the
classical approach acts in two steps: path-planning, and then
path-following. In our approach both steps are merged into
one. Any kind of autonomous vehicle could be considered,
providing a proper model of its dynamics.

The method can be employed to develop an off-line library
of manoeuvres, so it can be available to use them by an on-
board ship control system. The possibility of finding a way to
employ the method on-line is open.
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