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Abstract

Unmanned surface vehicles (USVs) play a vital role in marine construction, such as maritime patrol and search—rescue operations. However,
USVs face complex challenges when performing tasks in path planning. An adaptive chaotic-enhanced particle swarm optimization (ACA-
PSO) algorithm is presented in this paper to increase the efficiency of static path planning for USVs in intricate maritime environments. The
proposed ACA-PSO algorithm addresses the dual challenges of path optimality and navigational safety while considering path length,
smoothness, safety, and convergence speed. First, a sine chaotic sequence for initialization is introduced, which enhances global search
capabilities and effectively escapes local optima. Second, an adaptive inertia weight decay strategy is proposed to adjust the weight dynamically
to enhance convergence efficiency and solution quality. Third, sinusoidal acceleration learning factors are considered to alleviate the limitations
of static cognitive and social learning factors. Fourth, a historical velocity weighting strategy is developed to improve trajectory smoothness and
convergence robustness. Finally, extensive simulation results confirm that the proposed ACA-PSO algorithm significantly outperforms
conventional PSO and other optimization algorithms in path planning effectiveness, convergence efficiency, and operational stability.
Specifically, in optimal path distance, the proposed ACA-PSO algorithm achieves 2.4% and 4.9% improvements compared with traditional PSO
and simulated annealing (SA) algorithms, respectively. The proposed ACA-PSO algorithm also demonstrates a 29.8% better grayscale value in
path smoothness compared with the SA algorithm. Moreover, with a much lower standard deviation of 0.201 x 107, the ACA-PSO algorithm is
superior in stability.

Keywords Unmanned surface vehicles (USVs); Particle swarm optimization (PSO); Path planning; Chaos sequences; Adaptive inertia weights

1 Introduction tages of robust environmental adaptability and superior oper-
ational efficiency. However, the efficiency and safety of
Chen et al. (2025) and Luo and Su (2025) demonstrated ~ USVs’ path planning are critical in performing tasks,
that unmanned surface vehicles (USVs) are extensively which has attracted growing attention in recent research.
Path planning, a central aspect of USVs, is defined as
identifying an optimal navigation route from a starting
point to a target destination. Shen et al. (2021) and Li et al.
(2024) showed that state-of-the-art research on related algo-
. A sine chaotic sequence is introduced '.co enhance popula.ltion diver- rithms has developed substantially over the past decades.
sity and to prevent the presented algorithm from becoming trapped Cui et al. (2025) established the QuatAPF framework, com-
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porate past velocities and to improve trajectory smoothness and
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is limited when applied to complex marine environments
with irregular obstacles and nonuniform terrain conditions.

Lin et al. (2025), Gronauer and Diepold (2022), and
Zhou et al. (2025) revealed that reinforcement learning
(RL) and deep reinforcement learning (DRL) have emerged
as powerful optimization methods for USV path planning
and enable learning optimal navigation policies through
interaction with dynamic marine environments. For coop-
erative path planning of USVs, Wen et al. (2023) proposed
a two-stage DRL solution that complies with COLREGs
and effectively manages collision avoidance within the
USV fleet and between USVs and target ships. To traverse
USVs in environments with partial observations, Xiao et al.
(2023) implemented a DRL approach that combines deep
Q-networks with long short-term memory and improves
path planning efficiency and adaptation to unknown infor-
mation. For multiUSV task planning, Zhang et al. (2024)
established an enhanced DRL approach that divides the
task planning problem into autonomous collision avoidance
and job allocation subproblems. However, Wang et al.
(2023a) presented that RL generally necessitates substantial
interaction samples for effective strategy learning. More-
over, Zhao et al. (2021) and Yan et al. (2024) showed that
RL algorithms commonly converge to local optima and
often fail to identify globally optimal navigation paths.

Lei et al. (2023) and Gul et al. (2022) demonstrated the
superior performance of metaheuristic algorithms in han-
dling complex combinatorial optimization problems com-
pared with traditional methods, which makes them princi-
pally valuable for USV path planning research. Cleghorn
and Stapelberg (2022) and Zhang and Lin (2022) showed
that particle swarm optimization (PSO) has emerged as a
promising solution due to its simple structure, rapid con-
vergence properties, and inherent parallelism that facili-
tates distributed computing implementations, as proven by
Campos et al. (2019). The state of the art focused on
strengthening PSO performance through several strategies.
In terms of initialization mechanisms, to address the slow
convergence caused by insufficient population distribution
in evolutionary algorithms, Chu et al. (2022) proposed a
chaotic initialization method based on Logistic maps and
effectively accelerated optimization progress while main-
taining solution diversity. Similarly, to overcome the per-
formance degradation of traditional PSO in high-dimen-
sional search spaces, Yang et al. (2022) proposed a differ-
ential elite learning PSO algorithm for global numerical
optimization and enhanced optimization performance in
complex scenarios. Moreover, Zare et al. (2023) proposed
a modified PSO algorithm considering hummingbird flight
patterns to improve search quality and population and solu-
tion quality in engineering applications. The algorithm’s
dynamic adjustment capabilities have been remarkably
improved through nonlinear inertia weight adjustment for
better exploration-exploitation balance (Zhang and Li, 2024)

and time-varying acceleration coefficients for adaptive
parameter control (Ratnaweera et al., 2004). Despite these
advances, critical challenges remain unresolved. Westheider
et al. (2023) addressed multiagent path planning, but their
approach did not incorporate comprehensive parameter
adaptation. Li et al. (2020) improved velocity-driven strat-
egies, but their method displayed constraints in maintain-
ing search diversity. Mozzen et al. (2023) improved mem-
ory mechanisms, but their framework struggled to achieve
robust convergence in complex environments. Qiu et al.
(2023), Sun (2024), and Nguyen et al. (2024) showed that
despite the substantial progress in specific aspects of USV
path planning, a critical gap remains: the absence of a uni-
fied framework that can address all key challenges in this
domain.

To overcome these limitations, an enhanced adaptive
chaotic accelerated PSO (ACA-PSO) algorithm is pro-
posed in this study. The foremost contributions include
implementation of sine chaotic sequence initialization for
improved global search capability, development of adap-
tive inertia weight strategy for dynamic balance, introduc-
tion of sinusoidal acceleration learning factors for opti-
mized cognitive-social interaction, and integration of his-
torical velocity weighting mechanism for enhanced con-
vergence stability. The experimental results present that
ACA-PSO achieves superior performance in path planning
effectiveness, convergence efficiency, and operational sta-
bility compared with existing approaches.

The remaining parts of this paper are organized as fol-
lows. Section 2 develops the mathematical model for USV
path planning. Section 3 discusses the design methodology
and implementation of the enhanced ACA-PSO algorithm.
Section 4 confirms the algorithm’s efficacy through com-
parative simulations. Section 5 presents the conclusions.

2 Problem description

Surface motion path planning for USVs is investigated
in this paper, as exhibited in Figure 1. The main objective
is to determine the optimal path from the initial position
S = (x,,,) to the target position S, = (x,,y,) while opti-
mizing path smoothness at turning points and guaranteeing
safety performance. Path quality is assessed through a com-
prehensive fitness function that integrates numerous objec-
tives. The USV’s motion characteristics are defined by its
velocity v, and turning angle ¢, with corresponding velocity
components v, and v, along the x and y axes, respectively.

2.1 Path length calculation

Obtaining a better path length enables reducing the over-
all computing overhead and running time of USV during

execution. Total path length f,,., is a primary optimization
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Figure 1 Schematic diagram of USV path planning on the sea surface

objective in USV navigation. Based on the Euclidean dis-
tance metric, the cumulative length of a path composed of
n way points is computed as follows.

n—1

flength = z (x4 _xi)z T (Vi _yi)z (1)
i=0

where (x,, y;) and (x, . ,, y;, ;) are the Cartesian coordinates
of the ith and (i + 1)th way points, respectively, and 7 is
the total number of path segments. This formula guaran-
tees a geometrically precise representation of the USV’s
travel distance. In the path planning of unmanned ships,
the optimization of the path length not only signifies a
reduction in the navigation distance but is also more directly
related to the overall calculation and operation costs.

2.2 Path smoothness complexity evaluation

During navigation, USVs often encounter sharp direc-
tional changes. To improve path smoothness, a quantitative
smoothness evaluation function f,, .. i proposed. This
function evaluates path smoothness by calculating the turn-
ing angles between consecutive path segments.

Let the directional vectors of two consecutive path seg-
ments, denoted as the ith and (i + 1) th segments, be repre-

sented by (dx,, dy,) and (dx,_,, dy,,, ), respectively.

0,= ‘arctan(dyH 1 dx,-ﬂ) - arctan(dy,., d_xl_)

(@)

where ¢ = arctan (dy, dx) is the angle between the vector
(dx, dy) and the positive x axis, measured in radians. Smooth-
ness complexity evaluation function f

smooth

is expressed as
follows.

v,

i

1 1
oo =n12(9,- x ) x 100 3)
where the path comprises N segments (yielding N — 1 turn-
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N-1
ing angles), 2 6, is the summation of all turning angles
i=2
along the path, v, is the velocity of the ith path segment,
and 1/m is a normalization coefficient that scales the result

to the range [0, 100], quantifying the path complexity.
2.3 Safety value evaluation metric

To safeguard collision-free navigation, a safety zone with
radius R is established around the USV path centerline, as
presented in Figure 1. This zone functions as a protective
buffer against obstacles. Safety evaluation function f;
quantifies path feasibility through the following formula.

afe

1, d,>R

" 4
0, d,<R @)

Saate =
where d,, is the minimum distance between the USV’s
path centerline and the mth obstacle. When d,, < R, an
intersection exists between the safety zone and obstacles,
and the evaluation function returns zero, rendering the
planned path infeasible. Conversely, when d,, > R, the path
satisfies the safety constraints and is deemed feasible.

2.4 Fitness function for path planning

By integrating all the said factors and their correspond-
ing evaluation metrics, the comprehensive fitness function
f for path planning is expressed through the synthesis of
Equations (1) to (4), as follows.

1 1
.f: X X sale (5)
.flength f;mooth f !

Equation (5) presents that path length, smooth, safety,
and convergence speed are involved in the path planning
of USV, which can reduce computational complexity. A
higher fitness value indicates superior path planning per-
formance, characterized by optimal path length, enhanced
smoothness, and improved safety margins. Conversely, a
lower fitness value reflects suboptimal performance, mani-
fested in excessive path length, increased complexity, and
compromised safety parameters.

3 Improvement of the PSO algorithm

The ACA-PSO algorithm has been developed based on
the traditional PSO algorithm and incorporates a sine cha-
otic sequence for initialization, an adaptive inertia weight
decay strategy, sinusoidal acceleration learning factors, and
a historical velocity weighting mechanism to enhance path
planning performance. The improvement strategies and
algorithmic implementation are detailed as follows.
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3.1 PSO algorithm

The PSO algorithm employs iterative equations to update
particle velocities and positions and direct the swarm
toward optimal solutions through the exploitation of per-
sonal best positions (P*") and the global best position
(G**). Canonical velocity and position update equations
are expressed as follows (Kennedy and Eberhart, 1995).

vi(t+ 1) =w (1) + c;r (P = x, (1)) + 6
ey (G* = x,(1)) ©

x,(t+ 1) =x; (1) +vi(r+1) (7

where v, (¢ + 1) is the velocity vector of the ith particle at
iteration ¢ + 1; x,(¢ + 1) is the position vector of the ith at
iteration ¢ + 1; ¢, and ¢, are the cognitive and social accel-
eration coefficients, respectively, which regulate the parti-
cle’s velocity adjustment based on personal and global
experience; 7, and r, are random variables uniformly dis-
tributed in the interval [0, 1]; and w is the inertia weight
coefficient that modulates the effect of the current velocity
on the subsequent position update.

3.2 Improved ACA-PSO algorithm

3.2.1 Sine chaotic sequence

To improve population diversity, a sine chaotic mapping
replaces the standard random initialization and generates
pseudorandom sequences with ergodicity and nonrepetition.
Chaotic weight w is defined as follows (Huang et al., 2025).

w=10.5 x 1+§Xsin(nyi) (8)

where ¢ is the iteration index, y; is a stochastic variable uni-
formly distributed in the interval (0, 1.5), and £ is the con-
trol coefficient. Figure 2 illustrates the temporal evolution
of w over 60 iterations. For the specific case where y, =
0.15 and k£ = 5, w exhibits a nonlinear dynamic behavior
bounded within [0, 1]. This proposed sine-based dynamic
adaptation mechanism not only provides effective modula-
tion of the inertia weight but also improves the stochastic
nature and population diversity of the search through the
incorporation of the stochastic parameter.

3.2.2 Adaptive inertia weight decay strategy

To balance global exploration and local exploitation
dynamically, an adaptive inertia weight w, which decays
nonlinearly with iterations, is proposed (Wang et al., 2023b).
The weight update mechanism is defined as follows.

T Winin) X P (€))

where @ is a monotonically decreasing function of the cur-

Dynamic inertia weight variation
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Figure 2 Dynamic variation of the inertia weight w using the sine
chaotic sequence over 60 iterations

rent iteration index k and the maximum number of itera-
tions T, expressed as follows (Zhou et al., 2022).

(’;)3 x ’2‘) (10)

The proposed adaptive strategy implements a larger
inertia weight during early iterations to facilitate extensive
exploration of the search space while progressively decreas-
ing the weight in later iterations to intensify local exploita-
tion. Weight dynamic adjustment mechanism effectively
improves the algorithm’s convergence characteristics and
optimization performance.

3.2.3 Sine acceleration learning factor

To balance exploration and exploitation adaptively, the
cognitive ¢, and ¢, coefficients are dynamically modulated
via sinusoidal functions over iterations (Zhan et al., 2009).

cl=AXcos((1—l;,)><§ +B (11)
cz=AXsin((1 —I;)x’;)ﬂa (12)

where A and B are the control parameters, k is the current
iteration index, and 7 is the maximum number of itera-
tions. During early iterations, larger values of ¢, and ¢,
enhance the particles’ global exploration capabilities and
facilitate comprehensive coverage of the solution space.
As iterations progress, the decremental values of ¢, and ¢,
intensify local exploitation and enable particles to refine
potential solutions, thus optimizing convergence rate and
solution precision.

3.2.4 Historical velocity weighting strategy

To improve the algorithm’s stability and to accelerate
convergence, this study introduces an innovative optimiza-
tion strategy incorporating historical velocity weighting.
The proposed approach integrates a weighted average of
historical velocities into the velocity update equation and
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modifies the conventional update formula.

v (t+ 1) =wv,(¢) + c;r (P = x,(1)) +

eyra(G™ = x,(1)) + a - Avg[jvi(t - k)}
=
(13)

where o = 0.1 is the historical velocity weighting coeffi-
5
cient, 2 v,(t = k) is the aggregation of individual particle
k=1

velocities over five consecutive time steps (from ¢ — 1 to
t = 5), and Avg is the weighted average velocity calculated
from the five earlier iterations. The velocity weighting
enhancement remarkably strengthens the algorithm’s tem-
poral memory capacity, alleviates oscillatory behavior dur-
ing optimization, and simultaneously improves conver-
gence stability and solution precision.

3.3 Specific steps of the ACA-PSO algorithm

The proposed ACA-PSO algorithm integrates four key
enhancement strategies: 1) sine chaotic initialization, 2) adap-
tive inertia weight decay, 3) sinusoidal acceleration learn-
ing factors, and 4) historical velocity weighting. The com-
plete algorithmic procedure is expressed in Table 1, and
the implementation details are as follows.

4 Simulation experiments and analysis

Comprehensive experimental validation is discussed in
this section to assess the performance of the ACA-PSO
algorithm through extensive numerical simulations and
comparative analyses.

4.1 Parameter configuration

The experimental evaluation was performed in the
MATLAB R2024a environment on a computing platform
equipped with an Intel Core i7 processor and 16 GB of
RAM. Simulation experiments were performed to assess
the performance of the USV path planning algorithm. Com-
parative analyses were completed against traditional algo-
rithms, including PSO, genetic algorithm (GA), simulated
annealing (SA), and ant colony optimization (ACO). The
key parameters were configured as follows: The population
size for all five algorithms was uniformly set to 50, while
the maximum number of iterations was fixed at 1 000. Each
algorithm was independently executed 30 times on the
same test function, and the optimal value (Best), mean
value (Mean), and standard deviation (Std) of the results
from these 30 runs were calculated. For the proposed
ACA-PSO algorithm, the initial inertia weight (w,,,,) was
set to 0.9, the minimum inertia weight (w_. ) was set to

min

@ Springer

Table1 ACA-PSO algorithm

Require: ¢,, c,, acceleration coefficients; N, swarm size; D, swarm
dimension; &, control factor for Sine chaos; a, historical velocity
weighting coefficient; Max_iter, maximum number of iterations.

Process

1: Initialize the particles of the swarm;

2: Initialize the path planning environment and constraints;

3: Set parameters, N, Max_iter ¢, ¢,;

4: for each particle 7 in swarm do;

5: Initialize position x; at starting point (0, 0);

6: Initialize velocity v, using Sine chaotic sequence /*
" Equation (8) */

7: Set global_best G = argmin {f (Pi) };

8: end for

9: while iter < Max_iter do

10: Calculate adaptive inertia weight /* Equation (9) */

11: for each particle 7 in swarm do

12: if particle is trapped in local optima then

13: Apply chaos perturbation to escape local optima;

14: Else

1s: Update particle velocity v, using/* Equation (6) */with historical

velocity weighting /* Equation (13) */

16: Update particle position x; using /* Equation (7) */

17: Calculate new fitness f (xi);

18: iff(x,.)<f(p,)then

19: pi=X;

20: end if

21: if /(p,)</f(G)then

22: G=P,

23: end if

24: end if

25: end for

26: Update historical velocity weights /* Equation (13) */

27: if convergence criterion is met then

28: break;

29: end if

30: end while

Return Optimal path G and fitness /(G ) as the final optimal
solution.

0.4, the acceleration factors (4 and B) were set to 2.0 and
1.5, respectively, and the historical velocity weighting coef-
ficient a was set to 0.1.

4.2 Path planning for USVs with regular obstacles

To validate the performance of the proposed ACA-PSO
algorithm in a basic scenario, initial experiments were com-
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pleted in an environment featuring multiple circular obsta-
cles. The experimental setup included a starting point S =
(0, 0), a target point 7= (7, 9.1), and six circular obstacles
of varying sizes.

Figure 3 illustrates the path planning processes and results
of the five algorithms (PSO, SA, GA, ACO, and ACA-
PSO). Figure 3 reveals that the proposed ACA-PSO algo-
rithm outperforms the other algorithms, not only achieving
effective path planning but also avoiding all obstacles suc-
cessfully. Additionally, the proposed ACA-PSO algorithm
demonstrates superior path smoothness and a shorter path
length compared with the alternatives.

Path planning of USV with five methods
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Figure 3 Path planning process of five algorithms under regular
path conditions

To demonstrate better the convergence speed and effi-
ciency of the proposed strategy, Figure 4 presents the fit-
ness convergence curves of traditional PSO and improved
ACA-PSO algorithms during iteration. The ACA-PSO
algorithm achieves stability after approximately 200 itera-
tions, whereas the traditional PSO algorithm requires up to
800 iterations to converge. Moreover, the final fitness value
of ACA-PSO is substantially higher than that of traditional
PSO. The experimental result indicates that the proposed
improvement strategy considerably enhances the conver-

gence speed and optimization capability of the algorithm.

Comparison of ACA-PSO and PSO fitness value
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Figure4 Evolution curve of the optimal individual fitness

To evaluate the performance of the ACA-PSO algorithm
quantitatively compared with other algorithms, this paper
conducted a comprehensive analysis focusing on four key
metrics: optimal path distance, average convergence speed,
fitness value/100, and execution time. Table 2 details the
results from 30 independent runs of the five algorithms.

The experimental data analysis in Table 2 shows that the
proposed ACA-PSO algorithm demonstrates remarkable
advantages across multiple evaluation metrics. In terms of
the core metric of path planning, that is, optimal distance,
the ACA-PSO algorithm achieved a best value of 11.666 89,
representing improvements of 2.4% and 4.9% over the tra-
ditional PSO and SA algorithms, respectively. Further-
more, the ACA-PSO algorithm’s Std of 0.201 x 10~ was
substantially lower than those of the other comparative
algorithms, indicating superior stability. Regarding path
smoothness, the ACA-PSO algorithm achieved a grayscale
value of 0.248 854, outperforming the SA algorithm’s value
of 0.354 53 by 29.8%, which demonstrates that the paths
generated by ACA-PSO exhibit enhanced continuity and
executability. Although the ACO algorithm achieved the best

Table2 Performance comparison of five algorithms in an environment with circular obstacles

Metrics Index PSO SA GA ACO ACA-PSO
Std 0.31612 0.16405 0.16822 0.01373 0.201x107"
Optimal path distance Mean 12.5502 13.0832 12.9424 12.2528 11.71479
Best 11.9542 12.2653 12,4532 12.0272 11.666 89
Std 6.727x10™ 6.564x 107 1.7627x10° 0.242x107° 8.3651x107"
Average convergence speed  Mean 7.341x107 0.00545 1.7627x10°° 0.01314 1.1476x10°°
Best 1.186x10°° 0.009 14 1.7627x10°° 0.01498 1.5817x10°°
Std 0.18642 0.00279 0.04063 0.16176 0.509x 107"
Fitness value/100 Mean 0.81891 0.44541 0.68206 0.74598 0.333725
Best 0.37053 0.35453 0.48329 0.67387 0.248854
Std 0.1264 0.0643 09123 1.0959 0.769x10™
Execution time Mean 7.0364 1.2866 2.9665 60.7532 4.69952
Best 6.6053 1.0998 1.7792 59.1694 3.58995

Note: Bold values indicate the best performance for each metric.
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average convergence speed of 0.013 14 and the SA algo-
rithm recorded the fastest runtime of 1.099 8 s, the ACA-
PSO algorithm maintained competitive performance in these
secondary metrics. Notably, the ACA-PSO algorithm exhib-
ited smaller fluctuations in Stds across all metrics, high-
lighting its stable, reliable performance under varying
operating conditions. These experimental results validate
the effectiveness and optimization performance of the pro-
posed algorithm in solving path planning problems.

4.3 Path planning for USVs with irregular obstacles

To further validate the effectiveness and advancement
of the ACA-PSO algorithm in complex environments, this
experiment replaced circular obstacles with irregular poly-
gons to approximate real-world conditions more closely.
Figure 5 illustrates the path planning processes and results
of the five algorithms in an environment featuring irregu-
lar obstacles.

Path planning of USV with five methods
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Figure 5 Path planning process of five algorithms under irregular
path conditions

Figure 5 shows that the trajectory generated by the
ACA-PSO algorithm exhibits exceptional environmental
adaptability. The algorithm demonstrates superior perfor-

mance in two critical aspects: robust obstacle avoidance
capability for irregular-shaped obstacles and optimal tra-
jectory smoothness characteristics. The generated path
effectively navigates through complex environmental con-
straints while maintaining continuous, smooth motion
characteristics.

Figure 6 compares the convergence processes between
the ACA-PSO and traditional PSO algorithms. Even in a
more complex environment, the ACA-PSO algorithm retains
its rapid, stable convergence characteristics and achieves
stability after approximately 200 iterations.

Comparison of ACA-PSO and PSO fitness values
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Figure 6 Evolution curve of the optimal individual fitness

To further demonstrate the superiority of the proposed
algorithm, Table 3 details quantitative performance met-
rics, including optimal path distance, average convergence
speed, fitness value/100, and execution time.

Experimental data demonstrate that the proposed ACA-
PSO algorithm maintains substantial performance advan-
tages even in complex environments. In terms of the key
metric of path planning, namely, optimal distance, the ACA-
PSO algorithm achieved a best value of 11.487 33, repre-
senting a 2.2% improvement over the 11.739 achieved by
the PSO algorithm and considerably outperforming the
other comparative algorithms. Notably, the ACA-PSO algo-

Table 3 Performance comparison of five algorithms in an environment with irregular obstacles

Metrics Index PSO SA GA ACO ACA-PSO
Std 0.1771 0.783x10™ 0.4461 0.307x107° 0.828x107?
Optimal path distance Mean 12.581 12.841 13.328 12.6422 11.580 04
Best 11.739 12.779 12.456 12.6004 11.48733
Std 7.049x10™ 1.01x107 8.362x107"° 8.473x10°° 5.0909x107™"
Average convergence speed Mean 9.137x1077 0.0067 4.766x107° 0.0085 1.8019x10°°
Best 1.375x10° 0.0124 8.561x107 0.0137 2.0934x10°°
Std 0.10388 0.028x10™" 0.1172 0.0435 0.967x107"
Fitness value/100 Mean 0.4983 0.4013 0.9589 0.8712 0.66074
Best 0.3193 0.3313 0.6161 0.6079 0.11769
Std 0.209x 10 0.0271 0.5088 0.8437 0.207x10™"
Execution time Mean 2.9747 2.4166 3.3282 125.61 1.6248
Best 2.8758 2.1871 2.1746 124.19 1.3124

Note: Bold values indicate the best performance for each metric.
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rithm exhibited exceptional computational efficiency, with
an optimal runtime of only 1.3124 s, a remarkable 98.8%
reduction compared with the 124.19 s required by the ACO
algorithm, underscoring its high efficiency in practical appli-
cations. Regarding algorithm stability, the ACA-PSO algo-
rithm achieved Stds of (0.028 x 107") for optimal distance
and (0.207 x 107") for runtime, exhibiting excellent stability
in the two performance critical metrics. Although the SA
algorithm achieved a slightly better Std in path smooth-
ness (0.028 x 10™") compared with the ACA-PSO algorithm
(0.967 x 107"), the ACA-PSO algorithm’s optimal grayscale
value of 0.117 69 was significantly superior to those of the
PSO algorithm (0.319 3) and the SA algorithm (0.331 3),
underscoring its advantage in path smoothness. These
experimental results validate that the ACA-PSO algorithm
achieves balanced performance across multiple dimensions,
including path optimization quality, computational effi-
ciency, and algorithm stability, when addressing path plan-
ning problems in complex environments.

4.4 Path planning for USVs with simulation virtual
environment

To further validate the performance of ACA-PSO, the
virtual environment, which contains multiple irregular static
obstacles, was constructed. The experimental setup included
six fixed obstacle zones with varying shapes and sizes, which
were designed to simulate diverse topographic barriers that
may be encountered in real-world aquatic environments.

The results in Figure 7 compare the path planning per-
formance of the five algorithms (ACA-PSO, ACO, PSO,
GA, and SA) in a complex irregular environment. The ACA-
PSO algorithm (solid black line) demonstrates strong per-
formance, generating a smooth, obstacle-free trajectory with
minimal turns and high efficiency. The performance result
highlights ACA-PSO’s ability to balance precision, smooth-
ness, and efficiency effectively in challenging scenarios.
By contrast, the ACO algorithm (purple dash-dotted line)
achieves basic obstacle avoidance but exhibits oscillations
in narrow regions, which influences path stability. The PSO
(dashed green line) and GA (solid blue line) algorithms
face challenges with excessive directional adjustments,
resulting in convoluted paths that lack practical efficiency.
The SA algorithm (red dotted line) struggles the most,
often becoming trapped in local optima and producing
redundant detours with sharp turns. Overall, ACA-PSO
stands out as a robust, efficient method in this complex
irregular environment and delivers a superior balance of
performance metrics.

Figure 8 presents a comparative analysis of fitness val-
ues between the ACA-PSO algorithm and the conventional
PSO algorithm during iteration. The convergence curves
demonstrate that the ACA-PSO algorithm achieves a favor-
able convergence state (fitness value = 0.008 315 67) after
approximately 200 iterations, whereas the conventional
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Figure 8 Evolution curve of the optimal individual fitness

PSO algorithm needs almost 900 iterations to attain a com-
parable convergence level (fitness value = 0.008 160 42).
These results indicate that the ACA-PSO algorithm exhib-
its superior convergence speed and enhanced optimization
capability.

The experimental results in Table 4 demonstrate that the
ACA-PSO algorithm achieves optimal performance in path
distance (optimal path distance = 11.693 25) and compre-
hensive fitness (fitness value = 0.721 99), outperforming
conventional PSO by a 2.45% reduction in path length
while exhibiting enhanced obstacle avoidance capability in
dense obstacle scenarios. Although the SA algorithm demon-
strates substantially faster average convergence speed
(0.007 2) compared with ACA-PSO (8.163 5 x 107"), indi-
cating superior search efficiency, ACA-PSO exhibits mark-
edly more stable convergence characteristics, as indicated
by its ultralow Std of 1.416 8 x 107", Furthermore, ACA-
PSO achieves the shortest execution time (6.253 9 s) among
comparable algorithms (e.g., GA’s 23.256 s), demonstrat-
ing substantial improvements in computational efficiency
while meeting real-time requirements. The ACO algorithm
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Table 4 Performance comparison of four algorithms in a simulation virtual environment

Metrics Index PSO SA GA ACA-PSO
Std 0.10822 0.07277 0.07131 0.243x107°
Optimal path distance Mean 12.4602 12.1398 12.1409 11.70816
Best 11.9865 11.8594 11.7936 11.69325
Std 2.032x107" 2.57x107 5.804x 107" 1.4168x107"
Average convergence speed Mean 4.309x107 0.0072 7.625%10°° 8.1635x 107
Best 4.686x107 0.0098 7.936x10°° 8.6854x 107
Std 0.769x 10 0.529x107? 0.234x107? 0.458%107°
Fitness value/100 Mean 2.7562 0.3192 0.5462 0.744 14
Best 2.5425 0.2365 0.4936 0.72199
Std 0.15484 0.2298 1.2694 0.322x107"
Execution time Mean 12.2086 6.8321 25.052 6.4881
Best 11.7317 6.1771 23.256 6.2539
Note: Bold values indicate the best performance for each metric.
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