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Abstract: Ship path planning is the core problem of autonomous driving of smart ships and the
basis for avoiding obstacles and other ships reasonably. To achieve this goal, this study improved
the traditional A* algorithm to propose a new method for ship collision avoidance path planning by
combining the multi-target point artificial potential field algorithm (MPAPF). The global planning
path was smoothed and segmented into multi-target sequence points with the help of an improved A*
algorithm and fewer turning nodes. The improved APF algorithm was used to plan the path of multi-
target points locally, and the ship motion constraints were considered to generate a path that was
more in line with the ship kinematics. In addition, this method also considered the collision avoidance
situation when ships meet, carried out collision avoidance operations according to the International
Regulations for Preventing Collisions at Sea (COLREGsS), and introduced the collision risk index (CRI)
to evaluate the collision risk and obtain a safe and reliable path. Through the simulation of a static
environment and ship encounter, the experimental results show that the proposed method not only
has good performance in a static environment but can also generate a safe path to avoid collision in
more complex encounter scenarios.

Keywords: ship trajectory planning; improved A* model; multi-target point artificial potential field
model; smart shipping; maritime traffic safety

1. Introduction

Big data and artificial intelligence have driven the development of smart autonomous
ships, which are expected to dominate future maritime transportation. The safety of
ship navigation has become the primary concern. Ship navigation accidents can result in
significant loss of life and property of both the ship and crew [1]. According to a survey,
over 75% of accidents are caused by human decision-making, and the use of autonomous
navigation on intelligent ships has partially alleviated losses. One of the primary research
directions is to avoid ship collisions, which is one of the urgent problems for intelligent
ships. There are three steps in the process of ship collision avoidance (CA): obstacle
detection, CA decision-making, and CA action. The detection of obstacles by radar, AIS,
and other navigation aids is crucial for ships to make collision avoidance decisions [2].
International regulations for preventing collisions at sea (COLREGs) contain precise advice
on how to avoid ship collisions in various encounter scenarios. It is a challenge for ships to
avoid collision when considering COLREGs and ship kinematics, particularly in complex
encounter scenes.

Many scholars have proposed a variety of path planning algorithms for avoiding ship
collisions [3,4]. The effects of these methods vary depending on the driving environment.
Meta-heuristic optimization algorithms, such as genetic algorithms, have been proposed by
various studies to optimize the shortest time or shortest distance path [5]. Machmudah, A.
improved path efficiency by optimizing the UAV turning mechanism; this provided a great
reference for ship heading optimization [6]. The simulated annealing algorithm and the
multi-objective optimization algorithm have also been applied to ship path planning [7,8].
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Graph search is a dynamic path-planning method that is based on environment mod-
eling. This method plans the path by rasterizing the navigation environment image and
combining it with the corresponding algorithm. The Dijkstra algorithm and A* algorithm
are widely used. The Dijkstra algorithm [9] combines the concepts of breadth search al-
gorithms (BFS) and greedy strategies to calculate the lowest cost path from the source
node to the destination during operation. Padhy used the Dijkstra algorithm to solve the
route optimization problem and achieved success; the application of this algorithm in
route optimization has been the main focus of researchers since then [10]. The A* algo-
rithm [11-13] combined with the heuristic function of the Dijkstra algorithm results in the
optimal path by calculating the cost of the route to reach the target. Lan proposed a ship
path-planning algorithm fusing the A-star and ant colony algorithms, which solved the
problems of slow convergence speeds and long search times [14,15]. Singh et al. proposed
a new A* algorithm, which takes into collision risk and driving rules, to find an optimal
and safest path [16]. He et al. proposed a collision avoidance algorithm that is dynamic
and can still be effective in complex multi-ship encounter scenes [17]. Donggyun Kim
proposed a Samsung Autonomous Ship (SAS) collision avoidance system that can visualize
the best route searched and reflect the relevant parameters of consumers in real time [18].
Hyeong-Tak Lee et al. proposed a new method to obtain the shortest navigation distance in
the navigable area by taking automatic identification system data into consideration [19-21].
One of its disadvantages is that it perhaps lapses into local minimization so that it cannot
obtain the correct results. In addition, there are heuristic algorithms for swarm intelligence,
including the ant colony algorithm, particle swarm algorithm (PSO), and grey wolf algo-
rithm. The optimal path is achieved by genetic algorithms by solving the optimal solution
using the phenomenon of chromosome crossover and mutation. PSO simulates the foraging
behavior of birds in nature and obtains the optimal result through the evolution process
of the whole particle swarm from disorder to order in the solving space [22,23]. The PSO
algorithm has fast convergence and simple convergence. Despite the application of these
methods in ship route planning, there have always been problems with search speed and
local optimization. Therefore, various algorithms have been improved and combinations
of different algorithms have been developed to solve the defects of a single algorithm.

The artificial potential field algorithm (APF) is a popular algorithm in path planning
because of its small amount of calculation, ease of understanding, and flexibility. Lyu and
Yin proposed a vector environment information model to obtain a safe shortest path by
using the repulsion from different obstacles during navigation [24]. However, this method
does not solve the defect whereby the traditional APF method falls into the local optimum.
Lazarowska proposed the discrete APF to optimize a ship’s risk-free trajectory, which
greatly improves the safety of ship navigation [25]. Farhad proposed a route optimization
method based on the electrostatic potential field (EPF), which uses the high potential
value generated by the electrostatic field to prevent the vehicle from falling into the local
optimum [26]. Therefore, some scholars have proposed a hybrid algorithm combining APF
with other algorithms [27], fully utilizing the advantages and disadvantages of different
algorithms. Artificial potential field theory was introduced to collision avoidance systems
by Mousazadeh and others, resulting in a solution to the optimization problem concerning
collision prevention [28]. There has been rapid development of random trees (RRT) [29-31]
and deep reinforcement learning algorithms [32-35]. They are also used to obtain better
ship trajectories.

In previous studies, rasterization or binarization thresholds are usually used to process
electronic charts and environmental images and then intelligent algorithms are used to
plan paths on the unitized map. In order to obtain the best results, the previous methods
analyze the optimized results repeatedly, which makes it easy to fall into the local cycle
and increases the calculation time cost.

In view of the above shortcomings, this paper makes the following contributions:
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(1) Inthis paper, a new A*path planning algorithm is proposed, which considers the con-
straints of ship motion, improves the traditional A*algorithm, eliminates redundant
nodes, and smoothes the path.

(2) Considering the phenomenon that the APF algorithm can easily fall into local loops,
an artificial potential field multi-target points (MPAPF) approach is proposed. The
global path derived by the A* algorithm is divided into multi-target points, and
MPAPF is used to optimize each target point locally to obtain an optimal path.

(3) Inroute planning, the collision risk factor (CRI) is introduced, and, under the rules
proposed by the International Maritime Organization (IMO), the CRI value of each
segment is continuously calculated to ensure that a safe, economical, and reliable
route is found.

The structure of the rest of this paper is as follows: In the second part, the ship motion
planning model is established and ship motion planning is considered. Then, in Section 2.2,
the ship path-planning algorithm is introduced, namely, the improved A* algorithm and
the multi-objective artificial market algorithm. In the third part, the simulation experiments
of ship collision avoidance path planning are carried out in two scenarios of static sea area
and ship encounter and compared with the traditional A* algorithm, and the effectiveness
and reliability of the method are verified. Finally, the work conducted in this study is
summarized and prospects are discussed.

2. Methods
2.1. Ship Motion Model

The motion model of a ship is a very complex, nonlinear problem. Due to the diverse
influence of hydrodynamic forces and environments, a ship’s power system is considerably
different from conventional linear systems like vehicles and ground robots. It is not possible
to disregard the motion characteristics of ships for collision avoidance. We established a
ship motion model as shown in Figure 1, with O-XYZ as the inertial coordinate system
and o-xyz as the appendage coordinate system (ship motion coordinate system). When
describing the motion of ships on water, a six-degree-of-freedom motion is commonly used
to describe it, which includes sway, surge, heave, pitch, roll, and yaw. The efficiency of ship
trajectory planning was considered in this study by considering three degrees of freedom
motions: pitch, roll, and yaw. The definition symbols are shown in Table 1.

Z
Y
(@]
y
X o
X
z
Figure 1. Coordinate of ship motion.
Table 1. Symbol definitions.
Freedom Force and Linearity/Angular Position/Attitude
Momentum Velocity Angle
Surge X u X
Sway Y v y

Yaw N r P
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In this study, the unified hydrodynamic model was used to establish the motion model
of the vehicle, which could be expressed by Equations (1) and (2):

n=J) v ey
Mo+ C(v)v+D@0)v =T+ T ()

where v = [u, 0, r]T represents the vector matrix of heave, pitch, and roll motions of the
ship and 77 = [x,y,¢]" is the position (x,y) and attitude matrix of the ship. The driving
force matrix T = [1,, T, Tr]T and external disturbance 7, = [Ty, Teo, Tgr}T. J() is the
transformation matrix between the inertial coordinate system and the body coordinate
system, M is the inertia matrix, C is a skew-symmetric matrix, and D is a linear damping
matrix, and its parameters are defined as in Equations (3)—(6):

cosyp —siny 0
J(p) = |siny cosyp O 3)
0 0 1
m—X, 0 0
0 mXg—Y, L-N,
0 0 —(m—=Y,)v— (mXg —Y;)r
C= 0 0 (m—X,)u )
(m—=Y,)o+ (mXe =Y, )r —(m—X;)u 0
Xu 0 0
D=0 -Y, -Y (6)
0 —Ny —N,

In addition, considering the flexibility of ship movement and navigation efficiency,
certain constraints were imposed on the ship’s maneuverability, namely, Equation (7):

U < Umax, |7| < Tmax (7)

where 1max represents the maximum surge Velocity and 7max represents the maximum yaw
speed of the ship.

2.2. Ship Path Planning Algorithm

The path-planning algorithm proposed in this paper is mainly composed of two parts:
using the improved A* algorithm to plan the global path and generate an optimal path. To
plan the local path, the multi-target point artificial potential field method (MPAPF) was
utilized and the maneuvering motion model was considered. Finally, a safe and efficient
path was obtained.

2.2.1. Improved A* Global Path Optimization Algorithm

As a classic and popular heuristic search algorithm, the A* algorithm is widely used
to find the shortest path in a unit graph. Before the A* algorithm is implemented, the ENC
is converted into a bitmap of cells. The attribute of each cell determines whether there are
obstacles, with a = 0 indicating that there are no obstacles and a = 1 indicating that there are
obstacles. When the starting and ending points are identified, the A* algorithm will locate
the most efficient route by utilizing the heuristic method of finding adjacent zero-value
cells and Euclidean distance. Specifically, A* algorithm chooses the path that minimizes
these by calculating the cost value F, as shown in Equation (8):

F(n) = g(n) +h(n) ®)
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where F(n) is the cost value of the n th cell, g(n) represents the path length from the starting

point to the n-th cell, and h(n) = \/ (nj — pi)* + (nj— pj)z is the heuristic distance from
the n-th cell to the destination point p.

Although the traditional A* algorithm can generate the shortest global path, it does
not guarantee vehicle safety or take into account turning costs and path redundancies.
Therefore, an improvement was made.

(a) Adding the turning cost p to the cost function could reduce the number of turns of
the ship, thereby improving the efficiency and safety of the ship, as shown in Equation (9):

F(n) = g(n) +h(n) +p )

(b) By constraining the search distance and path length, the search range could be
narrowed and the search time could be reduced, as shown in Equation (10):

max (10)

where A and k are scale factors.

2.2.2. Hybrid Improved A* and Multi-Target Point Artificial Potential Field Algorithm

The APF has the characteristics of strong computational power, ease of understanding,
and strong robustness in solving the local path-planning problem of ships. This paper
proposes a multi-target point artificial potential field algorithm (MPAPF) that is combined
with the improved A* algorithm to deal with the phenomenon of A* algorithm’s tendency
to fall into the regional air circulation. In addition, the A* algorithm can address the
problem of the APF algorithm’s weak global search capability.

When the traditional APF carries out path planning, when the target point and the
obstacle are in a straight line, the repulsion force is greater than the target gravity, which
will cause the ship to be unable to reach the target point through the obstacle. When the
ship sails to a certain area, when the repulsion and gravity are equal, the resultant force is
zero, which may cause the algorithm to fall into the local optimal value and cause the ship
to stop traveling.

Considering the shortcomings of traditional APF algorithms, the following improve-
ments were made:

(a) The traditional vector calculation method was modified to the potential energy
calculation method and the effect boundary value R of the gravitational field function was
set. When the relative distance between the ship and the target position G < R, the value
of the gravitational field was proportional to the k-th power of G; when G > R, the value
of the gravitational field was proportional to G, thus reducing the influence range of the
gravitational potential field [36]. The specific equation is shown in Equations (11)—(13):

Ui=U, - U, 11)
1 k
_ jﬂCG,GSR
Us {R-tx~G,G>R (12)
1 k
U =r(= 13
r r (O) ( )

where U, is the gravitational field, U, is the repulsive field, and Uy is the total field. G is the
distance from the current point to the goal point, O is the distance from the current position
to the obstacle, and « and r are the proportional factors of the gravitational potential field
and the repulsive potential field, respectively, both of which are greater than zero, and
k = 2.5 is the index of the calculated field.

(b) The route achieved by the A* algorithm was divided into multi-target points, which
were sub-target points of the APF algorithm, and the ship’s motion model was taken into
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account. The ship’s speed was nearly zero when it fell into a local minimum. At this time,
the sub-target point sequence found the next point as the current target point to continue
to run; this ensured that when the program fell into the local optimum, the current point
was skipped to find the optimal solution, greatly improving the fluency and rapidity of the
algorithm. A flow chart of the ship path-planning method proposed in this paper is shown

in Figure 2.
Input environment Input OS
mformatlon information
Start point
Target point
Static obstacles

TS information

v

Ship navigation

environment model Ship kinematic model
,,,,,,,,,,,,,,,,,,, O
. 25— -
Improved A* global path planning
algorithm
CRI collision

v

risk assessment

% Gets the path point sequence of the
3 global path

| |
v

Local path optimization based on
MPAPF for collision avoidance

Figure 2. Process of the proposed ship path-planning method.

3. Experiments
3.1. Static Sea Environment Path Planning

To verify the effectiveness of the method, this study selected the Bohai Bay and Aegean
coral islands areas as experimental planning areas for simulation, respectively. First, the
improved A* algorithm was used to obtain the global planning route and then the MPAPF
algorithm was used to plan the local route, taking into account the ship motion constraint
model, and, finally, a safe and efficient route was obtained.

To grid the satellite image, it was converted into a greyscale image, and each pixel
represented a grid. Figures 3 and 4 show the satellite map (a), grey image (b), and image
(c) transformed into the unit grid of the offshore waters of China and the Aegean islands
area, respectively. Figure 3c has 687 x 630 pixels, the length of each pixel is about 1710 m,
and the width is about 1500 m. Figure 4c has 687 x 715 pixels, each pixel is about 144 m in
length and 196 m in width. The range of each unit grid was determined by the scale of the
satellite map and the number of pixels. Usually, in order to ensure the safety of the planned
route, the path algorithm considered more distance between the ship and the shoreline,
that is, a path with fewer pixels was selected.
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(©)

Figure 3. China offshore area. (a) Satellite maps. (b) Greyscale image. (c) Grid cell images.

(@)

(b) (c)

Figure 4. Aegean islands area. (a) Satellite maps. (b) Greyscale image. (c) Grid cell images.

In addition, when planning the path, the black part represented the land (island)
and the white part represented the navigation area. It is worth noting that the cell image
may have some errors due to the color and resolution of the satellite image, which can
impact the final path planning. Before verifying the proposed method, the definition of
obstacles was assumed, which meant that the land in the cell image was complete. After
completing the preliminary work, the path planning simulation was carried out for the two
environments, and the routes are shown in Figures 5 and 6. Among them, the green route
and the blue route represent the routes reached by the traditional A* algorithm and the
improved A* algorithm, respectively; the red route represents the route optimized by the
method in this paper. The route information is shown in Tables 2 and 3. It is worth noting
that IMPAPEF * is our proposed method. It can be seen that by improving the A* algorithm,
the steering nodes of the route were significantly reduced and the efficiency of navigation
was effectively improved.

Traditional A* path
====TImproved A* path
e [MPAPF* path

Q Start
A\ Target

Figure 5. Route planning of China offshore area.
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Traditional A* path
====Improved A* path|
——— IMPAPF* path
O  Start
A\ Target
~f5
A
Figure 6. Route planning of Aegean islands area.
Table 2. Route information of China offshore waters.
Method Calculation Time/s Steering Node Path Length/n Mile
Traditional A* 427.61 153 596.4
Improved A* 349.23 11 490.6
IMPAPF* 385.97 17 512.8
Table 3. Route information of Aegean islands area.
Method Calculation Time/s Steering Node Path Length/n Mile
Traditional A* 235.55 267 73.9
Improved A* 133.86 7 59.4
IMPAPF* 167.16 12 63.5

3.2. Ship Collision Avoidance Decision

According to the actual situation encountered in the process of ship running, the
encounter between two ships can be divided into three situations: head-on, crossing, and
overtaking. In the process of collision avoidance, the ship conducts collision avoidance
operations in accordance with the international maritime collision avoidance rules. Before
that, the risk of collision needs to be assessed. In this study, CRI was used to evaluate the
risk of vehicle collision, as shown in Equation (14):

T
0.4 Upcpa

0.367 Urtcpa

CRI=W-U=|0133| x| up, (14)
0.067 U,
0.033 Ue

W is the weight vector, a constant matrix. U is the membership matrix, the speed
ratio of the target ship and the ship. e = V1 /Vj is the jet velocity ratio of the target ship
to our ship, and other factors are defined in reference [37]. The value of collision risk
was between 0 and 1, and the closer the value was to 1, the higher the collision risk was.
Usually, when CRI > 0.7, it is considered that the risk of collision is higher, and collision
avoidance operations should be carried out at this time. When searching the path, the
algorithm proposed in this paper masked the nodes with CRI > 0.7 to prevent them from
becoming the next node. This made route planning safer, more stable, and more efficient
than general methods.



J. Mar. Sci. Eng. 2024, 12,1372

9of 12

In order to verify the effectiveness of the proposed method, the ship encounter situa-
tion was simulated and verified, and three situations, namely, head-on encounter, cross
encounter, and overtaking, were considered. The main parameters of the simulation ship
are shown in Table 4. Figure 7 shows the collision avoidance operation when a single ship
meets. OS stands for the ship and TS stands for the target ship. Without any steering
operation by TS, when two ships approached each other, the collision risk rose at this time,
and the algorithm performed collision avoidance operations in an emergency. According
to the international collision rules, the ship changed its course to starboard to avoid the
obstacle ship and drive safely.

Table 4. The main parameters of the simulation ship.

Names and Symbols Value Unit
Length 116 m
Width 18 m
Draft 54 m
Max rudder angle 30 °
Speed 10 knot
Block coefficient 0.56 -it
Maneuverability index (K) 0.31 s~!
Maneuverability index (T) 62.4 s
2.0 2.0 2.0
oS oS 08
TS TS S
15 OS path 1.5 OS path Lst 0S path
TS path TS path TS path
) 5 i
= == | b=
= g g
210 B L g
= = . & 1.0
N = -
0.5 0.5 0.5
93 1.0 15 2.0 25 03 10 L5 2.0 25 995 1.0 15 2.0 2.5
x/n mile X/n mile x/n mile

(a) Head on situation

(b) Crossing situation (¢) Overtaking situation

Figure 7. Encounter situations of two ships.

Figure 8a shows the safe path planned by this algorithm when multiple ships meet.
It can be seen that when the ship met other ships, the ship followed the planned path.
When the ship detected the target ship and the CRI with the target ship was high, the ship
avoided other ships by changing direction. In addition, after collision avoidance, the ship
returned to the planned route. Figure 8b shows the course of our ship. When the ship was
running normally, the ship kept a certain course. When meeting with the target ship, the
ship’s course changed greatly, and, after collision avoidance, the ship’s course returned to
its original direction. Figure 8c shows the rudder angle change of our ship; Figure 9 shows
the distance between the ship and the target ship. It can be seen that the relative distance
between the ship and the target ship was greater than 1 n mile, which is a safe distance.
Therefore, the route planned by the method proposed in this paper was reliable and safe.
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641 .. |
06 5DE GOZ) 71500
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6.0 _
’ ’/'I 10
581 |
56r 1 B ]
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Figure 8. Route planning results of multi-ship meeting area. (a) The trajectory of the target ship and
the collision avoidance path of our ship when multiple ships meet. (b) The course angle of our ship.
(c) The rudder angle change of our ship.

135 - -
To TS,
1207 To TS,
105~ To TS,
o 90 - g
g 751 =
=]
o 60} -
Q
=t
8 451 .
2
T 30—
15 g
0 | | I I 1 I
0 1 2 3 5 6 7 8

4
time/h
Figure 9. Distance between the ship and the target ship.

4. Conclusions

In this paper, a ship collision avoidance path-planning method IMPAPF * algorithm
based on an improved A* algorithm and multi-target point artificial potential field al-
gorithm (MPAPF) was proposed, and the static environment and ship encounter were
analyzed and verified. The improved A*algorithm was used to obtain the optimal path and
then the multi-target point-target point artificial potential field algorithm was used for local
path planning; a ship motion model was introduced to ensure the reliability and safety of
the path. In addition, when ships met, in order to prevent the occurrence of collision risk,
CRI was used to evaluate the collision risk and avoid collision according to international
maritime rules. At the end of this study, the proposed method was simulated, and the
results show that the path obtained by the proposed method was safe and effective.

It is worth noting that although the method proposed in this paper can plan ship
paths well in a static sea environment and ship encounter scene, this study did not take
into account the situation of a ship emergency collision. In future work, how to solve the
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emergency collision avoidance problem will be incorporated into the planning algorithm.
In addition, weather conditions such as ocean currents, wind waves, and tides will have
an impact on ship trajectory. Therefore, in follow-up work, the impact of external weather
factors on ship motion planning will also be considered.
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