Chapter 2

Adaptive Sampling with a Fleet
of Autonomous Sailing Boats Using
Artificial Potential Fields
Hadi Saoud, Frédéric Plumet and Faiz Ben Amar

Abstract Autonomous sailing boats are an attractive solution to perform measurements at sea thanks to their low energy consumption. A fleet of such vehicles can also
be used for adaptive sampling of an environmental field. In previous work, artificial
potential fields have been used successfully in a local and real-time planner to carry
out the autonomous navigation of one sailing boat. In this paper, we first extend the
previous method to include marine current in the local planning and show how this
extension can improve the safety and navigation performances in the case of strong
marine current. Next we show how the same planning method can be used to control
a formation of sailboats and perform adaptive sampling of some natural quantities
and can be easily tuned to exhibit different behaviors such that way-point reaching,
gradient or isoline following.

2.1 Introduction
Oceans observation at mesoscale (10–100 km) or sub-mesoscale (1–10 km) is an
important issue for researcher in order to better understand how the marine environment evolves. However, at these scales, satellite remote sensing provides neither
enough details on the sea surface nor provides information on the water column
structure and these observation must be complemented by measures carried out by
drifting profilers, research vessels, moored or drifting buoys for examples. Moreover, in marine environment, physical, chemical or biological fields have usually
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high spatio-temporal variability. It is so often desirable to perform adaptive sampling of these quantities at a scale compatible with the observed structure [2].
With the development of smaller and lower cost sensors, new solutions using
autonomous robots (surface or underwater) begin to emerge in order to carry these
sensors where measurements are more likely to be useful [8, 15, 18, 19, 27]. Using
such low cost vehicles, adaptive sampling can thus be performed by following the gradient of some physical, chemical or biological parameter. To perform such gradientbased navigation in an efficient way (time constraints), a fleet of vehicles is usually
required, even if it remains possible using a single vehicle (see [3] for example).
Examples of gradient following navigation for a fleet of vehicles can be found in [1,
9, 14, 20].
Focusing on Autonomous Surface Vehicles (ASV), numerous robots have been
developed for bathymetric data recording in shallow water [16], monitoring of various
marine environmental data either alone [4, 17, 26] or as part of a sensor network [6, 7,
21, 24]. However, all of these aforementioned vehicles are conventional electrically
powered systems and suffer from a lack of autonomy that restrains their usage to
short-term missions. Autonomous sailing robots could then be an efficient solution
for mesoscale oceans observation since they rely on renewable energy such as solar
and wind energies [5, 25].
However, the control of autonomous sailboats is faced with two inherent difficulties: the uncontrollable and partially unpredictable nature of thrust forces (wind
direction and wind speed) on one hand and the complex kinematics of a sailboat (aero
and hydrodynamic properties of sails and hull) on the other hand. In previous work,
we used artificial potential fields method [12, 13] in a local path planning algorithm
that address these two problems simultaneously. This navigation method is able to
react in real-time to changes in the environment and control the vehicle towards a
given waypoint [22].
In this paper, we use the same framework of artificial potential field for gradient
climbing of a natural field using a formation of autonomous sailboats. For the sake of
clarity, the method used to control the motion of one single sailboat is first presented
in Sect. 2.2. Since we focus on oceans parameters measurements, it is also necessary
to consider the existence of ocean currents. Obviously, if strong current exists, the
sailboat will drift and may not be able to reach it’s final destination. Section 2.3
shows how to address these currents in the local path planning algorithm and how this
extension can enhance the performance and safety of navigation in the case of strong
marine currents. We made the assumption that these currents are known either through
a marine chart or by local measurements made by the sailboat. Section 2.4 presents
how adaptive sampling of a given natural field by a formation of autonomous sailboats
easily fits in the general framework of potential field planning. The proposed method
is based on the definition of a reference formation. The motion of the reference
formation as well as the motion of the real vehicles are controlled by a local potential
field planner i.e. each real vehicle is attracted by a potential field attached to the
corresponding reference vehicle in the reference formation. The assumption is made
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that there exists a bidirectional communication link between the different vehicles to
share the current and desired positions of the real vehicles as well as the position of
the reference formation. Simulation results are presented and shows that this method
can easily be tuned to exhibit different behavior such that way-point reaching for an
entire formation, gradient or isoline following of a natural potential field.

2.2 Potential Field Planning of One Single Sailboat
Potential field (PF) method can be an efficient way to achieve local path planning for
mobile robots. Since this method is a local one, its main drawback is that the moving
vehicle may fall into a local minimum when the obstacle density is high. Luckily,
open sea rarely have a high density of obstacles, making the potential field method
a very convenient path planning algorithm for autonomous sailboats [10, 11, 23].
The fact that this method is local is also an advantage because the computational
burden remains the same even if the obstacles or the goal are moving. This property
was used to design a local planner for an autonomous sailboat, with the kinematic
constraints of the sailboat transformed in obstacles moving with the vehicle. This
property will also be used to design the local path planning algorithm for a formation
of sailboat, with a moving goal (attractive potential) attached to each node of the
reference formation (see Sect. 2.4).
In potential field based planning method, the vehicle has to follow the direction
defined by the gradient of a scalar field. For autonomous sailboat path planning,
the field is the summation (see Fig. 2.1) of several exo-potential fields and an endopotential field:
• exo-potential fields are repulsive potentials centered at each obstacles position and
an attractive field centered at the goal position,
• endo-potential field is a repulsive potential, moving with the sailboat and depending on the actual wind condition, that reflects the sailboat kinematics.
In practice, the gradient is evaluated numerically on a vehicle-centered ring at
each sample time, using the actual value of the wind (speed and direction) measured
by the sailboat and the position of a given way-point. Thus, at each time instant, the
minimum of the local gradient defines the desired heading of the sailboat.
Notice that, since the desired heading is defined by the weighted sum of several
potentials, the attractive potential must be defined as Ug = K g dgoal to guarantee that
the sailboat will not tack too frequently or go into a no-go zone when the distance to
the goal dgoal is important.
The endo-potential is built on the basis of the speed polar diagram of the sailboat
(see Fig. 2.2). For a given wind speed, this polar curve shows the boat speed (in steady
state) as a function of the angle γ between the heading and the true wind vector. Two
high repulsive potentials are used to represent the upwind and downwind no go-zones.

18

H. Saoud et al.

Fig. 2.1 Overall potential relative to three obstacles and a goal point (waypoint)

(a) Speed polar diagram of a sailboat

(b) Close view of the endo-potential around the boat

Fig. 2.2 Endo-potential around the boat based on the speed polar diagram

Another potential Pw is added to reflect the speed performances of the sailboat. This
potential can be defined as:
Pw = G w

VMax − Vb
+ Ph
VMax

with Vb the boat speed, VMax the maximum boat speed and G w a given weighting
factor. In order to take the cost of gybing and tacking into account, an hysteresis
potential Ph = 0 is added for the navigation area on the other side of the wind,
relative to the actual heading.
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2.3 Including Marine Currents
For application such that oceans parameters measurements with sailboats, it can be
also mandatory to take ocean currents into account. Obviously, in such a case, the
sailboat will drift and may not be able to reach it’s final destination if the current is
strong enough. We assume here that these ocean currents are known either through
a marine chart or by local measurements made by the sailboat.
Since the local path planning algorithm is based on the speed polar diagram, we
can easily include the marine currents by modifying the speed polar diagram.
→I

→C

Let V b be the boat velocity vector in the inertial frame I, V b the boat velocity
→I

with respect to the current frame C and V c the current velocity with respect to the
inertial frame I. Using the same notation for the wind vector, we can write:
→I

→C

→I

Vb = Vb + Vc

→I

→C

→I

and V w = V w + V c

→

Assuming that, for a given wind speed, the boat velocity vector V b is given by a
→

polar function P() depending on the true wind vector V w and angle γ between these
two vectors (see Fig. 2.2a):


→

→

V b = P V w, γ

This relationship remains the same if both velocity vectors are expressed in the same
frame. Since:


→C

→C

V b = P V w, γ

the boat velocity in the inertial frame is given by:
 I

→C
→I
→
→I
→I
Vb = Vb + Vc = P Vw − Vc ,γ + Vc

→I

(2.1)

The resulting speed polar diagram (taking into account the effect of the marine
→

current) is then the result of a translation (due to the V c vector) and a slight deformation due to the non-linear effect of the P() function. This is illustrated Fig. 2.3 for
→I

→I

V w = [−2, 0]t (m/s) and V c = [−0.25, 0.25]t (m/s).
This modified speed polar diagram can then be used to build the adapted endopotential around the sailboat. An example, showing the results of a local path planning, is depicted Fig. 2.4 using either the conventional speed polar polar diagram (see
Fig. 2.4a) or the adapted version to take currents into account (Fig. 2.4b). For these
simulations, the wind speed is equal to 4 m/s, the current speed is equal to 0.5 m/s
and their directions are depicted Fig. 2.4.
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→I

→I

Fig. 2.3 Speed polar diagram with marine current ( V w = [−2, 0]t and V c = [−0.25, 0.25]t )

(a) Resulting path, without taking
current into account

(b) Resulting path, taking current
into account

Fig. 2.4 Potential field based planning with and without taking into account oceans current

One can see that, when taking currents into account in the path planning algorithm,
the boat follows a more direct route toward the goal. Moreover, the time to reach the
waypoint is equal to 9.1 mn when taking currents into account and equal to 10.8 mn
when using the conventional method, which corresponds to an enhancement of more
than 10% to the total traveling time.
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2.4 Formation Control
As mentioned before, the general framework of potential field based planning can
easily be adapted to solve the problem of gradient following of a natural field with a
fleet of sailboats. Moreover, since potential field algorithm is a local path planning
method, the computational burden remains the same if the goal is moving. This
property will be used to control a formation of sailboats.
The basic idea is to define first a reference formation where each node of the
reference formation becomes an attractive goal for one corresponding real sailboat.
Then, the whole reference formation is steered toward a given waypoint or driven to
follow the gradient of a natural potential field. In this way, the vehicles remains in
formation but can adapt their motion to the local wind conditions.
We first define the reference formation as a rigid lattice, with each node of the
lattice corresponding to a reference (virtual) vehicle. Let (i) S Re f be the position of
the (i) reference vehicle and R a local frame attached to the reference formation.
Without loss of generality, we assume here a triangular formation with a local frame
R attached to the first node of the formation (see Fig. 2.5a).
The motion of each real sailboat (i) is then driven by a force
the overall potential (i) U :
(i) →

−→

F = grad

with

(i) →

F coming from

(i)  (i) → (i) → (i) →
U = Fg + Fo + Fw

(i) →

Fg the attractive force coming from the (i) reference vehicle,
(i) →
Fw

(2.2)
(i) →

Fo the force

due to external obstacles as well as other real vehicles and
the force coming
from the endo-potential of the speed polar diagram, including marine currents if
present. This way, each real sailboat is linked to a moving reference node in the
reference formation (see Fig. 2.5b) but remains free to locally adapt its motion to
varying wind and current conditions as well as avoiding collision with other vehicles
of the formation (or external obstacles). These forces, as well as the positions of the

Fig. 2.5 Definition of the
reference formation with the
corresponding real vehicles

(a) Reference formation, with its attached
frame R

(b) Reference formation with the
"linked" real vehicles
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Fig. 2.6 Displacement of
the reference formation

reference nodes are computed at each sampling time Ts of the local path planning
algorithms implemented on each vehicle.
The last step is the displacement of the whole reference formation. This displace→

ment is defined by a translation T and a rotation θ of frame R with respect to the
previous position of the frame (see Fig. 2.6).
• The norm of the translation vector can be used to perform a cruise control of
the whole formation and ensures that each vehicle remains in the vicinity of its
corresponding reference node and can be computed, for example, as:
 
→


 T  = Max Vd Ts − K v dist, 0
 
with Vd the desired velocity of the reference formation, dist the mean distance
between the sailboats and their corresponding reference positions and K v a positive
scalar.
The direction of this vector is chosen accordingly to the mission objective: reach a
waypoint, follow the gradient or an isoline of a natural field (computed locally by
the fleet of sailboats). This direction can be computed either directly (for gradient
or isoline following tasks for example) or by using a potential field path planning
algorithm to drive the whole reference formation toward a feasible direction (for
waypoint reaching for example).
• The orientation θ can be set arbitrarily.
For example:
– if θ = 0, the orientation of the reference formation remains constant with respect
to a given fixed frame,
→
−−−−−−−−−→
– if θ is chosen such that (2) S Re f (3) S Re f remains perpendicular to T , the formation
is pointing toward the goal with the first reference vehicle becoming the leader
of the formation.
In order to test this formation control algorithm under varying wind angle and wind
speed, a simulation environment has been designed. This environment is defined by a
constant (mean) value of wind speed and wind angle as well as weather disturbance
areas with a Gaussian distribution around a maximum value (see Fig. 2.7 for an
example).
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(b) Wind angle

Fig. 2.7 Wind field in the area

In the following simulations, the marine current was supposed to be null and the
following simplified kinematic model of the sailboat was used:
⎧
ẋ = u cos(ψ)
⎪
⎪
⎨
ẏ = u sin(ψ)
 


→   →
⎪


⎪

⎩ u = V b  =  P(V w , ψ − φ)
with ψ the boat heading (defined by PF algorithm) and φ the wind angle.
Figure 2.8 shows the simulation result of a mission consisting in reaching a waypoint on [300, 400] m, starting from [100, 100] m. In this case, the fleet is constrained
to stay in a leader-follower formation (for the reference formation, θ is chosen such
−−−−−−−−−→
→
that (2) S Re f (3) S Re f remains perpendicular to T ) and the PF planning is applied to the
leader of the reference formation (origin of the moving frame R). One can notice
that the formation leader (as well as its "linked" real sailboat) is going directly to the
goal while the second vehicle has to perform maneuvers (tacking) due to the local
wind conditions in order to reach the waypoint.
The same control algorithm can be used for adaptive sampling of a natural parameter. In this case, each sailboat is supposed to be able to measure the given parameter
and the hypothesis is also made that, given these measurements at each sample time,
a representative gradient of the field can be estimated. The previous method can be
readily used in this case except that a PF planning algorithm is no more used in order
to compute the direction of motion of the reference formation (direction defined by
→

the T vector). Instead, the gradient of the natural field is directly used to define the
→

direction of T .
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(a) Wind vector

(b) Sailboats trajectories and local wind vector

Fig. 2.8 Waypoint reaching: sailboats and reference formation trajectories

(a) Natural field

(b) Gradient of the natural field

Fig. 2.9 Natural field and gradient of this field

Figure 2.9 shows an example of a natural field build on the basis of a Gaussian
distribution around a central point located at the center of the map.
The mission depicted Fig. 2.10 consists of following the gradient of the natural
field and then, when a given value of the field is reached, following the isoline
contour of the field. One can notice that the sailboats are first moving upwind with
several tacking maneuvers when following the gradient then follow a contour line
at a constant value of the natural field (gradient of the natural field are depicted by
arrows on Fig. 2.10b). In this case, we chose a constant orientation in a fixed frame
for the reference formation (θ = 0).
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(b) Sailboats trajectories and gradient of the
natural field

Fig. 2.10 Gradient then isoline following: wind vector and sailboats trajectories

2.5 Conclusion
This paper proposed a potential field planning method to control a formation of
sailboats that can be used to perform adaptive sampling of a given natural parameter.
The method is based on the definition of a rigid reference formation, with each
sailboat linked to a node of this reference formation through an attractive potential.
The effect of marine currents can be taken into account by modifying the speed
polar diagram of the sailboat, which forms the core of the local planning algorithm.
Several simulations show the effectiveness of the method for missions such that
waypoint reaching, gradient or isoline following of a natural field under spatially
varying wind conditions. This method can easily be implemented in real time on
small embedded computer, provided that a bidirectional communication link exists
between the sailboats for the coordinated motion control and exchange of local
measurements of the natural parameter to build a local estimation of the natural field
gradient.
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