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ABSTRACT The article presents a novel, efficient graph search algorithm for path planning. The algorithm
was inspired by the potential field method and therefore it is called the Discrete Artificial Potential
Field (DAPF) algorithm. Additional trajectory optimization algorithm is also applied as a path smoothing
mechanism. The algorithm is intended for use in Intelligent Transportation Systems of autonomous ships.
The algorithm was implemented in the MATLAB programming language and tested by extensive simulation
experiments. Results show that the algorithm can generate a collision-free path in an environment with static
and dynamic obstacles, achieving near-real run time. The algorithm was also compared with the state-of-
the-art graph search algorithm – a wave-front algorithm. Obtained results demonstrate that DAPF achieves
better results in terms of both solution quality and run time.

INDEX TERMS Autonomous ship, collision avoidance, decision support, path planning, save navigation.

I. INTRODUCTION
Collision avoidance is one of the most important issues in
Intelligent Transportation Systems. Its application area cov-
ers, i.a., autonomous vehicles, military applications, aircraft
and ship navigation.

The task of collision avoidance in all transportation sys-
tems is composed of tracking objects that can constitute
obstacles, assessing the collision risk and determining a
collision avoidance action that should be undertaken. The
challenges that can be specified in this process are: the
time to make a decision, the presence of multiple obsta-
cles in the environment and changing strategies of dynamic
obstacles [1].

Collision avoidance systems are used in many fields of
application. In automotive industry such collision avoidance
system is the adaptive cruise control (ACC). In aerospace
applications a radar-based air traffic control (ATC) systems
are used for collision avoidance. Traffic Alert and Collision
Avoidance Systems (TCAS) help in maintaining minimum
separation between aircrafts. In maritime transport radar sys-
tems with an automatic radar plotting aid (ARPA) are used
to detect other vessels and a trial maneuver function helps in
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making a safe and efficient collision avoidance action. Other
applications, where collision avoidance is of vital importance,
are robot manipulators and autonomous vehicles.

Path planning algorithms are classified into off-line and
on-line methods. An off-line algorithm calculates a path for
a moving object in a known, static environment, before its
motion begins. In an on-line approach, a path is planned
during the object’s movement towards a goal position and
changes in the environment are included in the process.
This type of planning is required for dynamic environ-
ments or unknown static environments. Near-real run time
of an algorithm is particularly important for on-line path
planning, where the path has to be re-planned, if changes in
the environment were detected.

Therefore it is very important for the algorithm to be
simplified as much as possible in order to obtain a problem-
solving algorithm with a competitive performance in terms
of both its run time and efficiency. The aim of the research
presented in this article was to develop an algorithm capable
of finding a collision-free path for environments with both
static and dynamic obstacles in near real time. The presented
research was focused on the development of a path planning
algorithm for autonomous ships.

Along with safe-driving cars and autonomous robots,
application of autonomous ships is becoming more and more
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real nowadays. Interest in this technology increased rapidly
in recent years, what is evidenced by a growing engagement
of the market leaders providing solutions for the maritime
industry related to positioning, navigation and automation
of vessels. Kongsberg works on the development of a fully
electric autonomous contained feeder Yara Birkeland [2]. The
ship is planned to operate on a predefined route between three
ports in southern Norway. The company declares readiness
to achieve fully autonomous operation of the ship by 2022.
In 2018 Rolls-Royce in cooperation with Finferries presented
the operation of an autonomous ferry Falco [3]. This achieve-
ment was the effect of a project SVAN (Safer Vessel with
Autonomous Navigation).

These are just the two examples of projects on
autonomous ships. Many more research projects on that topic
have been carried out recently, e.g. Maritime Unmanned
Navigation through Intelligence in Networks (MUNIN)
(2012-2015) [4], ReVolt (2013) [5], Advanced Autonomous
Waterborne Applications (AAWA) (2015-2018) [6], Autosea
(2015-2019) [7] and Autoferry (2016-2019) [8]. The devel-
opment of autonomous ships can bring benefits such as
increased safety and efficiency of maritime transport, better
accessibility of potentially hazardous areas, a decline in
piracy incidents in order to demand a ransom due to the
lack of crew on board. Moreover, automated shipping lines
can increase reliability of cargo transportation. The above
mentioned arguments prove that autonomous ship navigation
is a present and important topic and the development of path
planning algorithms for ship’s collision avoidance is an up-
to-date area of research.

A. CONTRIBUTIONS
The main contributions of this article are:

• A novel graph search algorithm for path planning with a
primary application to autonomous ships;

• A trajectory optimization algorithm is applied in order
to achieve a shorter path;

• The proposed DAPF algorithm generates a shorter path
achieving a shorter run time compared with the state-of-
the-art wave-front algorithm.

B. RELATED WORKS
Among the recent path planning methods i.a. the follow-
ing approaches have been reported in the literature with an
application to mobile robots: an efficient double-layer ant
colony optimization algorithm (DL-ACO) for autonomous
robot navigation [9], a multi-objective firefly algorithm for
mobile robot path planning [10], a Bacterial Potential Field
method [11] and a hybrid Particle Swarm Optimization-
Modified Frequency Bat (PSO-MFB) algorithm [12].

In other areas of applications an Improved Ant Colony
Optimization approach for an automated guided vehicle
(AGV) [13] and a reinforcement learning based grey wolf
algorithm for unmanned aerial vehicles (UAVs) [14] were

developed lately. A comparison of Parallel Genetic Algo-
rithm and Particle Swarm Optimization for Real-Time UAV
path planning was presented in [15].

In marine applications recently introduced path planning
methods are, i.a., an A* algorithm based approach [16],
Fuzzy Sets and Game Theory methods [17], the Beam Search
Algorithm (BSA) [18] and an evolutionary algorithm (EA)
approach for ship collision avoidance [19]–[22], a reinforce-
ment learning approach for maritime autonomous surface
ships path planning (MASS) [23] and a trajectory plan-
ning approach for emergency ship to ship (STS) transfer
operation [24]. Other promising methods for ship’s trajec-
tory planning include the Fuzzy logic (FL) based approach
[25], [26], the Artificial Potential Field (APF) and the Mod-
ified Artificial Potential Field (MAPF) methods [27], [28],
the Cooperative Path Planning (CPP) algorithm [29] and an
approach based upon the Particle Swarm Optimization (PSO)
method [30].

Recent path planning methods for ship’s collision
avoidance were analyzed and results of this comparison are
presented in Table 1. Compared methods were listed chrono-
logically. The main features of ship’s trajectory planning
algorithms include:

• static obstacles (lands, shallows)
• dynamic obstacles
• safe distance
• The International Regulations for Preventing Collisions
at Sea (COLREGs) compliance

• run time
• solution repeatability
• real experiments
• different ships’ perspectives.

As it can be seen in Table 1, most of the algorithms do
not take static obstacles, such as lands or shallows, into
account or if that is declared, do not present results of such test
cases. All of compared algorithms take dynamic obstacles –
target ships (TS) into account, most methods consider a few
target ships (up to 4). APF presents results of encounter
situations with up to 6 TS and MAPF shows solutions of test
cases with more than 10 TS.

Another important feature of ship’s trajectory planning
algorithms is the method of ensuring a safe distance between
the ships during collision avoidance maneuvers. Most of
the methods apply a domain around a target ship, with its
different shapes and sizes. Two methods, CPP and BSA, use
DCPA (Distance at the Closest Point of Approach) and TCPA
(Time to the Closest Point of Approach) measures to evaluate
the collision risk and maintain a proper distance between the
ships.

Most of the methods, except from BSA, apply mechanisms
forcing the COLREGs compliance of solutions. It should
be mentioned here that this constraint of the process can
be regarded looking at various aspects and concentrating on
different rules that should be obeyed. For example, rule 8b
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TABLE 1. Comparison of Recent Path Planning Algorithms for Ship’s Collision Avoidance.

states that maneuver should be large enough to be readily
apparent for other ships. An interpretation of this rule by
Cockcroft and Lameijer [31] is that in restricted visibility
course alteration maneuvers should be at least 30 degrees,
and preferably in the range from 60 to 90 degrees. For
good visibility it is recommend to alter course by at least
10 degrees. It should also be mentioned that a sequence of
small alterations should be avoided. Rules 13, 14 and 15 apply
to different encounter situations types, such as overtaking,
head-on and crossing. These rules define, which ship is the
give-way vessel, that should alter course and which one is
the stand-on vessel, that should keep its motion parameters.
They also define that e.g. the give-way ship should change its
course to starboard side and avoid crossing ahead of the other
ship. In order to incorporate these rules, different methods
are applied in the reviewed methods. FL approach applied
COLREGs in the form of if-then rules. Some methods, e.g.
APF or CPP determine the priorities of ships’ maneuvers
and maneuver is calculated for the ship with the highest
priority. Different methods, e.g. A∗ algorithm or EA, use the
specific shape of a target ship domain to force the COLREGs
compliance of solutions. Other methods, e.g. PSO, restrict the

solution space to force the COLREGs fulfillment. Another
approach, used in EA and MAPF, is to apply an additional
area or force surrounding target ships to achieve COLREGs
compliant solutions, what is similar to the method of spec-
ifying a particular shape and size of a target ship domain.
A general conclusion that can be stated based upon these
analyzes is that most of the algorithms obey some of the
COLREGs, e.g. rules 13-15 or rule 8b, but there exist limi-
tations with the achievement of solutions fulfilling all of the
COLREGs.

Repeatability of results is associated with the type of
algorithms regarding division into deterministic and non-
deterministic methods. Generally, deterministic approaches
achieve repeatable results, while non-deterministic methods
have limited ability concerning convergence to the same final
solution for every run of the same test case. Carried out anal-
ysis confirms this statement, as EA and PSO return slightly
different solutions for different runs of calculations using the
same input data.

In the evaluation of algorithms in terms of their run time,
methods were classified into one of four groups, depending
on achieved value of this parameter:
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• high (hundreds of seconds)
• medium (over a dozen of seconds)
• low ( a few seconds)
• very low (milliseconds).

Three out of nine evaluated algorithms achieved very low
run time, these are: A∗ algorithm, MAPF and BSA.

An important feature is the evaluation of algorithms from
different ships’ perspectives, what was presented for EA,
APF, CPP, MAPF, BSA and partially for PSO (only for a
head-on situation).

All algorithms were evaluated with the use of simulations,
but only two works mention real experiments: A∗ algorithm,
but results were not presented in the article and BSA, where
real tests are evidenced in the article.

Analysis of advantages and disadvantages of differ-
ent recently introduced ship’s trajectory planning methods
enables to state the following remarks:

• there is a need for the development of methods consid-
ering both static (lands, shallows) and dynamic (target
ships) obstacles,

• more extensive tests, with multiple target ships should
be performed and presented,

• all COLREGs should be taken into account in the algo-
rithms,

• an algorithm should work in near-real time (preferably
milliseconds) and should return repeatable solutions,

• an algorithm should be tested considering the same test
case from different ships’ perspectives,

• real experiments and tests with real navigational data are
needed to further validate the approach.

The aim of this research was to develop a method address-
ing the above mentioned limitations, such as not taking static
obstacles into account, lack of consideration of COLREGs,
relatively high run time and lack of repeatability.

The rest of the article is organized as follows. Section II
briefly defines the problem under consideration. Section III
introduces the methods proposed to solve the problem. The
Discrete Artificial Potential Field algorithm (DAPF) and the
Trajectory Optimization Algorithm (TOA), applied in order
to further optimize calculated path, are presented in this
section. Section IV presents and discusses results of simula-
tion experiments carried out in order to validate the proposed
approach. These experiments include tests with both static
and dynamic obstacles and a comparative analysis with a
similar approach - the wave-front algorithm (WAFR). Finally,
section V concisely summarizes the article.

II. THE PROBLEM DEFINITION
The problem to be solved is to find a path for a moving object
between a start position and a goal position, avoiding colli-
sion with static and dynamic obstacles in the environment.
The path, which enables to move between the start and goal
positions without intersecting any of the obstacles, is called a
collision-free path.

The problem stated above in a general way, is narrowed
into a specific application area - marine navigation. In this
application the problem is to find a safe trajectory for an
autonomous ship, called an own ship, between its current
position and defined goal position, avoiding collisions with
static obstacles such as lands or shallows, and dynamic obsta-
cles - encountered ships called target ships.

A. ENVIRONMENT DESCRIPTION
The environment is modeled as a grid-based two-dimensional
configuration space C composed of n × m cells, where n is
the number of horizontal cells (rows) and m is the number of
vertical cells (columns), containing the obstacles’ regionCobs
and the free space Cfree. It is defined as C = Cfree

⋃
Cobs.

Static obstacles, such as lands, shallows, channels, water-
ways and other fixed navigational restrictions, are modeled
using convex and concave polygons. A cell decomposition
method is applied in order to decompose a navigational envi-
ronment into free cells and cells occupied by obstacles.

FIGURE 1. Cells assignment in DAPF algorithm.

The cell decomposition is a method of modeling the nav-
igational environment as a two-dimensional map composed
of a number of cells. In this research an approximate cell
decompositionmethod called regular grid decomposition was
applied. In this method the map of an environment is divided
into a defined number of cells with equal size and cells are
marked as obstacle cells and free cells. Mixed cells, partly
occupied by obstacles, aremarked as obstacle cells. An exam-
ple of regular grid decomposition is shown in Fig. 1, where
free cells are marked in white and obstacle cells are marked
in grey.
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Dynamic obstacles (target ships) are modeled with the use
of a ship domain - an area around a target ship which is
applied in order to keep a safe distance from encountered
ships and static obstacles during maneuvers.

B. PROBLEM STATEMENT
The path planning problem is defined as follows:

Given a start position S and a goal position G, finding a
path p(t) : [0, t] → Cfree such that p(0) = S and p(t) = G,
where the moving object is regarded as a point mass moving
at a fixed speed.

1) ASSUMPTIONS AND CONSTRAINTS
Static and dynamic obstacles constitute the constraints of
the ship’s trajectory planning process. Other vital constraints
are the International Regulations for Preventing Collisions
at Sea (COLREGs). These are the rules defining the ships’
behavior during maneuvers. They define, i.e., which ship
should perform a maneuver in a particular situation (a give-
way ship) and which should maintain its motion parameters
(stand-on ship). Rules, compared to these for road trans-
port, are also introduced there. They define e.g. that the
ship should take maneuver to the starboard side and should
avoid crossing ahead of the other ship. It is also specified
there, that a maneuver should be large enough to be read-
ily apparent for other ships, that means should be at least
10 degrees for maneuvers in good visibility. The algorithm’s
construction has to enforce the COLREGs compliance of
solutions.

The following assumptions are taken into account in the
ship’s trajectory planning algorithm:

• a safe trajectory is calculated to a predefined goal posi-
tion of an own ship,

• an own ship is treated as a point mass moving at a fixed
speed,

• target ships are assumed to maintain fixed motion
parameters (course, speed)

• a safe distance between the ships during maneuvers
is assured by an application of domains around target
ships.

2) THE MOTION MODEL
The model of the ships’ motion is the kinematic model,
described by the following equations:

ẋ1 = V · sin u(t) = V · sin9(t)

ẋ2 = V · cos u(t) = V · cos9(t)

˙x2j+1 = Vj · sin9j(t)

˙x2j+2 = Vj · cos9j(t) (1)

The state variables are: x1 = x, x2 = y, x2j+1 = xj,
x2j+2 = yj for (j = 1, . . . , n), n is the number of tracked
target ships and x and y are coordinates of the ship’s position.
The decision variable u is an own ship’s course 9.

FIGURE 2. General concept of DAPF-TO algorithm.

III. THE METHOD DESCRIPTION
A method called the Discrete Artificial Potential Field with
Trajectory Optimization (DAPF-TO) is proposed here for
solving the above defined ship’s safe trajectory planning
problem. As it is shown in Fig. 2, the method is composed
of two algorithms: the Discrete Artificial Potential Field
(DAPF), returning a collision-free trajectory for an own ship
and the Trajectory Optimization Algorithm (TOA), returning
an optimized collision-free trajectory. The DAPF-TO algo-
rithm was compared with a similar approach, the wave-front
algorithm with Trajectory Optimization (WAFR-TO), which
is composed of the wave-front algorithm and the Trajectory
Optimization Algorithm (TOA). Results of this comparison
are given in the following part of the article.

A. DAPF ALGORITHM
In order to solve the above defined problem, a method called
the Discrete Artificial Potential Field (DAPF) was developed.
The algorithm is inspired by the artificial potential field
method (Fig. 3). It is applied as a discrete algorithm.

The following rules for the assignment of weights
(potentials) to different cells were applied:

• the goal cell G has a value equal to 0;
• the cells occupied by obstacles have a value equal to
infinity;

• the start cell S has a value equal to (n − 1) · k , where
n is the number of vertical cells, m is the number of
horizontal cells and k is the scaling factor; in the applied
version of the algorithm k is equal to 10 in order to
achieve different weights for every cell in the range from
0 to about a hundred for the considered area; a different
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FIGURE 3. A general concept of an Artificial Potential Field.

assumption is admissible, but Equation 2 should also be
customized then;

• other free cells cxy have values according to Equation 2,
where x and y are the cell coordinates;

• cells on the right side from the line segment connecting
the start and goal cell have lower potentials than those
on the left side in order to enforce compliance with
COLREGs (rules 14 and 15).

(c00 − k · y) if x = 0

(c0y + x) if x ≥ 1

(c0y − x + 0.5) if x ≤ −1 (2)

The algorithm is applied using an 8-connected grid (the
Moore neighborhood). In the Moore neighborhood every cell
is connected with eight adjacent cells as shown in Fig. 4.
Another popular type is the Von Neumann neighborhood,
with four adjacent cells connected with the central cell,
as shown in Fig. 4.

In Fig. 1 cells assignment is shown for a sample environ-
ment. Fig. 5 presents weights (potentials) assignment and a
path generated by DAPF for an exemplary environment.

The pseudo-code of the DAPF algorithm is given
as Algorithm 1.
The general algorithm’s working principle is as follows:
In every step, beginning from the start cell S, the next

cell with the lowest weight is chosen from the neighboring
cells, according to the Moore neighborhood. The chosen
cell becomes the current cell and its weight is changed into

FIGURE 4. Von Neumann and Moore neighborhoods.

FIGURE 5. Path generated by DAPF algorithm.

infinity in order to prevent the algorithm from generation of
loops in the path. This process continues until the goal cell G
is reached.

A schematic diagram of the DAPF algorithm for ship’s
trajectory planning is given in Fig. 6.

The first step of the algorithm is to obtain data defining
current navigational situation. These data include the course
and the speed of an own ship, courses, speeds, bearings and
ranges (distances from an own ship) of target ships, and
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Algorithm 1 DAPF Algorithm Pseudo-Code
Input: n, m, S, G, positions_of _obstacles
Output: p
1: p(0)← S;
2: while (current_cell 6= G) do
3: pos← min(weight[neighboring_cells]);
4: next_cell ← neighboring_cell[pos];
5: p← [p; next_cell];
6: weight[next_cell]←∞;
7: current_cell ← next_cell;
8: end while
9: return p

positions of static obstacles. Based upon these data obtained
for the current area of observation, a grid-based two dimen-
sional configuration space composed of n × m cells is con-
structed and obstacles are applied on the constructed map
of the environment using cell decomposition. Cells occupied
by obstacles are marked as obstacle cells. The weights of
occupied cells are equal to infinity. The algorithm is capable
of taking into account both static and dynamic obstacles. It is
assumed that the obstacles are known beforehand and new
dynamic obstacles will not be detected during the solution
construction process. It is also assumed that target ships do
not change their motion parameter during the search for a
solution. It is important to achieve a short run time in order
to repeat calculations every few seconds using updated input
data. Such approach enables to update the solution when a
change in motion parameters of any of the target ships will
be detected.

For target ships, at first dangerous dynamic obstacles are
detected. A dangerous target ship is a target ship, whose
course intersects with the course of an own ship. When a
target ship is classified as a dangerous target, an own ship’s
distance from the point of trajectories intersection (Predicted
Point of Collision - PPC) is calculated. Next step is the
calculation of time, after which an own ship will be present
at the point of trajectories intersection (PPC). After that the
position of a target ship at the moment, when an own ship
will be present at the PPC, is calculated, considering constant
motion parameters of the ships. A target ship domain is then
placed in the calculated position. After that cells that are
placed inside target ship domains, are marked as cells occu-
pied by obstacles and the weight of these cells is changed into
infinity.

After that the solution construction process is applied.
At first it is checked, whether the current cell is not equal
to the goal cell G. Then, adjacent cells of the current cell
are selected according to the Moore neighborhood. After-
wards, the next cell with the lowest weight is chosen from
the adjacent cells. This cell is saved as a part of the final
path. Its potential is changed into infinity in order to pre-
vent the algorithm from getting stuck in a dead point.

FIGURE 6. Schematic diagram of the DAPF algorithm.

The next cell becomes the current cell and the whole pro-
cess repeats until the goal cell will be reached by the
algorithm.
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B. TRAJECTORY OPTIMIZATION
The trajectory optimization algorithm is applied in order to
obtain a shorter and smoother path.

The pseudo-code of the Trajectory Optimization
Algorithm (TOA) is given as Algorithm 2.

Algorithm 2 Trajectory Optimization Algorithm
Pseudo-Code
Input: path_cells, S, G, positions_of _obstacles
Output: path
1: connect ← 1; i← 1;
2: while (path_cells > min_path_cells) do
3: connect nodes (i) and (i+ 2) (p1 with p2);
4: for (obstacle = 1; obstacle <= obstacle_num;
obstacle++) do

5: for (j = 1; j <= j_max; j++) do
6: connect nodes (j) and (j+ 1) (p3 with p4);
7: if ((p1, p2) intersects (p3, p4)) then
8: connect ← 0; break;
9: end if

10: end for
11: if (connect = 0) then
12: break;
13: end if
14: end for
15: if (connect = 1) then
16: connect p1 and p2
17: else
18: do not connect p1 and p2
19: connect ← 1;
20: end if
21: i← i+ 1;
22: end while
23: return path

TOA working principle is based upon the check of inter-
section between two line segments – one belonging to the
collision-free path and the other constituting a boundary of
an obstacle.

It should be stated here that obstacles are taken into account
as polygons composed of vertices (nodes) and edges. In this
algorithm the main procedure is the check of intersection
between two line segments, as it was stated above. One line
segment is composed of a line connecting two nodes (centers
of cells) constituting a part of an own ship collision-free
trajectory calculated by the DAPF algorithm. These are not
the two consecutive nodes of the path (i and i + 1), but
the node i and the node i + 2. These nodes are marked as
p1 = (xi, yi) and p2 = (xi+2, yi+2). If such connection between
p1 and p2 is possible, that will cause the achievement of a
shorter final solution, due to the elimination of node i + 1.
Such line segment connecting nodes p1 and p2 is checked for
intersection with any of the edges constituting boundaries of
any of the obstacles. In this algorithm the nodes connecting
the currently considered edge of an obstacle are marked as
p3 = (xj, yj) and p4 = (xj+1, yj+1). If an intersection between

(p1, p2) and (p3, p4) is not detected for any of the obstacles,
it means that nodes p1 and p2 can be connected. After that
the algorithm executes the check procedure for another pair
of nodes constituting a part of the DAPF collision-free trajec-
tory. When the total number of cells is equal to the minimal
number of cells (the variable min_path_cells) defined for the
final path or more connections simplifying the path are not
possible, the algorithm terminates and the DAPF-TO path is
returned as an output.

A schematic diagram of the TOA is given in Fig. 7.
In Fig. 8 a path generated by DAPF-TO is presented for a

sample environment.

C. WAFR ALGORITHM
The wave-front algorithm (WAFR) was chosen for a com-
parison with DAPF as an operation principle of these two
algorithms is similar. The wave-front propagation algorithm
is amethod developed for path planning. Similarly as DAPF it
can be applied on discrete grid maps. Its operation is inspired
by the propagation of a wave-front starting from the goal cell
and moving towards the start cell (Fig. 9).
The weights are assigned to cells according to the increas-

ing value from the goal cell towards the start cell in a way
simulating the wave propagation. After that a path is con-
structed by choosing the next cell with the lowest weight from
adjacent cells until the goal cell has been reached.Whenmore
than one cell with the lowest weight exist, the first element
of an array storing neighboring cells with minimal weight is
chosen as the next cell.

The following rules for the assignment of weights to
different cells were applied:
• the goal cell G has a value equal to 0;
• the cells occupied by obstacles have a value equal to
infinity;

• the start cell S has a value equal to (n−1), where n is the
number of vertical cells, m is the number of horizontal
cells;

• other free cells cxy have values according to Equation 3,
where x and y are the cell coordinates;

• the weight of every cell is not unique, some cells have
the same weights.

(c00 − y) if x = 0

(c0y + x) if x ≥ 1

(c0y − x) if x ≤ −1 (3)

The pseudo-code of the WAFR algorithm is given as
Algorithm 3.

The operation principle of WAFR algorithm for ship’s tra-
jectory planning is similar to that of DAPF algorithm, except
from the weights assignment method and the selection of a
neighboring cell.

Fig. 10 shows the weights assignment for a wave-front
algorithm.

In Table 2 DAPF and WAFR algorithms comparison is
presented, showing their common features and differences.
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FIGURE 7. Schematic diagram of the TOA.

As it can be seen in Table 2, both algorithms take obsta-
cles into account in the same manner. Cells occupied by
obstacles have weights equal to infinity in both approaches.

The solution construction principle is also common for the
two algorithms, meaning the selection of the next cell with
the lowest weight from neighboring cells until the arrival at
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Algorithm 3WAFR Algorithm Pseudo-Code
Input: n, m, S, G, positions_of _obstacles
Output: p
1: p(0)← S;
2: while (current_cell 6= G) do
3: pos← min(weight[neighboring_cells]);
4: if (length[pos] > 1) then
5: pos← pos[1];
6: end if
7: next_cell ← neighboring_cell[pos];
8: p← [p; next_cell];
9: weight(next_cell)←∞;

10: current_cell ← next_cell;
11: end while
12: return p

FIGURE 8. Path generated by DAPF-TO algorithm.

FIGURE 9. A general concept of a wave-front.

the goal position. Both algorithms apply the Moore neigh-
borhood during the determination of neighboring cells of the
current cell. The difference in the selection of the next cell

FIGURE 10. Weights assignment in WAFR algorithm.

TABLE 2. A comparison of DAPF and WAFR Algorithms Applied to Ship’s
Trajectory Planning.

results from the dissimilarity of the cells assignments process.
In DAPF every free cell has a unique weigh and weights are
assigned in a way aiding in the achievement of a COLREGs
compliant solution. In WAFR some free cells have the same
weights, what in some cases may cause a possibility for the
algorithm to choose an equivalent path, not conforming to
COLREGs.

IV. EXPERIMENTS AND DISCUSSION
In order to verify the algorithm’s performance two types of
experiments were carried out: tests with static obstacles and
with dynamic obstacles in the environment.

A. EXPERIMENTS WITH STATIC OBSTACLES
In the first part of tests four different maps were chosen for
the presentation in this article. The maps are a square area
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FIGURE 11. Paths generated by DAPF-TO and WAFR-TO for environments
with static obstacles - test case 1.

FIGURE 12. Paths generated by DAPF-TO and WAFR-TO for environments
with static obstacles - test case 2.

composed of 20 × 20 cells with different number, size and
shape of static obstacles, as shown in Fig. 11-14. The algo-
rithm was applied as an 8-connected grid (Moore neighbour-
hood) version.

The results were evaluated in terms of the solution quality
and the run time of the algorithm. The path length was used
as a measure of solution quality. The results were also com-
pared with the results of the wave-front algorithm (WAFR)
[32], [33]. Pure versions of both algorithms (DAPF and
WAFR) as well as version with applied trajectory optimiza-
tion (DAPF-TO and WAFR-TO) were compared.

FIGURE 13. Paths generated by DAPF-TO and WAFR-TO for environments
with static obstacles - test case 3.

TABLE 3. Simulation Results of DAPF and WAFR for 8-Connected Grid
With Static Obstacles.

Numerical results are given in Table 1. The results include
the path length of pure algorithms and algorithms with
trajectory optimization and the run time of pure algorithms
and algorithmswith trajectory optimization applied. Run time
is the average time of 100 runs of the algorithm. Calcula-
tions were performed in MATLAB R2020a on a PC with a
2.27 GHz Intel Core i5 processor and 2 GB of RAM.

It can be noticed in Fig. 11-14 that both algorithms return
the same path or equivalent paths as for test case 2, when
trajectory optimization is applied. Without trajectory opti-
mization the paths returned by DAPF are shorter for three
out of four test cases compared here. It can also be noticed
that the run time of DAPF and DAPF-TO is shorter for all
test cases than that achieved by WAFR and WAFR-TO. The
results demonstrate that DAPF achieves better results in terms
of both solution quality and run time.

B. EXPERIMENTS WITH DYNAMIC OBSTACLES
In the second part of experiments the DAPF-TO and
WAFR-TO algorithms were tested in an environment with
dynamic obstacles. Four different test cases were chosen for
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FIGURE 14. Paths generated by DAPF-TO and WAFR-TO for environments
with static obstacles - test case 4.

FIGURE 15. Paths generated by DAPF-TO and WAFR-TO for an
environment with dynamic obstacles - test case 1 with 1 dynamic
obstacle.

the presentation in the article, which are encounter situa-
tions with different number of dynamic obstacles. Obstacles
are characterized by their initial position, orientation and
speed.

The results shown in Fig. 15-18 demonstrate that for all
cases both algorithms returned a collision-free path. Numeri-
cal results are given in Table 4. They include the path length of
the algorithms with trajectory optimization in nautical miles
and the run time of the algorithms with trajectory optimiza-
tion in seconds. Run time is the average time of 100 runs of
the algorithm.

FIGURE 16. Paths generated by DAPF-TO and WAFR-TO for an
environment with dynamic obstacles - test case 2 with 2 dynamic
obstacles.

FIGURE 17. Paths generated by DAPF-TO and WAFR-TO for an
environment with dynamic obstacles - test case 3 with 4 dynamic
obstacles.

As it can be seen in Table 4, for three out of four test cases
DAPF-TO returned shorter trajectories than WAFR-TO. For
all the presented test cases DAPF-TO achieved a slightly
shorter run time. The results confirm conclusions resulting
from the analysis of test cases with static obstacles, that
DAPF-TO achieves better results in terms of both solution
quality and run time for most test cases.

Advantages of the algorithm compared to other recently
introduced ship’s trajectory planning algorithms are: the
possibility of taking into account both static and dynamic
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FIGURE 18. Paths generated by DAPF-TO and WAFR-TO for an
environment with dynamic obstacles - test case 4 with 3 dynamic
obstacles.

TABLE 4. Simulation Results of DAPF and WAFR for 8-Connected Grid
With Dynamic Obstacles.

obstacles, achievement of COLREGs compliant solutions,
repeatability of solution for every run of calculations with the
same input data and very low run time (milliseconds).

V. CONCLUSION
This article introduced a new grid-based path planning algo-
rithm for application in Intelligent Transportation Systems in
maritime transport – the Discrete Artificial Potential Field
(DAPF) algorithm with Trajectory Optimization (TO). The
method was validated by simulation experiments in static and
dynamic environments and compared with the state-of-the-
art wave-front algorithm (WAFR). The results demonstrated
the effectiveness of the algorithm both in terms of the solu-
tion quality and the run time. Further works will include
real experiments, tests with changing strategies of dynamic
obstacles and evaluation of solutions from different ships’
perspectives.
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