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Abstract

Unmanned sailboats rely on wind and solar energy for long-duration marine missions, yet
their navigation performance is strongly constrained by sail aerodynamics, hull hydrody-
namics, and time-varying wind fields. Due to their underactuated nature and the critical
influence of sailing speed on safety and efficiency, this paper addresses the time-optimal
global path planning problem for unmanned sailboats in complex marine environments. A
customized velocity prediction program (VPP) is developed to accurately estimate sailing
speeds under different true wind angles, explicitly accounting for the drift angle effect.
A time-efficient cost function is constructed and integrated into the Rapidly exploring
Random Tree Star (RRT*) algorithm. To improve computational efficiency, three strategies,
including goal-biased sampling, artificial potential field guidance, and adjacent domain
expansion, are introduced. The proposed hybrid algorithm imposes no restrictions on
path step size or direction, ensuring asymptotic optimality while complying with sail-
boat dynamic constraints. Comparative simulations and validation tests using multiple
VPP datasets demonstrate that the method is feasible, efficient, and widely applicable for
unmanned sailboat navigation.

Keywords: unmanned sailboat; global path planning; improved RRT* algorithm; velocity
prediction program; complex marine environment

1. Introduction
The ocean covers roughly 70% of the Earth’s surface and stands as one of the most

critical natural resources sustaining human society and ecological balance. Despite its
unparalleled vastness and ecological significance, merely 5% of the global marine environ-
ment has been systematically explored and thoroughly studied to date [1,2]. In this context,
marine robotic systems serve an irreplaceable role in advancing large-scale, long-duration
ocean exploration and scientific research initiatives. Conventional marine robots [3] are
predominantly propelled by electric motors or internal combustion engines, yet their oper-
ational endurance and mission range are severely constrained by the inherent limitations
of on-board energy storage devices, hindering their deployment for prolonged open-ocean
missions [4].
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As a specialized category of marine autonomous surface vehicles (ASVs), unmanned
sailboats harness wind energy as their primary propulsion source, with supplementary
power supplied by solar panels and small-scale wind turbines to support long-endurance,
self-sustaining operations [5–9]. Owing to these unique advantages, unmanned sailboats
have been extensively deployed in long-term oceanographic research and maritime surveil-
lance tasks, spanning persistent marine environmental data collection [10–12], marine
mammal population monitoring and behavioral research [13], and coastal harbor security
as well as maritime border patrol operations [14].

Path planning represents a core enabling technology that empowers autonomous
surface vehicles to execute observation, patrol, and diverse operational missions safely,
efficiently and autonomously [15]. Zhou et al. [16] distilled four fundamental questions
to define the path planning problem for unmanned surface vehicles: What is the cur-
rent operational state? What navigable trajectories are available? What is the optimal
target route? How to execute the trajectory tracking effectively? Existing global path
planning methodologies for marine ASVs primarily fall into three categories: heuristic
search algorithms, potential field algorithms, and swarm intelligence optimization algo-
rithms. Heuristic search algorithms include the classical A* algorithm [17], smoothed A*
algorithm [7], and Theta* algorithm [18]; potential field methods encompass the artificial
potential field algorithm [19] and fast marching method [20]; and representative swarm
intelligence techniques include particle swarm optimization [21], genetic algorithms [22],
and ant colony optimization [23].

Unmanned sailboats constitute a highly specialized class of autonomous surface
vehicles whose sailing speed is jointly determined by three core factors: the ambient envi-
ronmental wind field, the inherent hydrodynamic and aerodynamic design characteristics
of the vessel, and the selected sailing heading. When applying the aforementioned general
path planning algorithms to unmanned sailboats, it is imperative to fully incorporate the
unique dynamic constraints and sailing characteristics specific to wind-powered vessels, as
generic algorithms fail to account for these specialized operational attributes.

The speed polar plot [24] provides an intuitive graphical representation of the optimal
sailing speed of a sailboat across varying true wind angles, laying a foundational theoretical
basis for sailboat motion control and targeted path planning. The Velocity Made Good
(VMG) algorithm [25] is a dedicated local path planning method tailored for unmanned
sailboats, enabling efficient and safe navigation toward target waypoints under steady,
uniform wind field conditions. However, traditional sailboat velocity prediction models
commonly neglect the impact of drift angle, which creates a notable discrepancy between
the vessel’s controlled heading and its actual trajectory direction. This oversight can induce
substantial path deviations, and in severe cases, may trap the sailboat in a windward no-sail
zone where forward propulsion is completely infeasible, compromising mission success
and navigational safety.

Saoud developed a sailboat-adapted global path planning algorithm by integrating
the Probabilistic Roadmap (PRM) and Dijkstra algorithms [26], yet this approach requires
individual path segments to be shorter than the grid resolution and only guarantees proba-
bilistic completeness rather than global optimality. The improved A* algorithm proposed
by Langbein [27] and the Q-learning-based method presented by Silva Junior [5] share a crit-
ical common limitation: both generate paths on grid-based maps by restricting each node’s
neighbor set to the eight adjacent grid cells, imposing rigid constraints on path segment
length and feasible directions. Consequently, these methods tend to yield suboptimal local
solutions instead of the true globally optimal path. To mitigate this limitation in complex
marine environments, Shen proposed a hybrid fusion algorithm combining improved adap-
tive ant colony optimization and a rolling window mechanism [3], which demonstrates
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enhanced performance in minimizing total path length. Nevertheless, unmanned sailboats
are anisotropic autonomous platforms, and Du empirically demonstrated that path length
and sailing duration are not always positively correlated [28]. Notably, when sailing up-
wind, reducing the total path length below a critical threshold may trigger a drastic increase
in total voyage time, rendering short-length paths inefficient in practical applications.

Existing path planning methods fail to generate time-optimal trajectories for un-
manned sailboats. Moreover, traditional velocity prediction models ignore the drift angle,
which significantly reduces navigation accuracy and operational safety. To tackle these
critical issues, this work develops a tailored velocity prediction program (VPP) for a pro-
totype unmanned sailboat, explicitly incorporating drift angle effects to enhance motion
prediction accuracy. For complex marine environments with static obstacles and steady
non-uniform wind fields, a time-optimized cost function is formulated and integrated
into the RRT* algorithm to generate minimum-time global paths. The baseline RRT* is
further enhanced via goal-biased sampling, artificial potential field guidance, and adjacent
domain expansion. Unlike grid-based methods, the proposed hybrid algorithm imposes no
restrictions on path step size or direction, achieving asymptotic optimality while satisfying
the sailboat’s dynamic constraints. Comparative simulations with benchmark algorithms
and validations across diverse VPP datasets confirm the method’s feasibility, effectiveness,
and general applicability.

The rest of this paper is organized as follows. Section 2 details the development
and implementation of the drift angle-aware VPP for the sailboat prototype. Section 3
presents the framework of the hybrid improved RRT* for time-optimal global path planning.
Section 4 reports simulation results and comprehensive performance analyses. Finally,
Section 5 concludes the study and outlines future research directions.

2. Performance Prediction of the Sailboat Prototype
2.1. Dynamic Model Construction and VPP Formulation

VPP for sailboats typically involves first confirming the dynamical model of the
sailboat [29,30] and then balancing the forces or moments in each degree of freedom to
achieve the optimal sailing speed for a stable heading [31]. Figure 1 illustrates the technical
approach used in this paper to derive the dynamical model for the rigid-wing unmanned
sailboat. The aerodynamic model of the rigid wing was obtained through aerodynamic
simulation. To determine the hydrodynamic model of the sailboat, we also conducted
parameter identification experiments. To simplify the complexity of velocity prediction,
this paper selects a three-degree-of-freedom model that includes longitudinal, lateral, and
yaw motions, based on a simplified version of the MMG model developed by Masuyama &
Fukasawa [32].

Rigid wing
sailboat design

Parameter identification 
experiment

Rigid wing
aerodynamic simulation

Hydrodynamic parameter 
identification

Rigid wing
aerodynamic model

Rigid-wing sailboat 
dynamic model

 

Figure 1. Technology roadmap for obtaining a dynamic model of a rigid-wing unmanned sailboat.

To formulate the velocity prediction problem, a three-degree-of-freedom dynamic
model is established for the rigid wing unmanned sailboat. The model considers the surge,
sway, and yaw motions in the body-fixed coordinate system. The resultant surge force,
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sway force, and yaw moment are decomposed into the contributions from the hull, rudder,
and rigid wing sail. Based on the physical symmetry of hydrodynamic forces acting on
the hull, the longitudinal force in polynomial hydrodynamic modeling is expanded using
even-order terms due to its symmetry with respect to the positive and negative drift angles.
Conversely, the lateral force and yaw moment exhibit antisymmetric characteristics, as their
directions of action reverse with the drift angle, and are therefore strictly expanded using
odd-order terms. To balance dynamic accuracy with the computational efficiency required
for global path planning, the kinematic and dynamic behaviors of the unmanned sailboat
are simplified to a 3-DOF model (surge, sway, and yaw). This simplification is predicated on
specific operating conditions: the environment is assumed to have moderate wind speeds
(e.g., below 8 m/s, Beaufort scale 4) and relatively calm sea states (Sea State 2 or below).
Under such conditions, the roll (heel) and trim angles are constrained to a small range.
While large roll angles inevitably alter the effective sail area and hydrodynamic coefficients,
restricting the operational envelope allows the 3-DOF model to reliably approximate the
primary motion trajectory without suffering from the state-space explosion associated with
a full 6-DOF model. Furthermore, within a standard hierarchical control architecture, this
3-DOF formulation serves the high-level path planner, whereas the regulation of transient
dynamics, including roll and trim, is delegated to the low-level stabilizing controllers. Based
on the simplified MMG formulation, the dynamic equations can be written as follows:

(1) Surge force equation

Fx = Xu + Xh + Xr + Xs

Xu = −(R f + Rr) = −
(

0.075ρwu2Sw

2(lgRe−2)2 + f (Fr)

)
Xh =

(
Xvv sin2 β + Xvvvv sin4 β

)(
1
2 ρwV2

b LD
)

Xr = Cxδ sin αr sin δr
(
−ρwV2

b LD
)

Xs = CX

(
1
2 ρaV2

awSA

)
(1)

(2) Sway force equation

Fy = Yh + Yr + Ys

Yh =
(
−Yv sin β−Yvvv sin3 β

)( 1
2 ρwV2

b LD
)

Yr = Cyδ sin αr cos δr

(
1
2 ρwV2

b LD
)

Ys = CY

(
1
2 ρaV2

awSA

) (2)

(3) Yaw moment equation

Mz = Mh + Mr + Ms

Mh =
(
−Mv sin β−Mvvv sin3 β

)( 1
2 ρwV2

b L2D
)

Mr = CMδ sin αr cos δr

(
1
2 ρwV2

b L2D
)

Ms = CY
xG

CE√
SA

(
1
2 ρaV2

awS
3
2
A

) (3)

The definitions of the main variables and coefficients in the above equations are
summarized in Table 1.
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Table 1. Definitions of the variables and coefficients in the dynamic model.

Symbol Definition

Fx Resultant surge force acting on the sailboat
Fy Resultant sway force acting on the sailboat
Mz Resultant yaw moment acting on the sailboat
Xu Longitudinal resistance component in the surge direction
Xh Hull hydrodynamic force component in the surge direction
Xr Rudder-induced force component in the surge direction

Xs
Aerodynamic force component generated by the rigid wing sail in the
surge direction

Yh Hull hydrodynamic force component in the sway direction
Yr Rudder-induced force component in the sway direction

Ys
Aerodynamic force component generated by the rigid wing sail in the
sway direction

Mh Hull hydrodynamic moment component in the yaw direction
Mr Rudder-induced moment component in the yaw direction

Ms
Aerodynamic moment component generated by the rigid wing sail in
the yaw direction

R f Frictional resistance of the hull
Rr Residual resistance of the hull
ρw Water density
ρa Air density
u Forward velocity of the sailboat
Vb Boat speed

Vaw Apparent wind speed
L Waterline length of the sailboat
D Draft of the sailboat
Sw Wetted surface area of the hull
SA Reference area of the rigid wing sail
β Drift angle of the sailboat
αr Rudder angle of attack
δr Rudder angle
Re Reynolds number
Fr Froude number

f (Fr)
Fitted function describing the relationship between residual resistance
and Froude number

Xvv Hull hydrodynamic coefficient related to the sway-induced surge force

Xvvvv
Higher-order hull hydrodynamic coefficient related to the sway-induced
surge force

Yv Hull hydrodynamic coefficient related to the sway force
Yvvv Higher-order hull hydrodynamic coefficient related to the sway force
Mv Hull hydrodynamic coefficient related to the yaw moment

Mvvv Higher-order hull hydrodynamic coefficient related to the yaw moment
Cxδ Rudder force coefficient in the surge direction
Cyδ Rudder force coefficient in the sway direction
CMδ Rudder moment coefficient in the yaw direction
CX Aerodynamic force coefficient of the rigid wing sail in the surge direction
CY Aerodynamic force coefficient of the rigid wing sail in the sway direction

xG
CE

Longitudinal coordinate of the center of effort of the rigid wing sail in
the body-fixed coordinate system with the center of gravity as the origin

According to the above formulation, the aerodynamic coefficients of the rigid wing
sail and the hydrodynamic parameters of the sailboat prototype need to be determined
before solving the VPP problem. In this study, the aerodynamic coefficients of the rigid
wing sail are obtained through CFD simulation, while the hydrodynamic coefficients are
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identified from free navigation experiments. A summary of the CFD simulation setup is
presented in Table 2.

Table 2. Summary of CFD Simulation Setup.

Parameter Configuration/Value

Mesh Type Poly-Hexcore Hybrid Grid
Mesh Resolution Approximately 1.5 million units
Domain Configuration Standard wind tunnel (single inlet + single outlet)
Inlet (Inflow) Velocity Inlet (uniform incoming wind speed)
Outlet (Outflow) Pressure Outlet
Wing Sail Surface (Wall) No-slip Wall

Far-field Boundaries Top, bottom, and side boundaries (to eliminate
boundary effects)

Figure 2a displays the three-dimensional model diagram of the rigid wing, while
Figure 2b illustrates the computational fluid dynamic (CFD) simulation environment of
the rigid wing under the given actual wind circumstances. In this simulation, by varying
the angle between the rigid wing and the input true wind, the corresponding lift and drag
coefficients of the sail were obtained. By fitting the resulting functions, we can calculate the
forces and moments under different sail interaction conditions.

Figure 2. (a) Three-dimensional model diagram of the rigid wing. (b) Aerodynamic simulation
environment for rigid wing sail.

The aerodynamic performance of the rigid wing sail was obtained from the CFD
simulation. In the simulation, the lift force was defined as the aerodynamic force perpendic-
ular to the apparent wind direction, while the drag force was defined as the aerodynamic
force along the apparent wind direction. The lift and drag coefficients were calculated by
nondimensionalizing the aerodynamic forces as follows:

Cl =
2 fls

ρaV2
awSA

(4)

Cd =
2 fds

ρaV2
awSA

(5)

where fls and fds denote the lift and drag forces of the rigid wing sail, respectively; Cl and
Cd are the lift and drag coefficients; ρa is the air density; Vaw is the apparent wind speed;
and SA is the reference area of the rigid wing sail. In the CFD simulation, the incoming
wind speed was set to 5 m/s. The obtained aerodynamic forces and coefficients under
different angles of attack are listed in Table 3.
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Table 3. Lift, drag, and aerodynamic coefficients of the rigid wing sail under different angles of attack.

Angle of
Attack (◦)

Wind
Speed (m/s)

Drag Force
Fds (N)

Lift Force
Fls (N)

Drag
Coefficient

Cd

Lift
Coefficient

Cl

0 5 0.828 −0.013 0.0201 0.0000
10 5 2.514 21.797 0.0610 0.5287
20 5 9.323 25.361 0.2261 0.6152
30 5 16.525 27.946 0.4008 0.6779
40 5 24.248 29.000 0.5882 0.7034
50 5 32.181 28.174 0.7806 0.6834
60 5 39.678 24.503 0.9624 0.5944
70 5 45.185 19.009 1.0960 0.4611
80 5 48.650 11.643 1.1801 0.2824
90 5 49.647 3.491 1.2043 0.0847
100 5 48.523 −4.695 1.1770 −0.1139
110 5 45.391 −12.285 1.1010 −0.2980
120 5 40.884 −18.790 0.9917 −0.4558
130 5 36.823 −24.919 0.8932 −0.6044
140 5 33.268 −31.553 0.8070 −0.7654
150 5 15.348 −20.865 0.3723 −0.5061
160 5 9.393 −19.729 0.2278 −0.4786
170 5 3.333 −17.329 0.0808 −0.4203
180 5 1.179 −0.133 0.0286 0.0000

As illustrated in Figure 3a, we conduct free navigation sailing experiments on our
sailboat in a pool situated at coordinates 122.145◦ E, 29.992◦ N. Three forms of sailing com-
prise free sailing: slewing, zigzag, and straight navigation. Figure 3b depicts a schematic
diagram of the free sailing scenario. Based on the data obtained from experiments, we used
parameter identification methods combined with the simplified MMG model to derive the
dynamical model of the sailboat prototype.

  
(a) (b) 

Figure 3. (a) Site for free navigation experiment in satellite map. (b) The rigid-wing unmanned
sailboat was undergoing the parameter identification experiment.

Speed prediction for the sailboat refers to predicting the maximum speed achievable
when sailing towards a fixed heading under the condition of balancing forces and moments
in each degree of freedom. This problem is further abstracted into a complex nonlinear
constrained optimization problem in this paper and solved using a differential evolutionary
algorithm [33]. Figure 4 illustrates the technical roadmap for the velocity prediction of this
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sailboat presented in this paper. Regarding the speed optimization procedure illustrated
in Figure 4, it is crucial to clarify the exact mathematical role of the drift angle (β). In
this framework, β is neither an independent optimization variable that can be freely
assigned nor an experimentally estimated constant. Rather, it is a derived quantity strictly
governed by the physical equilibrium of the sailboat. For a specific wind condition and
desired heading, the aerodynamic and hydrodynamic forces are highly coupled functions
of both the boat speed (V) and the drift angle (β). Therefore, an inner equilibrium loop is
embedded within the optimization procedure. A numerical root-finding algorithm (such
as the Newton-Raphson method) iteratively adjusts both V and β until the net longitudinal
force (surge) and net transverse force (sway) simultaneously converge to zero (∑ Fx = 0 and
∑ Fy = 0). Once this dynamic equilibrium is satisfied, the resulting β represents the steady-
state drift angle, and the corresponding V represents the optimized achievable speed.

Rigid wing sailboat 
dynamic model Set of Vtws and Atws

Complex nonlinear constrained 
optimization problem 

Initialization of vectors

Meet exit conditions

Optimal speed

Derived steady-
state drift angle(β)

Difference-vector
based mutation

Crossover

Selection

Y

N

Corresponding 
control & state

 

Figure 4. The technical roadmap for predicting the speed of the unmanned sailboat.

2.2. Performance Prediction Results of the Sailboat Prototype

Using the above method, we obtained the maximum steady-state speed of the sailboat
at different true wind angles. The speed prediction was conducted under a constant true
wind speed of 10 m/s, with the true wind angle as the input and the optimal speed as
the output. The maximum achievable speed of the sailboat prototype for stable sailing
at different true wind angles is shown by the red curve in Figure 5a. For true wind
angles below 65◦, the results either could not yield positive speeds or could not be solved,
indicating that the no-sail zone of the sailboat is approximately [−65◦, 65◦].
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(a) 

  
(b) (c) 

Figure 5. (a) The speed polar plot of our sailboat prototype. (b) Polar plots of the sail and attack angles
corresponding to the optimal speed. (c) Polar plots of the rudder and drift angles corresponding to
the optimal speed.

Figure 5b,c show the control inputs and attitudes corresponding to the maximum
speed. The variables are defined as follows: δs represents the sail angle, αs represents the
angle of attack, β represents the drift angle, and δr represents the rudder angle. Figure 5b
shows the variations in sail angle and attack angle with the true wind angle. As the true
wind angle increases, both the sail angle and attack angle increase. When the sailboat
is on a direct downwind course, the attack angle reaches 90◦. Figure 5c illustrates the
variations in rudder angle and drift angle with the true wind angle. It can be observed that
as the sailboat approaches the no-sail zone, both the drift angle and rudder angle increase,
indicating that the sailboat becomes more difficult to maintain in a stable state.

3. Improved Hybrid RRT* Algorithm
Sampling-based path planning algorithms are widely employed in robot path planning.

Typical representatives include PRM [34], RRT [35] and RRT* [36–38]. The RRT* algorithm is
characterized by asymptotic optimality: as the number of samples increases, the generated
path asymptotically converges to the optimal path [39].

However, the motion of a sailboat is highly complex, since its propulsion is signif-
icantly affected by wind conditions, sail angles, and potentially sophisticated dynamic
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characteristics. Therefore, accurate motion modeling is essential. In Section 2, we modeled
and analyzed the aerodynamic and hydrodynamic performance of the sailboat prototype
and obtained corresponding speed prediction results. In this section, we construct an appro-
priate cost function and integrate the sailboat motion model into the planning algorithm.

Nevertheless, the standard RRT* algorithm [40] suffers from low computational effi-
ciency in steady non-uniform wind fields [41]. To address this issue, this paper introduces
goal-biased sampling, potential field, and adjacent node strategies to optimize the algo-
rithm. Furthermore, the proposed improved hybrid algorithm imposes no constraints
on the step size or direction of the generated path, and it is a heuristic variant. By intro-
ducing search biases to accelerate convergence, these strategies partially sacrifice strict
theoretical asymptotic optimality in exchange for enhanced computational efficiency in
engineering practice.

3.1. Incorporating Sailboat Dynamical Constraints

In sailboat path planning, path length and sailing time are not always proportional,
owing to the vessel’s unique kinematics and the influence of the environmental wind field.
In some scenarios, the shortest geometric path may lead to a substantial increase in sailing
time. This indicates that taking path length as the only optimization objective is not always
appropriate for sailboat path planning.

In Section 2.2, the maximum stable sailing speeds at different true wind angles were
obtained using a velocity prediction program, together with the corresponding control
inputs (sail angle and rudder angle) and attitude (drift angle). A suitable cost function
aimed at minimizing sailing time was constructed, and the velocity prediction results
were integrated into the algorithm. The improved hybrid algorithm accounts for both
the kinematic constraints of the sailboat and the effects of wind (wind direction and
wind speed).

Global path planning aims to find the optimal path from the start point to the target
point in a known, static environmental model. In practical applications, the static obstacle
information required by the planner can be acquired and updated using onboard perception
sensors. For example, obstacle detection based on the fusion of 2D LiDAR and depth camera
has been investigated for intelligent robots, which provides a feasible perception solution
for obtaining obstacle information in real environments [42]. For unmanned sailboats, the
global wind field can be acquired and updated via meteorological forecasting systems. We
assume that the forecast wind field is constant within a given period and marine area and
that the sailboat operates in a steady non-uniform wind field. The proposed algorithm
does not impose constraints on path length or direction, which requires evaluating paths
that traverse multiple wind regions. In this paper, when estimating the travel time of path
segments covering multiple grids, an approximate method is adopted by accumulating the
sailing times of the sub-paths within each grid.

CT =
n

∑
i=1

CTi =
n

∑
i=1

k
len(i)
Vi

boat
(6)

Vi
boat = VPP

(
Vi

TW , Ai
TW

)
=

Vi
TW

Vre f
TW

VPP
(

Vre f
TW , Ai

TW

)
(7)

where CT is the time cost of the path, k is the resolution of the raster map, len is the
length of the path, and Vboat is the speed of the sailboat, which is obtained through the
VPP. VTW is the actual speed of the wind, and the true wind angle ATW is defined as the
angle between the wind direction and the heading. The superscript i is the identification
of the sub-path, and the superscript ref is the identification of the reference value; for
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example, Vref
TW is the reference value of the true wind speed, and in this paper, Vref

TW is taken
as ten m/s. It should be noted that the proposed cost function primarily focuses on the
steady-state kinematics to evaluate global path efficiency. While transient maneuvering
dynamics—such as yaw inertia and speed loss during tacking or jibing—are critical for
micro-level control, they are temporarily abstracted in this high-level global planner to
maintain computational efficiency.

When using speed polar plots, approximating the sailing speed through rounding can
introduce errors if the true wind speed differs from the preset true wind speed. Preparing
numerous sets of speed polar plots in advance can also be quite labor-intensive. Stelzer &
Pröll normalized the speed polar plots and then multiplied them by the true wind speed to
describe the sailing speed under any true wind speed, achieving good results. Therefore,
this paper adopts a similar normalization approach [9].

Considering the motion characteristics of the sailboat, the no-sail zone is treated as an
obstacle. Thus, collision detection can be represented as:

CT = inf i f

{
∃Ai

TW ∈ DeadZone
∃seg.len(j) ∩Obstacle ̸= ∅

(8)

Algorithm 1 outlines the execution of the cost function. The algorithm requires two
nodes, wind field information mapped into a grid, and speed polar plot data as inputs. The
output of the algorithm is the time it takes to travel between the two places along the path.

Algorithm 1 computeCost function

1: Input n1, n2, Wind, VPP
2: Output timeCost
3: pathAngle← atan(n1, n2)
4: pathSegs← pathSeg(n1, n2)
5: for i = 1 to length(pathSegs) do
6: segLeni ← pathSegs.length
7: Atwi ← computeAtw(pathAngle, pathSegs(i), Wind)
8: Vboat

i ← VPP(Vtw
i, Atwi)

9: timeCost← timeCost + segLeni/Vboat
i

10: end for

3.2. Algorithm Optimization

In stable, non-uniform wind fields, considering the kinematic characteristics of the
sailboat can lead to lower computational efficiency of the algorithm. To accelerate the
search process, this paper introduces goal bias for sampling point selection, uses a potential
field to determine new nodes, and employs an adjacent field to identify adjacent nodes for
the new nodes.

During the sampling process, a certain probability is used to either directly generate
the goal point or increase the sampling frequency around the goal point to expedite the
expansion of the tree towards the target area. First, the algorithm sets a bias probability
threshold pend ∈ (0, 1). Before sampling, the algorithm generates a random value p
between 0 and 1. If p < pend, the algorithm either sets the goal point as the sampling point
or samples around the goal point. Otherwise, the algorithm performs random sampling on
the global map.

In determining new nodes, the algorithm introduces attractive and repulsive potential
fields to guide the expansion of the tree, optimize path quality, and improve the efficiency
of path planning. The core idea is that the goal point exerts an attractive force, Fatt, on the
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new node, while obstacles exert a repulsive force, Frep, on it. As shown in Figure 6, the
sampling point sample generates the random direction vector step based on the step size.
When generating the new node, the goal point end exerts an attractive force vector, Fatt,
while the obstacle exerts a repulsive force vector, Frep. The combined vector Ftotal alters the
growth direction of the new node, causing it to deviate from the direction of the sampling
point sample towards the new node.

End
Obstacle Sample

Near

Start 

Frep

Fatt

New

Step
Ftotal

Figure 6. Guiding the construction of new nodes through the introduction of attractive and repulsive
forces.

This method not only guides the path toward the endpoint but also avoids collisions
with obstacles. The attractive force Fatt and repulsive force Frep can be expressed as:

Fatt(x) = katt
(xend − xnear)

∥xend − xnear∥
(9)

dx = xnear − xobs (10)

Frep(x) =

{
krep(

1
∥dx∥ −

1
d0
) 1
∥dx∥2

dx
∥dx∥ , if ∥dx∥ ≤ d0

0 , if ∥dx∥ > d0
(11)

where katt is the gain constant for the attractive force, xend is the coordinates of the goal
point, xnear is the node closest to the new node, (xend − xnear) is the vector from xnear

to xend, and ∥xend − xnear∥ is the Euclidean distance between xnear and xend. krep is the
gain constant for the repulsive force, xobs is the coordinates of the geometric center of the
obstacle, dx is the vector from xobs to xnear, ∥dx∥ is the Euclidean distance between xobs and
xnear, and d0 is the influence range of the obstacle.

In searching for neighboring nodes, the traditional RRT* algorithm exhaustively eval-
uates the cost of all nodes to the new node. In stable non-uniform wind fields, considering
the sailboat kinematic constraints leads to lower computational efficiency. This paper
adopts an adjacent field approach, simplifying the complex cost calculation process into a
straightforward positional judgment. After normalizing the speed polar plot, the sailing
speed is Vb. The radius of the neighboring domain is the product of the predicted sailing
speed and the time threshold. As shown in Figure 7, the blue pie chart represents the
normalized speed polar plot, and the gray area denotes the neighboring domain of node
new. All tree nodes within this neighboring domain are considered neighboring nodes
to new.
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Vb

Wind

Start

End

Obstacle

New

N1

N2

N3

AdjacentField

Figure 7. Finding neighboring nodes through the neighboring domain.

In summary, the unmanned sailboat path planning algorithm based on velocity pre-
diction and hybrid RRT* is shown in Algorithm 2. The global marine environment is
known, and the wind field is a stable, non-uniform field obtained from meteorological
forecasting systems. We perform velocity prediction on the sailboat prototype in advance
and normalize the speed polar plot. In Algorithm 2, the algorithm sets the bias probability
pgoal to obtain the sampling point nsample. The function apfSteer uses attractive and repul-
sive forces to guide the expansion of the new node nnew. The function adjField uses the
neighboring domain to find neighboring nodes nnear and the closest node nmin. The func-
tion chooseParent reassigns the parent node for the new node. The function insertNode
integrates the new node nnew into the tree T. The function rewire performs re-wiring of the
tree T. The algorithm ultimately produces a set of path points from the start node nstart to
the goal node ngoal.

Algorithm 2 VPP RRT* improved algorithm

Input: Map, Wind, VPP, nstart, ngoal

Output: A set of path points from nstart to ngoal

T← Initialize Tree()
for k = 1 to N do

if p < pgoal then
nsample ← ngoal

else
nsample ← sample(Map)

end if
nnew ← apfSteer(T, Map, nsample)
nmin, nnear ← adjField(T, nnew, AdF, Wind, VPP)
nparent ← chooseParent(T, nnear, nmin, nnew, Map, Wind, VPP)
T← insertNode(nparent, nnew, T, Wind, VPP)
T← rewire(T, nnear, Map, Wind, VPP)

end for
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4. Simulation Results and Analysis
To verify whether the improved hybrid RRT* algorithm can generate feasible and effec-

tive global paths for unmanned sailboats, extensive simulation experiments are carried out
in this section. The experiments are divided into three parts. First, the proposed algorithm
is compared and analyzed with other representative algorithms. Second, path planning is
performed using different velocity prediction results to evaluate the applicability of the
algorithm. Finally, the improved algorithm is implemented on electronic nautical charts
and tested in a stable non-uniform wind field environment. To apply the proposed path
planning algorithm to real-world marine scenarios, continuous spatial data from Electronic
Navigational Charts (ENCs, e.g., standard S-57 format) must be transformed into a discrete
2D environment map. The transformation pipeline consists of four main steps. First,
relevant vector features, including coastlines, depth contours, and isolated obstacles, are
extracted from the ENC database. Second, a safety depth threshold is established based
on the draft of the unmanned sailboat and a predefined safety margin. Areas with water
depths shallower than this threshold are categorized as unnavigable regions. Third, the
continuous geographic coordinates are projected into a local Cartesian system and raster-
ized into a discrete binary matrix, where free navigable spaces are encoded as 0 and static
obstacles as 1. Finally, to simplify the collision-checking process during path optimization,
the concept of Configuration Space is applied: all obstacle boundaries are inflated by a
geometric radius equivalent to the sailboat’s dimensions. The resulting inflated binary grid
serves as the direct environmental input for the proposed VPP-based routing algorithm.

4.1. Comparison with Other Algorithms

To verify the feasibility and effectiveness of the improved algorithm for unmanned sail-
boats in searching for paths from the start point to the goal point, this section compares the
improved hybrid RRT* algorithm with the classic RRT*, the improved APF RRT* algorithm,
and the improved VPP RRT* algorithm through comparative simulation experiments. To
control variables, the parameters of the algorithms were standardized. The simulation area
is 100 × 100. The wind field is stable and uniform, with a wind speed set at ten m/s, as
shown in Figure 8. The starting point is (1, 99), marked in green, and the goal point is
(99, 1), marked in red. The step size is set to 3, and the threshold is set to 10. The algorithm
terminates the search as soon as a node falls within the threshold range of the goal point. It
should be noted that the 100 × 100 rectangular simulation area utilized in this section does
not represent a genuinely confined micro-sea area in the real world. Instead, it is designed
as a dimensionless benchmark grid (or a scaled canonical environment). The primary
objective of conducting comparative experiments in this standardized grid is to temporar-
ily isolate the algorithm from the morphological complexities of real-world geographical
data. This allows for a pure and rigorous verification of the algorithm’s fundamental
logic and baseline performance—specifically regarding obstacle avoidance effectiveness,
path smoothness, and solving convergence—within a controlled setting. Following the
validation of these core mechanisms, real-world Electronic Navigational Chart (ENC) data
are subsequently introduced to evaluate the algorithm’s practical applicability.
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(a) (b) 

(c) (d) 

wind wind 

wind wind 

Figure 8. (a) Result of classic RRT*. (b) Result of improved APF RRT* algorithm. (c) Result of
improved VPP RRT* algorithm. (d) Result of improved hybrid RRT* algorithm.

Figure 8a shows the simulation result for the classic RRT* algorithm. The blue dots
represent the nodes of the search random tree, and the red line indicates the final path
generated by the algorithm. Due to the kinematic constraints of the sailboat, it is unable to
travel within its upwind no-sail zone. Additionally, it can be observed that in the classic
RRT* algorithm, the nodes are randomly generated during the search, with no heuristic
information guiding the growth of the random tree. Figure 8b shows the simulation result
for the improved VPP RRT* algorithm. In this study, velocity prediction is used for the
first time to enhance the RRT* algorithm. For convenience in the simulation experiments,
we used velocity prediction results from an open-source project available on GitHub
(Ggruszczynski, 2018, https://github.com/ggruszczynski/VPP (accessed on 27 May 2026)).
It can be seen that the path found by this method is zigzagged, avoiding the no-sail zone of
the sailboat. However, the search random tree expands randomly within the global space,
and the direction of node expansion often deviates from the direction of the goal point.
Figure 8c shows the simulation result for the improved APF RRT algorithm. In this study,
the RRT algorithm was enhanced using the concepts of goal bias and potential field. The
goal bias probability threshold was set to 0.3, the attraction gain constant katt was set to 3,
and the repulsion gain constant krep was set to 2. It can be seen that this method effectively
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avoids ineffective searches far from the target area, allowing the random tree to expand
towards the goal point more purposefully. Compared to the basic RRT* algorithm, this
method significantly reduces the number of iterations and generated nodes. However, due
to the constraints of the sailboat dynamics, there is still a considerable risk associated with
navigating along the found path. Figure 8d shows the simulation result for the improved
hybrid RRT* algorithm. It can be observed that this method finds a zigzag path that takes
into account the no-sail zone of the sailboat. Additionally, by incorporating a series of
optimization techniques, the search area was reduced compared to the improved VPP RRT
algorithm. With global information available, the hybrid algorithm effectively balances the
feasibility and effectiveness of global path planning for the unmanned sailboat.

Under the condition of uniform algorithm parameters, this section conducted 50 sim-
ulations each for the classic RRT* algorithm, the improved APF RRT* algorithm, the
improved VPP RRT* algorithm, and the improved hybrid RRT* algorithm in both down-
wind and upwind environments. The comparison of average iterations, average search
time, and average time cost is shown in Figure 9. Detailed data comparisons for both
upwind and downwind conditions are provided in Tables 4 and 5. The improved hybrid
RRT* algorithm trades a negligible amount of sailing time optimality for a significant
enhancement in computational efficiency, which is crucial for real-time online planning. It
is worth noting that in upwind conditions, due to the dynamic constraints of the sailboat,
the sailboat is virtually unable to navigate the paths planned by the classic RRT* algorithm
and the improved APF RRT* algorithm. In the 50 simulations conducted in this section,
the sailboat could not navigate any of the paths generated by the classic RRT* algorithm
and the improved APF RRT* algorithm. In downwind conditions, the sailboat is generally
able to navigate the paths planned by the improved APF RRT* algorithm. This could
be attributed to the guiding effects of the goal bias and potential field on the algorithm.
However, due to the high randomness of the classic RRT* algorithm, there is still a 24%
chance that the sailboat will enter the no-sail zone in the 50 simulations conducted in this
section. The path time cost of the improved hybrid RRT* algorithm is approximately 72%
of that of the basic RRT* algorithm. Considering all the experimental results, the average
search time of the improved hybrid RRT* algorithm is about 40% of that of the improved
VPP RRT* algorithm.

Figure 9. Data comparison from the simulation experiments (In upwind conditions, the time cost
for the classic RRT algorithm and the improved APF RRT algorithm is inf; in downwind conditions,
when calculating the average time cost for the classic RRT* algorithm, experimental results where the
time cost is inf are not considered).
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Table 4. Comparison of simulation data in upwind conditions.

Upwind Average
Time Cost

Average
Iterations

Average
Search Time Feasibility

Improved VPP
RRT* algorithm 27.75 500.82 66.76 1

APF RRT* algorithm inf 511.60 34.05 0
VPP RRT*
algorithm 27.15 885.36 154.71 1

Basic RRT*
algorithm inf 981.86 74.83 0

Table 5. Comparison of simulation data in downwind conditions.

Downwind Average
Time Cost

Average
Iterations

Average
Search Time Feasibility

Improved VPP
RRT* algorithm 15.66 413.14 45.35 1

APF RRT* algorithm 20.10 476.86 31.23 1
VPP RRT*
algorithm 15.49 856.80 125.30 1

Basic RRT*
algorithm 21.90 957.38 62.91 0.76

After incorporating speed prediction into the RRT* algorithm, the path cost within
the sailboat no-sail zone increases significantly. Nodes tend to avoid searching within the
no-sail zone, which contributes to the safe navigation of the sailboat in upwind conditions.
With the introduction of goal bias, potential field, and adjacent field, the random tree
is directed to grow towards the goal point, reducing the search in invalid spaces. This
significantly enhances the computational efficiency of the algorithm.

4.2. Comparison with Other Speed Prediction Results

To verify the broader applicability of the improved hybrid RRT* algorithm, this
section compares and analyzes different speed prediction results for various sailboats.
The simulation environment is a 30 × 30 grid. The starting point is at (13, 29), and the
destination is at (13, 1). The wind field is uniform, with a speed of 10 m/s, and the wind
direction is shown in Figure 10b. The positions and sizes of obstacles are known.

Figure 10a illustrates the speed polar plots used in the improved hybrid algorithm.
The blue curve represents the speed polar plot for our prototype sailboat, while the red
curve represents the speed polar plot for the sailboat used in Section 4.1. The red curve has
a smaller no-sail zone in the upwind direction. As shown by the red path in Figure 10b, the
proposed algorithm effectively avoids the no-sail zone and static obstacles in the path it
plans. In Figure 10b, the blue path shows a zigzag pattern both globally and locally. This
is reasonable because the speed polar plot used has a larger no-sail zone in the upwind
direction. When the upwind no-go zone of the sailboat increases, the sailboat needs to
make more turns to navigate safely in upwind conditions.

It is worth noting that the no-sail zone in the speed polar plot of our prototype is
[−65◦, 65◦], which exceeds the range of [−45◦, 45◦]. In the basic A* algorithm, each sub-
nodes of the grid cell are located at the centers of the cells directly above, above-right, right,
below-right, below, below-left, left, and above-left, as shown in Figure 11a. In the north
wind environment depicted, the sailboat no-sail zone includes sub-nodes at 225◦, 270◦, and
315◦. These three nodes are prohibited from being reached. In the environment shown
in Figure 11b, where the goal is located to the north of the starting point, an algorithm

https://doi.org/10.3390/jmse14141308

https://doi.org/10.3390/jmse14141308


J. Mar. Sci. Eng. 2026, 14, 1308 18 of 21

that restricts step length and direction may not plan a feasible path for the sailboat, as
the three nodes in the northern direction are prohibited from being reached. In practice,
the size of the green area in Figure 11a represents the capability of a sailboat for upwind
sailing. Theoretically, as long as the sailboat no-sail zone does not exceed [−90◦, 90◦], the
sailboat should be capable of upwind sailing. As shown by the blue path in Figure 10b,
the improved hybrid RRT* algorithm can better utilize the upwind sailing capabilities of a
sailboat, demonstrating a broader applicability.
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Figure 10. Data comparison from the simulation experiments (In upwind conditions, the time cost
for the classic RRT algorithm and the improved APF RRT algorithm is inf; in downwind conditions,
when calculating the average time cost for the classic RRT* algorithm, experimental results where
the time cost is inf are not considered). Comparison of simulation results: (a) speed polar plots
used in the improved hybrid algorithm; (b) planned paths obtained using the corresponding speed
polar plots.

 
(a) (b) 

Figure 11. (a) The no-sail zone of the sailboat is [−65◦, 65◦], and path points located in the no-sail zone
are forbidden to be reached. (b) The sailboat cannot travel from the start to the goal in a completely
northerly wind environment, as all north-facing path directions are prohibited.
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5. Conclusions
This study addresses the time-optimal global path planning problem for unmanned

sailboats in complex marine environments. A velocity prediction program (VPP) is de-
veloped that explicitly accounts for drift angle effects, and the corresponding speed polar
diagram for the sailboat prototype is established. A time-efficient cost function is for-
mulated to integrate the VPP into the RRT* algorithm, which is further enhanced via
goal-biased sampling, artificial potential field guidance, and adjacent domain expansion.

Comparative simulations in Section 4.1 show that the proposed hybrid RRT* reduces
travel time to approximately 72% of that achieved by the conventional RRT*. Additional
validations are performed using different sailboat velocity prediction datasets, and the
algorithm is further tested on electronic nautical charts under steady non-uniform wind
fields. Results confirm that the hybrid algorithm outperforms existing methods in finding
feasible, time-efficient paths with broad applicability in known marine environments.

Future work will focus on developing a local path planner that incorporates the
sailboat’s precise turning radius. Integrating the global and local planners will enable
deployment on a rigid-wing unmanned sailboat, supporting long-endurance, long-range
maritime surveillance missions.
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