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NANG CAO HIEU NANG BAM QUY PAO CUA USV DUOI TAC
PONG CUA NHIEU MOI TRUONG: NGHIEN CUU SO SANH

CAC BO PIEU KHIEN FUZZY-LQI VA PSO-LQI
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Tém tit: Didu khién bam quy dao chinh xac cho Tau mat nudc khong ngum 1ai (USV) dat ra mét
thach thirc 16n do déc tinh thuy dong luc hoc phi tuyen cao va cac nhiéu dong moi truong kho ludng nhu
gio va song. Cac phuong phap truyén théng nhu biéu khlen t6i uru toan phuong tuyén tinh (LQR) thuong
gip phai sai s6 xac lap dudi tac dong ctia nhidu hang s0, trong khi cac phuong phap tlep can thich nghi
dya trén Logic mo (Fuzzy Logic) lai phu thudc nhiéu vao kinh nghiém chuyén gia va c6 xu huong tiéu
tén nang luong didu khién. Bai bao nay dé xut mot chlen luge tinh chinh tham s toi vu cho bo didu
khién Tich phan Tuyén tinh (LQI) str dung thuat toan Ti wu hoa Bay dan (PSO) nhiam giai quyet bai todn
danh ('101 gitra dg chinh xac bam quy dao va mure ti€u thy nang luong. Thuat toan PSO dugc ap dung dé
tim kiém toan cuc cdc ma tran trong so t6i wu (Q, R), tir do triét tiéu sai sb bam dong thoi glam thleu hién
tuong bao hoa co céu chip hanh. Két qua mo phong so sanh dudi cac diéu kién nhidu gi6 khic nghlet
ching minh rang phuong phap PSO-LQI dé xuat c6 hiéu ning vuot troi dang ké so v6i LQR tham s6 ¢o
dinh va b diéu khlen Fuzzy -LQI thich nghi. Cu thé, chién lugc PSO-LQI glam Sai 56 toan phu’orng trung
binh (RMSE) Xuong chi con 0.663 mét (dat muc cdi thién 92% so véi LQR va 42.2% so voi Fuzzy-LQI),
dong thoi tiét kiém 21.2% ning luong dleu khién so voi glal phap Fuzzy. Nhung két qua nay khang dinh
PSO-LQI 1a mot phuong phap ti€p can bén virng, hidu qua vé nang luong va mang tinh kha thi cao dé
thay thé cho cac quy trinh tinh chinh thu cong phuc tap.

Tir khéa: Tau mdt mede khéng nguoi ldi (USV); bam quy dao; LOI; t6i wu héa ba'y dan (PSO);
logic mo.
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Abstract: Precise trajectory tracking control for Unmanned Surface Vehicles (USVs) presents
a significant challenge due to highly nonlinear hydrodynamics and unpredictable environmental
disturbances such as wind and waves. Conventional methods like Linear Quadratic Regulator (LQR)
often suffer from steady-state errors under constant disturbances, while adaptive approaches based on
Fuzzy Logic rely heavily on expert heuristics and tend to consume excessive control energy. This paper
proposes an optimal tuning strategy for a Linear Quadratic Integral (LQI) controller using the Particle
Swarm Optimization (PSO) algorithm to address the trade-off between tracking accuracy and energy
consumption. The PSO algorithm is employed to globally search for the optimal weighting matrices
(Q, R) to eliminate tracking errors while minimizing actuator saturation. Comparative simulation results
under severe wind disturbance conditions demonstrate that the proposed PSO-LQI approach significantly
outperforms both the fixed-parameter LQR and the adaptive Fuzzy-LQI controller. Specifically, the PSO-
LQI reduces the Root Mean Square Error (RMSE) to 0.663 m (an improvement of 92% compared to LQR
and 42.2% compared to Fuzzy-LQI), while simultaneously saving 21.2% of control energy compared
to the Fuzzy method. These results validate that PSO-LQI is a robust, energy-efficient, and practical
alternative to complex manual tuning procedures.
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1. Introduction

1.1. Background and research necessity

In recent years, advancements in autonomous maritime technology have significantly
accelerated the research and deployment of Unmanned Surface Vehicles (USVs). Capable of
operating autonomously in harsh environments, USVs have emerged as a pivotal solution for
various critical missions, including maritime border security surveillance, hydrographic surveying,
and oceanographic data acquisition (Liu, et al., 2016; Manley, 2008). A fundamental technical
prerequisite for the successful execution of these operations is the capability of the USV to accurately
and reliably follow a predefined reference path (trajectory tracking).

Nevertheless, trajectory tracking control for USVs remains a formidable challenge due to the
inherently complex dynamic characteristics of marine vessels. USVs represent highly nonlinear
and underactuated systems characterized by fewer available control inputs than degrees of freedom
that are continuously subjected to unknown environmental disturbances. Exogenous factors such as
wind, waves, and ocean currents not only induce positional errors but also generate stochastic yaw
moments, thereby compromising the vessel's heading stability (Fossen, 2011). Consequently, the
design of a robust control strategy capable of simultaneously rejecting environmental disturbances
and ensuring optimal energy consumption is an imperative requirement in practical operations.

1.2. Literature review

To address the motion control problem for marine vessels, a wide array of algorithms has
been proposed in the literature. Historically, classical controllers such as the Proportional-Integral-
Derivative (PID) and the Linear Quadratic Regulator (LQR) have been widely adopted due to their
structural simplicity and ease of practical implementation (Naeem, et al., 2003). Although the LQR
provides an optimal control law for linearized systems, its primary drawback is the emergence of
steady-state errors when the system is subjected to persistent, unidirectional disturbances (e.g.,
constant crosswinds). To mitigate this issue, the Linear Quadratic Integral (LQI) approach was
developed by augmenting the state vector with an integral term, which effectively eliminates
steady-state errors (Anderson and Moore, 2007). However, the performance of the LQI controller
is highly contingent upon the selection of the weighting matrices, Q and R. The determination of
these parameters predominantly relies on time-consuming trial-and-error methods, which do not
guarantee the identification of a globally optimal operating point.

To enhance adaptive capabilities, recent studies have integrated Fuzzy Logic into the LQI
framework (L&, 2005; Precup and Hellendoorn, 2011). These hybrid Fuzzy-LQI controllers can
automatically tune the gain parameters based on the instantaneous tracking error, enabling the
system to react more flexibly to environmental fluctuations. Despite significantly improving tracking
accuracy compared to the fixed-gain LQR, this approach inherently suffers from two primary
limitations:

Subjective Dependency: The design of the fuzzy rule base and membership functions relies
heavily on heuristic expert knowledge, making it subjective and difficult to standardize across
different operating conditions.

Energy Consumption: If the inference rules are not rigorously optimized, the controller tends to
exhibit aggressive responses. This behavior frequently leads to actuator saturation and unnecessary
energy expenditure (Kennedy and Eberhart, 1995).

To overcome the reliance on human expertise and to achieve multi-objective optimization
specifically balancing tracking precision and energy efficiency meta-heuristic algorithms such
as Particle Swarm Optimization (PSO) have been successfully applied in the field of automatic
control (del Valle, et al., 2008). For highly nonlinear systems like USVs, PSO demonstrates superior
efficacy due to its rapid global search capabilities, algorithmic simplicity, and derivative-free nature
regarding the objective function (Song, et al., 2017).

1.3. Research objectives and contributions

Building upon the aforementioned analysis, this study focuses on resolving the fundamental
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trade-off between path-tracking accuracy and energy efficiency for Unmanned Surface Vehicles
(USVs) operating under severe environmental disturbances. The primary objective is to propose
an automated parameter-tuning strategy for the LQI controller utilizing the Particle Swarm
Optimization algorithm (hereafter referred to as PSO-LQI). This approach is explicitly designed to
replace conventional manual tuning methods and subjective fuzzy-logic-based heuristics.

The primary contributions of this paper are summarized as follows:

Mathematical modeling: A comprehensive 3-Degree-of-Freedom (3-DOF) dynamic model of
the Cybership II USV is established, explicitly incorporating the coupled effects of wind and wave-
induced stochastic disturbances.

Optimal control strategy (PSO-LQI): A PSO-based algorithm is developed to systematically
search for the globally optimal weighting matrices (Q and R) for the LQI controller. A bespoke
objective function (fitness function) is formulated to prioritize the minimization of tracking errors
while strictly maintaining control energy constraints.

Rigorous comparative evaluation: A comprehensive simulation framework is executed to
benchmark three distinct control architectures: Fixed-LQR, Fuzzy-LQI, and the proposed PSO-
LQI. Quantitative results demonstrate that the PSO-LQI solution not only minimizes the Root Mean
Square Error (RMSE) to the lowest level among the tested methods but also achieves substantial
energy savings compared to the Fuzzy-LQI approach, thereby validating the efficacy and practical
viability of the proposed algorithm.

2. Problem formulation and error dynamics

2.1. USV model and assumptions

This study employs the 3-degree-of-freedom (3-DOF) Cybership II model. Details regarding
the nonlinear dynamic equations and hydrodynamic parameters are adopted from (L€, 2005). To
design the LQI controller in this paper, the following operational assumptions are made:

1) The vessel operates at a constant surge velocity (u = Uspd).

2) Higher-order nonlinear components and Coriolis forces are treated as disturbances or
linearized about the nominal operating point.

2.2. Linearized error dynamics for path following

The control objective is to minimize the cross-track error (y.) and the heading error ()
with respect to the reference trajectory. Based on the Serret—Frenet frame geometry, the error
kinematics under the small-angle approximation (sin i, = 1, ) can be expressed as follows:

}.” e = spd':be +v
. (1)
Pe=r1
By combining this with the linearized vessel dynamics, the state-space representation is

formulated as follows: Xsys = Asysisys + Boys Ty (2)

where the basic state vector x5 = [v, 7,1, y,.]", and the system matrices 4,y and By
are given by:

Y, /m —Ups 0 0 1/m
-N,./I, —N./I, 0 0 1/1
Age= | N/l TN 0 0L g =V )
1 0 Uspd 0 0
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2.3. Augmented state-space for LQI design
To eliminate the steady-state error induced by constant disturbances, the integral term of

the cross-track error (x; = [ y,dt) is augmented to the state vector. The resulting augmented
system is expressed as follows:

% = Ax + Br, 3)

Here, the new state vector is denoted byx = [v, 7,1, y.]”, (comprising 5 state variables).
The augmented system matrix A € R%*> B € R5*! are restructured as follows:

A= [Asys
Coerr

04x1 _ Bsys

v, =" )

where C,,.. = [0,0,0,1] is a row vector used to extract the cross-track error y. for
integration.

The optimal control problem then becomes determining the control law u = - Kx that
minimizes the scalar cost function:

J = [ (xTQ, + uTRu)dt (5)

Herein, the primary challenge lies in determining the elements of the weighting matrices Q
(specifically the penalty weights qy and qint) and R o achieve an optimal balance between tracking
accuracy and control effort. This constitutes an optimization problem that will be addressed by the
PSO algorithm in the subsequent section.

To provide an intuitive overview of the established theoretical framework, Figure 1 summarizes
the system modeling process from the physical kinematics to the control structure. The diagram
illustrates the close relationship among the reference coordinate frames (Figure 1a), the linearized
tracking error determination mechanism (Figure 1b), and, most importantly, the augmented state-
space structure (Figure 1c). Notably, the integral state variable (xI) is highlighted to emphasize
its central role in handling the steady-state error, thereby laying the foundation for the optimal
controller design in the following section.

Figure 1. USV Modeling, Error Kinematics, and Augmented LQI State Space
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Source: A visual synthesis of the theoretical framework used in the authors’ study.
3. Proposed PSO-LQI control strategy
To address the trade-off between tracking accuracy and energy consumption, this section pres-
ents an optimal controller design approach. The proposed strategy comprises two steps: formulating
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the LQI state-feedback control law, and applying the PSO algorithm to determine the globally opti-
mal weighting parameters.

3.1. LQI control law formulation

In the motion control architecture of marine vessels, the control problem is frequently decou-
pled into surge control and steering control due to their significantly different response times (Fos-
sen, 2011). This study focuses on the steering control problem subject to disturbances, wherein the
surge velocity is maintained constant by an independent cruise controller.

Based on the augmented state-space model (Equation 3) established in Section 2.3, the optimal
state-feedback control law is given by:

v

-
7.(t) = —Kx(t) = =K, k;] [ ¥e (6)
Ye
X

Where K € R is the control gain vector to be determined. The objective is to minimize
the following quadratic cost function:

J=J (" Qx + rr?)dt (7

Under the assumption of a constant surge velocity u the system is treated as Linear Time-In-
variant (LTI), which allows for the computation of a unique feedback gain matrix K by solving the
Continuous-time Algebraic Riccati Equation (CARE). However, the control performance of K de-
pends heavily on the selected weighting pair (Q, r). Rather than determining these weights through
a conventional trial-and-error approach, this study employs Particle Swarm Optimization (PSO) to
search for the globally optimal solution.

3.2. Particle swarm optimization algorithm for LQOI tuning

PSO is a population-based stochastic search algorithm inspired by the social behavior of bird
flocking or fish schooling. Within a multidimensional search space, the individuals (referred to as
particles) update their positions based on both their personal experience and the collective experi-
ence of the swarm, thereby converging toward the global optimum [9] (del Valle, et al., 2008).

3.2.1. Particle definition and search space

In this study, the LQI controller optimization problem is formulated as a search for a parameter
vector X within a 3-dimensional space (D=3). Each i-th particle in the swarm represents a candidate
configuration of the controller weights:

; ; AT
X = (a3, i ] (8)
Where:

qJ(,i): Penalty weight for the cross-track error.

i(fl)t: Penalty weight for the integral error (which dictates the capability to eliminate the

steady-state error).
r®: Penalty weight for the control effort (which dictates the energy consumption).

To guarantee system stability and prevent impractical solutions, the search space is
constrained by the lower boundsXui, and the upper bounds Xiax.
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To guarantee system stability and prevent impractical solutions, the search space is constrained
by the lower boundsXmin and the upper bounds Xmax.
3.2.2. Velocity and position update rules

At each iteration k, each particle i updates its velocity Vi and position Xi according to the two
fundamental equations of PSO:

At each iteration k, each particle i updates its velocity Vi and position Xj according to the
two fundamental equations of PSO:

Vik-‘-1 = . Vik + Clrl(Pf;cesr,i - X:{) + Czrz(Ggest - Xak) 9
Xkt = xk 4yl (10)
Where:

w: Inertia weight, which balances the exploration (global search) and exploitation (local
search) capabilities.

c1; c2: Acceleration coefficients, representing the cognitive (personal experience) and social
(swarm experience) components, respectively.

rz; r2: Random numbers uniformly distributed within the interval [0, 1], introducing
stochasticity to the algorithm.

Pyesei: The personal best position achieved by the i-th particle so far.

Vpese: The global best position found by the entire swarm up to the current iteration.

3.2.3. Fitness function formulation
The fitness function plays the most critical role in guiding the swarm toward the optimal solu-
tion. To address the multi-objective problem (balancing tracking accuracy and energy consumption),
this study proposes the fitness function Jfitness as a weighted sum of two performance indices:
Tracking Accuracy: Quantified by the Root Mean Square Error (RMSE) of the cross-tra
error over the entire simulation time T:

1 (T 2
RMSE(y,) = j;f [Y(©) = yrer (O] dt
0
Control Effort: Calculated by the integral of the squared control signal (yaw moment):
T
Etotar = J T'r(t)zdt
0

Weighting coefficients (a, 8): a,  are positive coefficients utilized for normalization a;
prioritization. Given that the USV is subjected to strong wind disturbances, the tracking err
remains the top priority. Consequently, a 1s selected to be significantly larger than £ (a > |

to compel the controller to eliminate the steady-state error, while maintaining a soft constrai
to prevent actuator saturation.

3.2.4. Optimization procedure
The execution procedure of the PSO-LQI algorithm is summarized in the following steps:

Step 1 - Initialization: Initialize a swarm of N particles with random positions and velocities
within the valid search space.

Step 2 - Evaluation: For each particle Xi:

Solve the Continuous-time Algebraic Riccati Equation (CARE) to determine the feedback gain
matrix Ki
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Simulate the closed-loop USV system with the controller Ki over the simulation time T

Calculate the fitness function value Jfitness based on the feedback data from the simulation.

Step 3 - Pbest/Gbest update: Compare the current Jfitness with the historical best values to
update Pbest,i and Gbest.

Step 4 - Velocity and position update: Update the velocity and position of the particles according
to the aforementioned equations.

Step 5 - Termination check: If the maximum number of iterations is reached or Jfitness converges
below a predefined error threshold, the algorithm terminates and outputs the optimal parameter set
Xopt = Gbest. Otherwise, return to Step 2.

To explicitly illustrate the interaction between the optimization algorithm and the plant model,
the execution sequence of the proposed control strategy is summarized in Figure 2. This flowchart
details the closed-loop process: starting from the initialization of a random particle swarm, solving
the algebraic Riccati equation to determine the control law, running simulations to evaluate the
fitness function Jfitness based on the vessel's feedback, and repeating the update process until the
algorithm converges to the globally optimal parameter set Gbest.

Figure 2. Flowchart of the proposed PSO-based LQI tuning strategy
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4. Simulation results and discussion

To validate the effectiveness of the proposed PSO-LQI control strategy, numerical simulations
are conducted on the Cybership II vessel model using Python. The simulation scenario is specifically
designed to evaluate the system's course-keeping capability and disturbance rejection performance
under harsh marine environmental conditions.

4.1. Simulation setup

The configuration parameters for the PSO algorithm and the initial states of the vessel are
detailed in Table 1. To ensure a fair comparison, three controllers are evaluated under identical op-
erating conditions:

Fixed-LQR: The conventional LQR controller without the integral component (xI = 0), serving
as the baseline.

Fuzzy-LQI: An adaptive controller employing Fuzzy Logic for parameter tuning (referenced
from a previous study (L&, 2005).

Proposed PSO-LQI: The optimized controller proposed in this study. The simulated environ-
mental disturbances encompass a constant crosswind Fbias = 4.0 N and a random wave disturbance
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with an amplitude of Awave = 1.5 N, these induce a substantial drift force, severely challenging the

path-following capability of the underactuated vessel lacking a lateral actuator.

Table 1. Simulation setup parameters and PSO configuration

Category Parameter Value
Initial position (x0, y0) (0, 0) m
Initial conditions Surge velocity Uspd 0.5 m/s
Initial heading w0 0 rad
Number of particles N 30
Maximum number of iterations 50

PSO configuration Inertia weight @ 0.9 to 0.4 (decreasing)
Acceleration coefficients c1, ¢2 2.0
Weighting coefficients a, S o =10, =0.001

4.2. Optimization convergence analysis

The search performance of the PSO algorithm is illustrated through the reduction of the cost
function. Experimental data indicates that the algorithm exhibits remarkably rapid convergence. The
objective function value decreases from an initial value of 9.5197 to an optimal level of 8.8 after
only 5 iterations, and strictly maintains a stable value of 8.8066 up to the 20th iteration (Figure 3).
This demonstrates the algorithm's robustness in avoiding entrapment in local optima.
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Figure 3. Simulation results

e« >>> RUNNING PSO (Finding Optimal Trade-off Parameters)...
PSO Iter ©: Cost = 9.9511
P50 Iter 5: Cost = 3.8146

PSO Iter 19: Cost = 8.80866
PSO Iter 15: Cost = 8.8066
PSO Iter 20: Cost = §.8066

DONE! Optimal Params: q_y=1.00, q_int=50.00, r=1.00

>>> STARTING COMPARATIVE SIMULATION...

Method | RMSE (m) | Energy (J) | Remarks

Fixed LQR | 8.411 | 913.8 | High drift (Wind effect)
Fuzzy-LQI | 1.147 | 2768.4 | Good tracking, High energy
PSO-LQI | 0.663 | 2180.2 | Optimal (Best Trade-off)

At the final iteration, the global optimal parameter set Guest 1s determined as:
Xope = [y, Gine, 7] = [1.00,50.00,1.00]

The aforementioned result highlights the predominant value of the integral weight (g =
50.00) compared to the cross-track error weight (g, = 1.00). This accurately reflects the physical
nature of the simulation scenario: Subjected to a constant crosswind bias, the instantaneous error
(ve 1s less critical than the accumulated error. Consequently, the controller necessitates a robust
integral action to generate a stable crabbing angle, thereby completely eliminating the steady-
state error (}LTO Ve(t) = 0).

4.3. Comparative performance analysis

To comprehensively evaluate the effectiveness of the proposed control strategy, comparative
simulations are conducted among three controllers: Fixed-LQR (baseline), Fuzzy-LQI (adaptive
fuzzy), and PSO-LQI (proposed) under identical environmental disturbance conditions (wind and
waves).

Evaluation of trajectory tracking performance: The disturbance rejection effectiveness is vi-
sually demonstrated in Figure 4. Subjected to a crosswind (bias force) and ocean waves, the Fixed-
LQR controller (blue dotted line) exhibits severe performance degradation; the vessel completely
drifts away from the reference trajectory due to the absence of an integral component to compensate
for the steady-state error. Conversely, both the Fuzzy-LQI and PSO-LQI successfully maintain the
vessel’s course. However, upon closer inspection at the waypoints, the trajectory generated by the
PSO-LQI (solid red line) exhibits greater smoothness and adheres more strictly to the reference path
compared to the Fuzzy-LQI, particularly regarding its rapid stabilization capability after turning

mancuvers.

23



SO 3 (27) - 2026 PIEN - PIEN TU - TU PONG HOA

Figure 4. Comparison of vessel trajectories among controllers
under environmental disturbances
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Evaluation of tracking accuracy: The superior accuracy is explicitly demonstrated through the
transient profile of the cross-track error (ye) in Figure 5 and the aggregated data in Table 2.

Fuzzy-LQI: Although it successfully reduces the error to 1.147 m, the plot in Figure 5 reveals
that the error oscillation amplitude remains considerable, failing to completely counteract the wind
effects.

PSO-LQI: Achieves the highest precision with an RMSE of merely 0.663 m. This corresponds
to a tracking performance improvement of 42.2% compared to the Fuzzy-LQI and 92.1% compared
to the Fixed-LQR.

Figure 5. Time history comparison of cross-track error (ye) among control strategies
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Evaluation of energy consumption and control effort: One of the most significant findings of

this study lies in the analysis of energy consumption, as illustrated in Figure 6 and the ‘Energy’
column of Table 2.
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Table 2. Quantitative performance comparison (empirical data)

Method Cross-track Energy con- RMSE improve- | Energy savings
RMSE (m) sumption (J) ment (%) (%)
Fixed-LQR 8.411 913.8 - -
Fuzzy-LQI 1.147 2768.4 86.3% (vs LQR) -
PSO-LQI 0.663 2180.2 92.1% (vs LQR) [ 21.2% (vs Fuzzy)

Figure 6. Time history comparison of control input (Yaw moment) signals
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Observing Figure 6, the control signal of the Fuzzy-LQI (dashed line) exhibits high-frequency
oscillations (chattering). This phenomenon is the primary cause for the surge in energy consumption
to 2768.4 J. Conversely, the control signal from the PSO-LQI (solid line) is considerably smoother,
exhibiting vigorous responses only when necessary (during turning maneuvers) and maintaining
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low-amplitude harmonic oscillations for wave rejection. By virtue of the global optimization mech-
anism, the PSO-LQI achieves a “Pareto optimal” state: simultaneously enhancing tracking accuracy
and reducing energy consumption by 21.2% compared to the Fuzzy approach.

Convergence analysis: The rationale behind attaining this optimal parameter set is elucidated
in Figure 7. The optimization process employing the PSO algorithm exhibits remarkably rapid con-
vergence, decreasing the cost function J from its initial value to the minimum level within merely
5 iterations. This demonstrates that the algorithm not only identifies the optimal trade-off between
tracking error and energy consumption but also ensures practical implementation feasibility due to
its low computational cost.

Figure 7. Convergence profile of the cost function in the PSO algorithm
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Conclusion: By identifying the “sweet spot” parameter set [1.00, 50.00, 1.00], the PSO-LQI
has successfully resolved the trade-off problem, yielding a smoother tracking trajectory and en-
hanced energy efficiency.

The superiority of the PSO-LQI over the Fuzzy-LQI can be elucidated through their respective
optimization mechanisms. Fuzzy Logic tunes parameters based on local rules and empirical design
expertise, which frequently results in the system operating at a sub-optimal state. In contrast, PSO
searches across the entire parameter space and evaluates performance based on a fitness objective
function Jfitness that integrates both tracking error and energy consumption throughout the entire
voyage. Consequently, PSO derives a more forward-looking control strategy, averting redundant
control actions that lead to energy waste.

5. Conclusion

This paper has successfully developed and verified an optimal trajectory tracking control strat-
egy for surface vessels using a Particle Swarm Optimization-based Linear Quadratic Integral (PSO-
LQI) framework. The proposed controller has demonstrated superior robustness in handling constant
environmental disturbances compared to traditional methods. Specifically, comparative simulation
results confirm that the PSO-LQI strategy achieves the highest tracking accuracy with a Root Mean
Square Error (RMSE) of merely 0.663 meters. Furthermore, by thoroughly eliminating the high-fre-
quency chattering phenomenon in the control signal, the proposed method reduces energy consump-
tion by 21.2% compared to the adaptive Fuzzy-LQI approach. The optimization algorithm also
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exhibits high computational efficiency, rapidly converging to the globally optimal parameters within
a mere five iterations, thereby affirming its feasibility for real-time system applications.

Despite achieving promising results, this study possesses certain limitations that must be ac-
knowledged. The current validation is restricted to numerical simulations, implying that practical
factors such as sensor noise, actuator dynamics, and complex hydrodynamic effects have not been
fully integrated. Additionally, the controller design relies on the assumption of a constant surge
velocity. In actual maritime operations, velocity variations can significantly alter the vessel’s dy-
namics, thereby potentially affecting the stability of the control system. Finally, the current frame-
work focuses solely on trajectory tracking and has not yet incorporated dynamic collision avoidance
capabilities.

Addressing these limitations will constitute the primary focus of future research endeavors.
Subsequent work will involve conducting empirical tests on a scaled physical ship model to verify
the real-time performance and robustness of the proposed algorithm in real-world environments.
Moreover, the control strategy will be extended to handle time-varying velocity conditions via a
speed-heading coupled control mechanism. Lastly, the integration of local path planning algorithms,
such as Artificial Potential Fields or the Dynamic Window Approach (DWA), will be investigated
to enable autonomous, COLREGs-compliant collision avoidance in dynamic maritime scenarios.
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