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Te appeal for safe navigation of autonomous surface vessels (ASVs) has deemed the path planning problem as an attractive
research interest. However, most of the previous works to solve the path planning problem focus on fnding the shortest and
collision-free path, but the solutions are scarcely satisfed by the safety requirements and constraints related to the USVs’
mechanical systems. To address this challenge, we present a novel path planning method based on a modifed artifcial fsh swarm
algorithm in combination with a path optimizer. Te modifcations are made from two perspectives: (1) Four customized
operators and an adaptive factor are applied to improve the convergence performance of the algorithm. (2) A local path optimizer
is proposed to enhance its feasibility of cooperating with the USV control system. Path safety, path smoothness, and non-
holonomic constraints are considered.Te path planning benchmark experiments have demonstrated its superior performance in
terms of efciency and path quality compared to other state-of-the-art algorithms. Moreover, the proposed method is also
integrated into the USV’s control system in a practical environment with satisfactory feasibility. Te simulation results provide
strong evidence that the proposed method can be regarded as a practical approach for USV path planning problems.

1. Introduction

Tebenefts of deploying unmanned surface vehicles (USVs)
in civil and military applications have raised a growing
amount of interest worldwide [1, 2]. In general, USVs are
unmanned ships that perform tasks in various complex
ocean environments without or with limited human inter-
vention. With high-level autonomy and coordinated co-
operation features, they have been extensively applied in
ocean research, ocean resources exploration, and maritime
transport or rescue. Te autonomy level of a USV ranges
from manual operation to full autonomy, whereby the path
planning techniques, connecting perceptional hardware, and
control functionalities play substantial roles [3]. Central to
path planning, the adaptability of the USVs’ mechanical
system and avoidance of obstacles would dramatically de-
termine the system’s performance [4].

Recently, there has been a growing appeal for path
planning algorithms with the vigorous development of ar-
tifcial intelligence [5, 6]. Developing path planning algo-
rithms with high computing efciency, robustness, and
high-quality solutions is an attractive topic in the current
studies [7–9]. Qin et al. [10] proposed a rapid USV path
planning algorithm to decrease the computational com-
plexity. Fan et al. [11] presented a second path planning
method (SPP), which is an initial path optimization method
based on the geometric relationship of the three-point path.
Te SPP is proposed to make the maximum curvature radius
of the optimized path smaller than the rotation curvature
radius of the USV. Te work presented by Mahmoud Zadeh
et al. [12] proposed an uninterrupted collision-free method
that facilitates the operational performance of multiple
USVs in an ocean sampling mission. Tis system was de-
veloped based on the integration of a novel B-spline data
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frame and a particle swarm optimization (PSO)-based solver
engine. Krell et al. [13] introduced the concept of oppor-
tunistic reward-based planning and applied PSO to the path
planning problem. Te PSO is used to optimize routes that
balance path efciency and reward, and simulations have
been carried out based on real ocean current data.Te results
have shown its superior performance compared to other
references. Te work of Wang et al. [14] integrated the ant
colony optimization (ACO) algorithm with the immune
algorithm (IA) to address its slow convergence, local opti-
mum, and premature convergence in path planning. Te
simulation test proved the efectiveness and superiority of
the designed global path planning algorithm in practical
engineering. Han et al. [15] proposed a dynamically hybrid
path planning scheme incorporating global guidance, real-
time motion planning, and collision-free maneuvering for
USVs.Te results of comparative numerical analysis validate
that the proposed algorithm works efectively. To improve
the Gauss pseudospectral method (GPM) which cannot be
applied to complex ocean scenarios, Ma et al. [16] modifed
and proposed a rapid-Gauss pseudospectral method
(RGPM) to obtain a smooth time-optimal path for USVs.
Lazarowska [17] utilized a discrete artifcial potential feld
and a path optimization algorithm to calculate the path for
USVs. Te simulation tests with the use of real navigational
data of a training ship Horyzont II.

However, many of the previous works to solve the path
planning problem are to fnd a collision-free and the shortest
path, but the solutions are not satisfed by the safety re-
quirements [18, 19] and the nonholonomic constraints of
USVs [20, 21]. Moreover, another issue seldom considered is
that many algorithms that appear to be efcient theoretically
are not applied and tested in the USV control system, which
means they are not convincing in their practicability [22]. To
address these challenges, we proposed a novel path planning
method based on the modifed artifcial fsh swarm algo-
rithm (MAFSA) in combination with a local path optimizer.
Customized operators and an adaptive factor are applied to
MAFSA to enhance the convergence performance of the
algorithm. Moreover, the path optimizer is able to optimize
the path safety, path smoothness, and curvature continuity
simultaneously. Illustrative simulation studies have been
conducted and the new algorithm is tested in the USV
control system model to verify its performance.

Te remainder of this paper is organized as follows:
Section 2 introduces the problem statement of this research.
Section 3 presents the basic scheme of the modifed artifcial
fsh swarm algorithm and the local optimizer. Section 4
shows the simulation results in terms of convergence
analysis, benchmark test, and application in the USV control
model. Te conclusion is presented in Section 5.

2. Problem Formulation

In this study, we focus on the path planning problem of
USVs. First, we defne the marine surface domain as Ω in
Euclidean space R2. Suppose the USV’s path S consists of a
sequence of linked elementary path segments
si(i � 1, 2, 3, . . . , m). Following the path S, the USV

navigates from the initial position (xs, ys) to the destination
(xd, yd) in the presence of numerous obstacles Oob(Oob �

Oob1
, Oob2

, Oob3
, Oob4

, . . . , Oobk
 ), k is the number of obsta-
cles. Terefore, the obstacle-free motion area of the USV is
calculated as follows:

Ωfree � Ω − Oob. (1)

Accordingly, to guarantee the safety, the generated path
should be restricted toΩfree, and the path S must in theΩfree
domain which is given as follows:

S � ∪
m

i�1
si ⊂ Ωfree. (2)

As can be seen from equations (1) and (2), the USV
cannot collide with obstacles and should be bounded in the
obstacle-free area Ωfree. In addition, to enhance the safety
level, the clearance from the obstacles should larger than the
predefned safety distance Dsafe. Suppose the distance be-
tween each path segment si to its nearest obstacle
Oobsi(Oobsi ⊂ Oobs) is denoted as
di � si, Oobsi, (i � 1, 2, 3, . . . , m). Ten the path safety re-
quirement of each segment can be expressed as follows:

di ≥Dsafe, (i � 1, 2, 3, . . . , m). (3)

Moreover, as the properties of the path infuence the
motion of USVs and vice versa, it is essential to consider the
constraints related to the USV’s mechanical system. Like
UGVs, the nonholonomic feature prohibits its motion in the
lateral direction, which means the USVs can only use the
forward velocity while manipulating the heading angle to
achieve a desirable position. Tis nonholonomic feature
requires the path should be smooth and continuous at
turning points to avoid large changes (sharp turnings) in
curvature. Te discontinuous turning points will cause in-
stantaneous extra control signal which leads to the poor
tracking performance. In Figure 1, suppose
di � [xi+1 − xi, yi+1 − yi, 0]T is the position vector between
two consecutive poses and sisi+1 denote the path segments,
then κi,i and κi,i+1 defne the angle between di and path
segment si and si+1, respectively. To achieve continuous path,
the turning motion requires two consecutive positions si and
si+1 to be located on a common arc of constant curvature,
which gives the following equation:

κi,i � κi,i+1. (4)

To sum up, the problem being addressed in this work can
be stated as follows. Consider a marine environment Ω,
given a start and goal position of S, G ⊂ Ω, plan a collision-
free path S ⊂ Ω denoting the set of positions from S to G

subject to equations (2)–(4). In the end, report P or∅ if such
a path has been found or not.

3. Methodology

3.1. Modifed Artifcial Fish Swarm Algorithm

3.1.1. Prey Behavior. Te intention of searching for positions
with higher food concentrations is a biological behavior
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among fsh [22]. Generally, artifcial fsh (AF) utilize their
vision to look for positions with a higher density of food, and
then decide which direction to move. Accordingly, based on
this characteristic, we simulated the AFs to fnd the global
optimal solution to the problem.

Te current state of an AF is denoted as Xi(t), and Xj(t)

is somewhere in the visual distance that the AF desires to
move, which can be expressed as follows:

Xj(t) � Xi(t) + Visual × rand(0, 1). (5)

If the state Xj(t) at the visual position is better (aspect of
food concentration) than the current state, it goes forward a
step in this direction, as shown in the following equation:

Xi(t + 1) � Xi(t) +
Xj(t) − Xi(t)

Xj(t) − Xi(t)
�����

�����
× Step × rand(0, 1).

(6)

If Yi >Yj, then Xj(t) will be selected again. If the AF is
not satisfed with the forward condition after trynum time,
the concerned AF performs random behavior to avoid the
local optimum.

As can be seen from equation (6), before moving to the
next position, the AF usually searches for the next state
randomly in its visual range.Tis has raised some drawbacks
to the algorithm. First, the time cost increases because the AF
needs to try all the possible directions until the position is
found. Second, the path generated by the prey behavior is
not optimal due to the random process. To address these
issues, this paper introduces a heuristic directional operator.
During the prey behavior, the AF is inspired by the operator
and consciously chooses the best position by itself, as shown

in Figure 2(a). Suppose that X
p

i,j represents the potential
position number j of AF number i in the step range. P

represents the set of all the potential positions, it can be
expressed as follows:

P � X
p
i,j

 X
p
i,j − Xi ≤ Step, i � 1, 2, 3, . . . , N, j � 1, 2, . . . , M .

(7)

In prey behavior, the food concentration of all the po-
tential positions in P is calculated and then the best position
X

p

i,best is selected to be the next step, as shown in (8) and (9).
Te directional operator frstly guarantees the AF can fnd
the best position with one cycle of calculation, which sig-
nifcantly reduces the computing time. Secondly, the di-
rectional operator replaces the random process, thereby the
redundant turns and unnecessary nodes are reduced.

X
p

i,best � min f X
p
i,1 , f X

p
i,2 , f X

p
i,3 , . . . , f X

p
i,M  , (8)

Xi(t + 1) � Xi(t) +
X

p

i,best(t) − Xi(t)

X
p

i,best(t) − Xi(t)
����

����
× Step × rand(0, 1).

(9)

3.1.2. Follow Behavior. In the process of fsh swarm moving
when one or some of the fshes fnd food, the other neighbors
and close fshes go after them and reach food quickly, as
shown in Figure 2(b). Suppose the current position of AF is
Xi(t), and the position Xj(t) denotes the neighbor fsh with
better food concentration in its visual scope. Te swarm
center Xc(t) is defned as the arithmetic average of all AFs’
states, as shown in equation (10). nf is the number of AFs in
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Figure 2: Illustration of the behaviors. (a) Prey behavior. (b) Swarm behavior. (c) Follow behavior.
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Figure 1: Defnition of a path curve.
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the visual scope of the swarm center. δ denotes the pa-
rameter of the crowd factor. If Yj >Yi and nf/N< δ, which
means the position Xj(t) has better food consistency and is
not crowded. Ten the AF moves a step in the direction of
Xj(t). Te expression can be determined as follows:

Xi(t + 1) � Xi(t) +
Xj(t) − Xi(t)

Xj(t) − Xi(t)
�����

�����
× Step × rand(0, 1).

(10)

If there are no neighbors to be found or the condition is
not satisfed, the AF will perform prey behavior.

3.1.3. Swarm Behavior. Te fsh will assemble in groups
naturally in the moving process, which is a kind of living
habit to guarantee the existence of the colony and avoid
dangers. In order to keep swarm generality, AFs attempt to
move towards the central position in every time of iteration,
the swarm behavior is illustrated by Figure 2(c). Te central
position is determined by the following equation:

Xc(t) �
1
N



N

i�1
Xi(t). (11)

Denote nf as the number of AF swarms in the visual
range of Xc(t). If nf/N< δ and Yc <Yi, it means the center
position has better food consistency and the swarm is not
crowded, then the AF can take a step in the direction of
Xc(t), which is done by

Xi(t + 1) � Xi(t) +
Xc(t) − Xi(t)

Xc(t) − Xi(t)
����

����
× Step × rand(0, 1),

(12)

otherwise, the AF executes prey behavior.

3.1.4. Random Behavior. To prevent local optimum, the AF
would execute random behavior if the other behaviors failed
to execute. Random behavior means the AF chooses an
arbitrary state or position randomly in its visual feld, and
then it swims towards the selected state. It can be described
as follows:

Xi(t + 1) � Xi(t) + Step × rand(0, 1). (13)

3.1.5. Adaptive Visual and Step. In standard AFSA, the
visual and steps are fxed. At the beginning of the algorithm,
large values of visual and step lead to better convergence
speed. However, when AFs move close to the fnal position,
the large values will cause problems such as local optimum
or iterative jumps. But if the values are too small, the ef-
ciency is decreased. Terefore, the algorithm has specifc
requirements on the size of the visual and steps in diferent
stages. To balance the global search ability and convergence
rate, an adaptive factor is introduced.

In this paper, the aggregation factor β which is used to
describe the degree of aggregation of all individuals at the
optimal value is given as follows:

β � m
favg

fmax Xi(t)( 
+(1 − m)

fmin Xi(t)( 

fmax Xi(t)( 
, (14)

favg �
1
N



N

i�1
f Xi(t)( , (15)

where favg is the mean ftness value of all artifcial fsh,
fmax(Xi(t)) and fmin(Xi(t)) denote the optimum value and
minimum value of food concentration. Ten the adaptive
factor α is given as follows:

α � ke
− βm

+(1 − k)e
− i/Tmax( )

n

, (16)

where

m � 1.5 −
i

Tmax
 ,

n � 1.5 − β,

(17)

where k ∈ [0, 1], m and n are customized control
parameters.

Te expression of visual and step are determined as
follows:

visual � visual × α + visualmin, (18)

step � step × α + stepmin. (19)

From (18) and (19), we can see the large visual and step
value in the beginning stage (m> 1 and n> 1) will lead AFs
move towards positions quickly and make them gather. As
the calculation continues, the visual and step are gradually
getting smaller, which improves the efciency and accuracy
of searching.

Te pseudocode of modifed artifcial fsh swarm algo-
rithm is presented in Algorithm 1.

3.2. Local Optimizer. USV is a nonholonomic and under-
actuated robotic system, which means it features low ma-
neuverability and motion fexibility. Te path generated by
MAFSA contains numerous discrete waypoints and re-
dundant changes in heading angle which may cause large
control inputs, even for saturating actuators. A sufciently
smooth and continuous path is then critical. Moreover, since
the Euclidean heuristic in MAFSA always selects the shortest
path regardless of where the obstacles are located, the path
would lie extremely close to the obstacles. Terefore, we
introduce the local optimizer to address these issues. Te
objective function designed for the optimizer is illustrated as
follows:

J � Js + Jc + Jd, (20)

where three terms of this cost function represent the path
smoothness, path continuity, and path safety, respectively.
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Te smoothing objective function optimizes the change of
the heading angle, which is expressed as follows:

Js � 
n

i�1
Δψ2

i , (21)

where Δψi is the heading angle change of the USV. Te
second term denotes the path continuity. To avoid abrupt
changes of the control inputs, the motion of the USVs re-
quires two consecutive positions si and si+1 to be located on a
common arc of constant curvature. As we mentioned in
Section 2, a common arc of constant curvature is obtained if
and only if κi,i and κi,i+1 are equal:

κi,i − κi,i+1 � 0. (22)

Terefore, Jc should be minimized:

Jc � κi,i − κi,i+1


. (23)

Te third term Jd ensures the path keeps a sufcient distance
from the obstacles. Suppose the distance between each path
segment si to its nearest obstacle Oobsi(Oobsi ⊂ Oobs) is denoted
as di � si, Oobsi, (i � 1, 2, 3, . . . , m). Ten the path safety of
each segment can be expressed as:

Di �

0, di ≥ dmax,

di − dmin

dmax − dmin
, dmin < di < dmax,

1, di ≤ dmin.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

(24)

Ten Jd should be optimized as follows:

Jd � 
m

i�1
Di. (25)

Figure 3 shows the scheme of the proposed method.

3.3. USVModelDesign. To implement the proposed method
for practical simulation, this section presents a USV control
system model from a USV prototype given by [23]. Te
dynamics and kinematics model of a USV can be expressed
as follows:

_ξ � u cosψ − v sinψ,

_η � u sinψ − v cosψ,

_ψ � r,

_u �
m22

m11
vr −

d11

m11
u −

1
m11

Satu τu( ,

_v � −
m11

m22
ur −

d22

m22
v,

_r � −
m11 − m22

m22
uv −

d33

m33
r +

1
m33

Satr τr( ,

(26)

where [ξ, η]T is the position vector of the USV in the inertial
frame I{ } and ψ denotes the yaw angle; [u, v]T is the linear
velocity vector in the B{ } frame while r is the yaw rate; m11,
m22, and m33 denote the inertial related parameters; and d11,
d22, and d33 represent the damping related parameters. τu

(1) Require: N: the population of the AFs
(2) Xi: the position state of AF i

(3) Visual: the maximum range in which AF can search
(4) Step: the maximum range AF can move
(5) Initialize the artifcial fsh population: N

(6) Initialize the state of each AF: Xi

(7) while the path is not found do
(8) for each AF do
(9) fag� stateEvaluation()
(10) case fag� prey:
(11) Xi(t + 1)←Xi(t) + step towards best potential position
(12) case fag� follow:
(13) Xi(t + 1)←Xi(t) + step towards neighbor fishwith better position
(14) case fag� Swarm:
(15) Xi(t + 1)←Xi(t) + step towards center of the fish swarm
(16) case fag� random:
(17) Xi(t + 1)←Xi(t) + step towards randomdirection
(18) end for
(19) Update the state of each AF Xi

(20) Update visual and step
(21) end while
(22) route� selectBestRoute (Xi)
(23) Output: route

ALGORITHM 1: Modifed artifcial fsh swarm algorithm.
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and τr are the control input of surge and yaw. Sat∗ represents
the saturation function of the control signals, and it is de-
scribed as follows [24]:

Sat∗(x) �

τ∗max, x> τ∗max,

x, τ∗min ≤ x≤ τ∗max,

τ∗min, x< τ∗min,

⎧⎪⎪⎨

⎪⎪⎩
(27)

where ∗ denotes u or r, and τ∗maxτ∗min are the maximum
value and minimum value of τ∗, respectively. All the pa-
rameters related to the USV model are presented in Table 1.

Apart from the USV dynamics, three subsystems are also
designed for implementation: navigation, guidance, and
control (NGC) systems. Te navigation system receives the
state’s signal from the sensors and a customized extended
Kalman flter (EKF). All the information obtained is pro-
cessed and merged to determine the actual positions and
velocities. Te guidance subsystem includes the path plan-
ning module, which computes a collision-free route as the
reference trajectory, and a line-of-sight (LOS)-based auto-
pilot, which employs a closed-loop PID controller. Te
confguration of the USV model is presented in Figure 4.

4. Simulation and Discussion

In this section, computer-based simulations have been
carried out to evaluate the performance of our proposed
method. Notably, the simulations are conducted via the
MATLAB 2021a environment on a PC confgured with an
Intel (R) Core (TM) i7-8700 CPU and 8GB RAM. Te
specifc confgurations for the simulations are presented as
follows:

(i) Section 4.1 presents the efciency benchmark test
between the MAFSA and other existing references
to verify the efectiveness of the algorithms.

(ii) Section 4.3 shows the path planning benchmark
study to evaluate the solution quality of MAFSA
with a local optimizer.

(iii) Section 4.3 shows the implementation of the pro-
posed method into the USV control system to verify
its performance in a practical situation.

4.1. Efciency Benchmark Test. In this section, the path
planning benchmark test is conducted between the proposed
method and other existing references to evaluate its ef-
ciency. As adjusting the parameters of the MAFSA is not the
focus of this research, their values are determined by the
general settings and previous works. For this work, the
crowd factor δ is 0.618; the initial step length and visual
scope are selected as 5 and 10 pixels; tryumber is 10; the
population size is 50 for all the cases. Te parameters of
Hybrid A∗ and D∗ lite are set as the same in [24, 25]. To
verify the efectiveness of the proposed methods, eight
scenarios of binary maps including the complex grid maps
and open water cases are considered as shown in Figure 5.
Table 2 presents the environment information for each
scenario. Moreover, to eliminate the randomness of the
algorithms, it should be noted that 100 runs are conducted
for each case. Te robustness is evaluated by the standard
deviation (SD) as shown in the following equation [26]:

SD �

����������������

1
100



100

i�1
si − AVG( 

2




. (28)

Table 3 shows the quantitative results of the performance
on each scenario. Figure 6 presents the boxplot of the time
cost. From the corresponding simulation results, the fol-
lowing conclusions can be drawn:

MAFSA
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1
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Figure 3: Scheme of the proposed method.
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Table 1: USV parameters.

Name Value
m11 (kg) 25.8
m22 (kg) 33.8
m33 (kg∗m2) 2.7
L (length: m) 1.5
W (width: m) 0.25
d11 (kg/s) 2
d22 (kg/s) 7
d33 (kg∗m2/s) 0.5
τ∗max 47.5
τ∗min 6.4

Image process and mission requirement Path planning and pruning

Sensors and EKF Autopilot and controller

Path

States

Sensor
feedback 

2.0

1.5

1.0

0.5

0.0
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Figure 4: Te confguration of the USV model.
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Figure 5: (a) Complex scenario; (b) open water scenario.
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(1) It is observed from Table 3 that the proposed method
yields the best performance regarding the time cost.
Te solutions of scenario 1–4 are obtained within less
than 0.5 s and the time costs of scenario 5–8 are around
1 s, which is much efcient than the other algorithms.

(2) As shown in Figure 6 and Table 3, MAFSA also
presents the least standard deviation of time cost in
all cases compared to the other methods. Such
performance has demonstrated that the MAFSA
possesses strong robustness.

(3) Regarding the path quality, the MAFSA gives the
optimal solutions in terms of path length in all cases.
In particular, the path length is approximately 20%
shorter compared to the conventional AFSA.

Figures 7 and 8 present the visualized results of the
simulation. Table 5 shows the statistical measurements of the
paths. From the simulation results, the fndings are sum-
marized as follows:

(1) Inspection of Figures 7 and 8 have shown that the
sharp turnings are successfully avoided by the pro-
posed method, which gives a smoothed trajectory.
Moreover, applying the local optimizer ensures the
path is sufciently far from the obstacles and does
not cause a potential collision risk.

(2) From the quantitative results presented in Table 5,
the proposed method is the only one passes the
safety requirement with the minimum distance
from obstacles of 10.630m and 10.440m for each
case. Furthermore, the smoothness values obtained
by the proposed method are the least among them.
Tese results indicate that the local optimizer is
able to generate practical solutions for the path
planning.

4.2. SolutionQuality BenchmarkTest. In this section, of-line
path planning simulations are conducted to illustrate the
path quality performance of the algorithm. Some other

Table 2: Environment settings of each scenario.

Map size Start Goal
Scenario 1 (complex map) 10∗10 (1, 1) (10, 10)
Scenario 2 (complex map) 10∗10 (1, 1) (10, 10)
Scenario 3 (complex map) 20∗ 20 (1, 1) (20, 20)
Scenario 4 (complex map) 20∗ 20 (1, 1) (20, 20)
Scenario 5 (open water) 400∗ 400 (175, 300) (150, 80)
Scenario 6 (open water) 400∗ 400 (40, 340) (300, 240)
Scenario 7 (open water) 400∗ 400 (285, 340) (390, 50)
Scenario 8 (open water) 400∗ 400 (70, 350) (260, 250)

Table 3: Performance comparison between diferent methods for 8 scenarios.

Evaluation criteria Proposed Standard AFSA D∗ lite Hybrid A∗

Scenario 1 (complex map)
AVG travel distance (pixels) 13.900 16.240 13.890 15.070

Time cost (s) 0.099 0.137 0.135 0.135
Time SD (s) 0.012 0.023 0.028 0.026

Scenario 2 (complex map)
AVG travel distance (pixels) 13.900 16.240 15.660 13.890

Time cost (s) 0.120 0.146 0.180 0.131
Time SD (s) 0.014 0.023 0.024 0.026

Scenario 3 (complex map)
AVG travel distance (pixels) 30.380 35.070 30.970 31.800

Time cost (s) 0.331 0.536 0.588 0.630
Time SD (s) 0.021 0.43 0.047 0.037

Scenario 4 (complex map)
AVG travel distance (pixels) 27.790 31.800 29.210 28.630

Time cost (s) 0.306 0.554 0.576 0.623
Time SD (s) 0.011 0.115 0.064 0.055

Scenario 5 (open water)
AVG travel distance (pixels) 244.000 258.800 248.200 249.300

Time cost (s) 1.245 3.609 8.115 2.578
Time SD (s) 0.210 0.700 0.640 0.560

Scenario 6 (open water)
AVG travel distance (pixels) 395.600 415.880 408.960 403.810

Time cost (s) 1.352 4.506 8.470 2.610
Time SD (s) 0.312 0.441 0.652 0.760

Scenario 7 (open water)
AVG travel distance (pixels) 318.350 344.180 324.570 326.330

Time cost (s) 1.124 4.124 8.761 2.523
Time SD (s) 0.212 0.471 0.572 0.778

Scenario 8 (open water)
AVG travel distance (pixels) 359.000 370.800 360.010 360.970

Time cost (s) 1.235 5.264 9.021 1.812
Time SD (s) 0.348 0.473 0.642 0.678
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algorithms from existing reliable references are selected for
the benchmark study, i.e., Hybrid A∗ [25], D∗ lite [24], and
RRT∗[27]. MAFSA is embedded with the local optimizer to
solve the problem.Te weight value of each objective is set as
the same and the optimization problem is solved by the
barrier method from the MATLAB optimization toolbox.
Te parameters of MAFSA and testing environment are set
as the same as Section 4.1. Te environment map is con-
fgured as shown in Table 4.

Visualized and quantitative results are shown in
Figure 10 and Table 7. Figure 11 shows the path tracking
results by the USV model. Figure 12 presents the course
angle and speed of the USV model. Te propeller com-
mand during the simulations is recorded in Figure 13.
From the simulation results, the following fndings can be
summarized:

(1) From Figures 10 and 11 and Table 7, it is shown in
the results that the proposed method obtains the
better solution quality in terms of safety and
smoothness. Te minimum clearance from the ob-
stacle is 10.198m and the smoothness value is
2.547 rad. Tis is directly in line with the fndings
from the previous section.

(2) Comparing the results of the simulations, it can be
observed that the red trajectory in Figure 7 is much
smoother than the others, especially in the section
denoted by the blue boundary. Te tracking results
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Figure 6: Boxplot of the time consumption for each scenario. (a) Scenario 1. (b) Scenario 2. (c) Scenario 3. (d) Scenario 4. (e) Scenario 5.
(f ) Scenario 6. (g) Scenario 7. (h) Scenario 8.

Table 4: Environment confguration.

Parameter Value

Scenario 1
Map size (pixel) 400∗300
Start (pixel) (10, 260)
Goal (pixel) (300, 90)

Scenario 2
Map size (pixel) 400∗300
Start (pixel) (100, 150)
Goal (pixel) (260, 100)
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Figure 7: Path comparison of scenario 1.

Path Comparison (Scenario 2)
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Figure 8: Path comparison of scenario 2.

Table 5: Statistical measurements of the paths.

Methods Performance Scenario 1 Scenario 2

Proposed Minimum clearance (m) 10.630 (P) 10.440 (P)
Smoothness (rad) 2.238 2.294

D∗ lite Minimum clearance (m) 0 (✕) 1 (✕)
Smoothness (rad) 54.978 5.816

Hybrid A∗ Minimum clearance (m) 4.243 (✕) 0 (✕)
Smoothness (rad) 10.119 2.356

RRT∗ Minimum clearance (m) 1.000 (✕) 3.000 (✕)
Smoothness (rad) 5.727 6.064

Note. Safety distance is set as 10m. P is shown if the safety requirement is satisfed.
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Figure 10: Paths generated by the algorithms.

Table 6: Environment settings.

Value
Map size (pixels) 261.9 (width) ∗286 (height)
Start (earth frame) (120.086671°E, 30.299859°N)
Goal (earth frame) (120.088227°E, 30.301374°N)
Start (local frame) (60m, 60m)
Goal (local frame) (210m, 220m)
Currents 0.2m/s, 20°

(a)

Goal

Start

(b)

Figure 9: Qizhen lake: N� 30.301956°, S� 30.299381°, W� 120.086141°, E� 120.088866°. (a) Satellite map; (b) concept map (the map size is
precisely calculated by google map: height� 286m, width� 261.9m).
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Figure 11: Simulation results with USV model (a) tracking results of proposed method; (b) tracking results of standard AFSA; (c) tracking
results of Hybrid A∗; and (d) tracking results of D∗ lite.

Table 7: Quantitative results of simulation.

Methods Performance Metrics

Proposed Minimum clearance (m) 10.198 (P)
Smoothness (rad) 2.547

Hybrid A∗ Minimum clearance (m) 2.236 (✕)
Smoothness (rad) 5.687

D∗ lite Minimum clearance (m) 0 (✕)
Smoothness (rad) 60.4757

Note. Safety distance is set as 10m. P is shown if the safety requirement is satisfed.
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presented by the other methods have shown winding
trajectories with large deviations.

(3) Inspection of the control signal in Figure 12 denotes
that the deviation between the reference and control
input of the proposed method is the smallest. Tis
indicates that the solution ft the USV’s mechanical
system well.

(4) In Figure 13, the propeller command is more stable
compared with others, and the abrupt changes in
control inputs are avoided. Tis indicates that the

proposed method is more feasible in cooperating with
the USV control system in the practical environment.

4.3. Simulation in USV Model. To further evaluate the
performance, the proposed method is implemented in the
USV control systemmodel for a real mission.Te simulation
site is selected at Qizhen Lake in the Zhejiang University as
shown in Figure 9(a). Te start and goal are marked as blue
and red dots, respectively, in Figure 9(b). More detailed
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Figure 12: Course angle and speed of the USV model, (a) tracking results of proposed method; (b) tracking results of Hybrid A∗; and (c)
tracking results of D∗ lite.
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information is shown in in Table 6. Te parameter settings
are the same as in Section 4.1.

5. Conclusion

In this work, we present a modifed artifcial fsh swarm
algorithm in combination with a local optimizer to solve the
path planning problem.Te proposed algorithm is generally
efcient and practical for the USV path planning problem.
Te efciency and path quality tests have verifed that it is
better than several other algorithms from existing reliable
references in terms of efectiveness and solution quality.
Moreover, the simulations conducted in the USV model
demonstrate that MAFSA can perfectly coordinate with the
control system. Terefore, the simulation results have pre-
sented strong evidence that the proposed method is reliable
for USV path planning.

Abbreviations

ACO: Ant colony optimization
AF: Artifcial fsh
AFSA: Artifcial fsh swarm algorithm
GPM: Gauss pseudospectral method
IA: Immune algorithm
MAFSA: Modifed artifcial fsh swarm algorithm
PSO: Particle swarm optimization
RGPM: Rapid-Gauss pseudospectral method
SD: Standard deviation
SPP: Second path planning
USV: Unmanned surface vehicle.

Data Availability

Te data used to support the fndings of this study are in-
cluded within the article.
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Figure 13: Propeller command of the USV model, (a) propeller command of proposed method; (b) propeller command of Hybrid A∗; and
(c) propeller command of D∗ lite.
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