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Abstract
This study presents an optimisation-based approach for determining controller gains in ship path-following under varying sea states, wave, and 
wind directions. The dynamic Line of Sight approach is used to regulate the rudder angle and guide the Esso Osaka ship along the desired path. 
Gains are optimised using a genetic algorithm and a comprehensive cost function. The analysis covers a range of wave attack directions and sea 
states to evaluate the controller performance. Results demonstrate effective convergence to the desired path, although a steady-state error 
persists. Heading and rudder angle performance analyses show successful convergence and dynamic adjustments of the rudder angle to 
compensate for deviations. The findings underscore the influence of wave and wind conditions on ship performance and highlight the need for 
precise gain tuning. This research contributes insights into optimising and evaluating path-following controllers for ship navigation.
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1  Introduction

Navigating at sea without wind and waves is rare, and 
ships are often affected by these environmental disturbances, 
causing them to deviate from their course (Kim et al. 2022; 
Kim and Tezdogan, 2022; Ma et al. 2022; Seo et al. 2019; 
Skejic and Faltinsen, 2013; Zhang et al. 2019; Xu et al. 

2024). As a result, characterising these disturbances is cru‐
cial for designing effective motion controllers and under‐
standing the limitations that may prevent the design from 
meeting performance specifications (Das and Talole, 2015; 
Yang et al., 2020).

Tracking records in autonomous surface ships reveal that 
various control design strategies have been proposed for sur‐
face ships, focusing on calm water (Kim et al., 2019; Xu 
et al., 2021; Sayyaadi & Ghassemzadeh, 2018). Similarly, 
for wavy conditions, for instance, Jiang and Xia (2022) 
proposed a sliding mode controller for a group of surface 
ships that accounts for environmental disturbances. How‐
ever, most control methodologies have been devised spe‐
cifically for ships at a scale representative of models, 
thereby accompanying inherent constraints such as param‐
eter uncertainty, external perturbations, and other related 
factors.

For additional support, the idea that adverse weather con‐
ditions can affect the performance of the ship controller, 
referring to research studies by Yang et al. (2020), McTag‐
gart (1992), and Li et al. (2021) is clarified. A robust non-
linear model predictive control (NMPC) approach (Yang et 
al., 2020) is introduced for dynamic positioning (DP) ships, 
addressing challenges posed by time-varying environmen‐
tal disturbances and input saturation. The key objective is 
to guide perturbed DP vessels along predefined reference 
trajectories. To tackle this, the authors design a non-linear 
disturbance observer (NDO) to estimate unknown distur‐
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bances, incorporating these estimates into the NMPC opti‐
misation model to effectively reject disturbances. Notably, 
the study achieves partial asymptotic stability in NMPC with‐
out the need for terminal costs or constraints, with simula‐
tions validating the proposed NDO-based NMPC’s effec‐
tiveness and robustness in both setpoint regulation and tra‐
jectory tracking modes. McTaggart (1992) investigated the 
use of an adaptive controller to control the surge motion of 
a ship under wave action and showed that the adaptive 
controller effectively reduced surge motion and improved 
the ship’s control system performance. Li et al. (2021) pre‐
sented a model predictive control approach for path plan‐
ning and tracking a ship under varying wind and wave con‐
ditions, effectively compensating for environmental distur‐
bances and improving the ship’s path planning accuracy.

The mentioned research studies reasonably clarify that 
the effects of environmental disturbances from wind and 
waves are significant and worth considering in controller 
design.

On the other hand, delving into more details about the 
model used in the previously researched study, considering 
both calm water situations and situations presenting environ‐
mental effects from waves and winds, reveals that recent 
research in ship control design highlights the limited atten‐
tion given to full-scale autonomous ships. It is undeniable 
that the recent trend is using autonomous ships in transpor‐
tation all over the world and due to the unpredictable nature 
of sea conditions and routes, full-scale ships are required for 
investigation in the area of effective control. Similarly, along 
with calm sea conditions, wave and wind sea conditions 
should also be considered on a full scale because it is still 
questionable whether the calm water situation can address 
all the challenges in designing controllers for autonomous 
ships.

Even though extensive experimental studies are conducted 
on scale models to monitor the performance of design con‐
trollers in environments close to reality, it should be noted 
that the scale factor plays a critical role in ensuring the 
accuracy of results. On the other hand, the models used in 
these tests are usually scale models, with the length of the 
model limited to 10 meters or less (Jafari et al., 2018). For 
instance, in (Woo et al., 2019; Ghassemzadeh et al., 2023), 
it could be seen that the considered ships have an overall 
length smaller than 10 meters.

In evaluating controllers designed for autonomous ships, 
the path-following controller is one of the most attractive 
areas that captivate many researchers. Path following is 
crucial for ship collision avoidance and safe navigation 
due to traffic issues and depth limitations in coastal areas.

Massive research has been done in the field of path-
following control. Moreira et al. (2007) developed state feed‐
back linearisation, and a dynamic Line of Sight vector norm 
was proposed for path-following control using the model 
ship characteristics of the Esso Osaka ship. Hinostroza 

et al. (2018), Xu et al. (2020), and Xu and Guedes Soares 
(2016a, b) used the vector field strategy for the path-fol‐
lowing controller without considering environmental forces 
and moments. More recently, research studies by Chen et 
al. (2023), Codesseira and Tannuri (2021), and Zhang et 
al. (2022) deserve mention. These papers contribute to 
the advancement of path-following control strategies, 
hence, focusing on this objective in designing controllers 
for natural environments to evaluate the effects of waves 
and wind is worthwhile.

Conducting full-scale ship studies has also contributed to 
various subjects, such as path generation (Du et al., 2021; 
Xu et al., 2019), the effect of waves on circular motion (Li 
and Zhang, 2022), improving the course-keeping system 
(Min and Zhang, 2021) and estimating hydrodynamic coef‐
ficients (Kim, 2018). Similarly to the mentioned research 
studies, Mei et al. (2020) introduced a pioneering method 
for enhancing the accuracy of full-scale ship manoeuvring 
models, effectively addressing challenges arising from 
wind, waves, and sea currents. They meticulously correct‐
ed full-scale sea trial data by calculating wind and wave 
drift forces, fine-tuning parameters, and identifying essen‐
tial hydrodynamic coefficients. This rigorous approach 
significantly improved the precision of full-scale data and 
bolstered the reliability of ship design and safety assess‐
ments. Furthermore, Yu et al. (2021) conducted a compre‐
hensive evaluation of full-scale container ships using 
body-force models, particularly emphasising understand‐
ing the scale effect in simulations.

Despite the importance of full-scale ship effects and 
scale parameters on the performance of ship manoeuvrabil‐
ity, extensive research studies have also highlighted vary‐
ing sea conditions, revealing that assuming calm water may 
not apply everywhere. As Bitner-Gregersen et al. (2016) 
have asserted, the met-ocean environment is influenced by 
geographic region and location-specific factors. Adverse 
weather conditions cannot encompass all the idiosyncra‐
sies of the local met-ocean climate.

Extensive research studies have been conducted to model 
the variability and uncertainty of sea states concerning cli‐
mate. Bitner-Gregersen et al. (2022) emphasise the impor‐
tance of incorporating geographical variations in wave cli‐
mate when designing ships, particularly considering the 
intended operating regions. Ship designs should be tai‐
lored to the prevailing wave characteristics and conditions 
specific to those areas. However, advancements in data 
collection techniques have enabled the acquisition of long-
time series of sea surface elevation from wave rider buoys 
or offshore platforms. These measurements have facilitated 
the characterisation of sea states using directional sea wave 
spectra. By incorporating the information provided by direc‐
tional wave spectra, a more comprehensive understanding 
of the climatic variability of sea states can be achieved, 
surpassing the limitations of solely relying on significant 

928



A. Ghassemzadeh et al.: Optimal Path Following Controller Design Based on Linear Quadratic Regulator for Underactuated Ships in Varying Wave and Wind 
Conditions

wave height or the joint distribution of Hs and peak period.
Analysing the direction and wave height distribution 

presented in (Bitner-Gregersen et al., 2022), it is evident 
that in the most common shipping routes (Vettor and Guedes 
Soares, 2015), significant wave heights range from 0 to 
8 meters. Similarly, the data analysed by (Lucas et al., 2011) 
also indicates that significant wave heights predominantly 
fall within the range of 1 to 6 meters for specific areas, 
and as shown in (Neary and Ahn, 2023), the largest signifi‐
cant wave height in Southern India Ocean is found at 5.0 m. 
Furthermore, an experiment in a specific area of China 
conducted by Cai et al. (2023) demonstrates that the most 
accurately predicted sea state in that region is up to sea 
state 5. Therefore, it is important to note that accurate pre‐
dictions of variability and uncertainty in sea states should 
consider specific geographical areas and data availability 
over a certain period (Bitner-Gregersen et al., 2022; Lucas 
et al., 2011).

Prior research has shown that limited attention has been 
given to the study of full-scale autonomous ships. Results 
revealed that scale effects play a crucial role in the perfor‐
mance of the ship. Therefore, significant concern should 
be directed toward this aspect when designing controllers 
for real-world situations.

Following the relevant research, the present research aims 
to develop a control strategy for path-following purposes 
of a large tanker ship in the presence of sea waves and 
wind, utilising the Linear Quadratic Regulator (LQR) 
method. The full-scaled manoeuvring model of the Esso 
Osaka tanker is used to design a controller for path-following 
purposes. The main reason for selecting this model is its 
highly complex dynamics, making it more applicable to 
general cases compared to simplified or linear models.

The LQR control strategy is utilised to calculate the 
desired rudder angle, while a first-order Nomoto model 
for heading dynamics is considered to simplify the design 
procedure. LQR has been found to be applicable in autono‐
mous ship control for heading angle regulation during path-
following operations. For instance, Zhang et al. (2021) 
employed LQR in conjunction with non-linear control 
strategies to design an autonomous ship capable of accu‐
rately adhering to desired trajectories. Furthermore, the 
effectiveness of this approach has been rigorously assessed 
in studies such as Chen et al. (2023), and Tiwari and Krish‐
nankutty (2021), revealing its favourable compatibility 
within the Multi-Input Multi-Output (MIMO) control 
domain. This approach presents a novel avenue for address‐
ing the intricate challenges associated with ship manoeuvr‐
ing, including tasks such as ship docking.

The other main assumption in this research involves the 
utilisation of the first-order Nomoto Model for rudder 
dynamics. This model has been extensively utilised in stud‐
ies focusing on ship control systems (Sutulo and Guedes 
Soares, 2024). Several scientific papers have documented 

its widespread application and highlighted its contribution 
to understanding ship manoeuvring dynamics. For instance, 
Ren et al. (2018) introduced the adaptive Nomoto model 
to deal with the path-following problem of ships. Terada 
and Matsuda (2023) conducted a comprehensive study 
highlighting the effectiveness of the non-linear first-order 
model in accurately expressing the manoeuvring motion of 
ships with a minimal set of parameters. Their findings pro‐
vide valuable scientific insights into the practical applica‐
tion of this model for ship control systems. In addition to 
the mentioned research studies, a variety of other research 
papers have also recognised and employed this model as 
well, such as Aung and Umeda (2020), Banazadeh and 
Ghorbani (2013), Feng et al. (2014), Lan et al. (2023), and 
Zhu et al. (2020). Utilising the Nomoto model involves 
identifying its parameters. These two parameters, T and K, 
are computed using the analytical method proposed by 
Journée (2001).

As previously clarified, there is still no clear perspective 
on utilising full-scale ship performance, especially in con‐
troller design in the presence of waves and wind. There‐
fore, to continue incorporating full-scale ship data into 
controller design, this research contributes in the following 
aspects.

Due to the variety of sea conditions resulting from dif‐
ferent waves, wind forces, and directions, this research aims 
to develop an optimal controller uniquely suited to address 
the complexities posed by a wide range of sea states. Addi‐
tionally, by comparing the results for moderate seas and 
calm water situations, this study compares the differences 
between considering wave environments and calm water, 
drawing conclusions on the assumption of including waves 
and wind in the design procedure. The aim is to create an 
effective controller that excels in the face of ever-changing 
sea conditions, enabling ships to manoeuvre efficiently, 
safely, and with precision, regardless of the challenges 
posed by the varying sea states. While there are several 
classifications of sea states, the analysis is limited to five 
sea states, namely, sea states 1 to 5. Consequently, it is 
essential to incorporate sea states 4 and 5 into the current 
analysis to assess the controller performance in intense 
wave conditions, as recommended by the International 
Maritime Organization (2021). Considering sea states 1 to 
5 can provide a comprehensive description of the prevail‐
ing conditions.

Second, to assess the performance of the controller, four 
cost functions, namely, the maximum deviation from the 
initial position, reaching time to the desired path, maximum 
overshot in heading angle from the desired heading, and 
path following steady-state error, are considered.

After that, a genetic algorithm is employed to obtain the 
controller gain in each situation. Overall, this study con‐
tributes to the development of more efficient and effective 
path-following control strategies for vessels in the pres‐
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ence of wave and wind disturbances.
Lastly, to assess the robustness of the proposed control‐

ler in the presence of model disturbances, a white noise 
signal is introduced to the controller input as model distur‐
bances and the performance of the proposed controller in 
this scenario is evaluated. Similarly, all the results are com‐
pared with a PID controller to compare the proposed con‐
troller and PID. The objective of this step is to provide 
more acceptable logic regarding the superiority of the pro‐
posed controller.

It should be noted that, in recent years, researchers have 
explored innovative approaches to enhance path-following 
control for under-actuated vessels. These advancements 
leverage machine learning techniques, such as deep rein‐
forcement learning (Qu et al., 2023) focused on under-
actuated unmanned surface vessels experiencing unmod‐
eled dynamics and external disturbances, and neural net‐
works (Ren et al., 2023; Bali et al., 2024; Deng et al., 
2020) explored a model predictive control approach that 
explicitly accounts for uncertainties in vessel dynamics and 
environmental disturbances. However, the mentioned tech‐
nique is still challenging. For instance, machine learning-
based controllers lack the same level of theoretical stability 
guarantees as classical control methods like LQR and PID 
(Astolfi et al., 2007). Additionally, they involve numerous 
hyperparameters that require tuning. Finding optimal hyper‐
parameters can be time-consuming and computationally 
expensive (LeCun et al., 2015). In the same way, machine 
learning models are often considered black boxes. Under‐
standing how they arrive at control decisions can be chal‐
lenging (Ribeiro et al., 2016). Machine learning control‐
lers rely heavily on data and may struggle to generalise to 
unseen scenarios. Collecting sufficient high-quality data 
for training and validation can be difficult, especially in 
marine environments (Schmidhuber, 2015; Boyd and Van‐
denberghe, 2004). Also, deploying machine learning mod‐
els in real-time control systems can be complex. High com‐
putational demands and latency issues may also arise (Sut‐
ton and Barto, 2018).

The remainder of the paper is structured as follows. Sec‐
tion 2 presents the dynamic manoeuvring model of the 
Esso Osaka ship. Section 3 calculates the forces and 
moments associated with the waves and wind, followed by 
an illustration of their effects on the ship’s manoeuvring 
through the simulation of circular motion. Section 4 pres‐
ents the LQR control strategy, the dynamic Line of Sight 
method for calculating the desired angle, and the first-
order Nomoto model and its parameter calculation. Sec‐
tion 5 details the procedure for defining the optimal con‐
troller gain based on the Genetic Algorithm and associated 
cost function. The results and discussion are presented in 
Section 6 to evaluate the proposed controller performance 
and the results obtained. Finally, the conclusions are given 
in Section 7.

2  Non-linear manoeuvring model

It is convenient to use 6 Degrees of Freedom (DOF) to 
describe the motion of rigid bodies. These 6 DOF include 
three linear motions (surge, sway, and heave) along axes 
and three rotational motions (pitch, roll, and yaw), as 
shown in Figure 1. This model is necessary for simulation 
because through this model the inputs/outputs relations are 
described.

In the context of still-water surface ship manoeuvring, 
neglecting the pitch and heave modes is common practice. 
Consequently, the equations governing heave and pitch are 
omitted, and it is assumed that their respective variables 
and derivatives are all zero (i.e., w=q=ẇ=q̇=0). Similarly, 
if the motion is described in manoeuvring axes, it is also 
assumed that the roll rate and its derivative are zero every‐
where except in the roll equation (Sutulo and Guedes Soares, 
2011).

These simplifications are often made to ease the analy‐
sis and reduce computational complexity. However, it is 
important to note that by neglecting these modes and cer‐
tain cross-coupling terms, the resulting three degrees of 
freedom (3DOF) equations in manoeuvring axes may not 
be entirely accurate. This is because the moments of iner‐
tia and the vertical coordinate of the centre of mass may 
not remain constant, although this effect is typically disre‐
garded when the roll angles are moderate (Sutulo and 
Guedes Soares, 2011).

By adopting this scientific approach, the simplifications 
and assumptions made in still-water surface ship manoeu‐
vring can be better understood. While these simplifications 
may lead to some inaccuracies, they serve as practical 
approximations and enable efficient analysis and simula‐
tion. As described in (Fossen, 2011; Sutulo and Guedes 
Soares, 2011), this coordinate system is sufficient to 
achieve a suitable and accurate model for marine surface 
ships.

The mathematical model implied in this study is obtained 
from (Abkowitz, 1980). In general, the equation of motion 

Figure 1　State variables in 6 DOF for the ship motions
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is presented based on the centre of gravity. However, mea‐
suring forces are carried out based on the mid-ship position 
because the ship’s centre of gravity is changed due to load‐
ing conditions. Hence, motion’s equation is often described 
based on the centre of gravity, using hydrodynamic forces 
measured at the mid-ship position. Longitudinal force and 
lateral force are not affected by measuring position. How‐
ever, the measured yaw moment is changed by the loca‐
tion of the measuring sensor (ITTC, 2000). This descrip‐
tion is the background for the basic principles of ship 
hydrodynamic equations based on hydrodynamic parame‐
ters. These hydrodynamic parameters are determined using 
different system identification methods. In these methods, 
parameters are identified by measuring the forces in differ‐
ent directions as well as the moments applied to the ship. 
More details on how these methods are applied to calcu‐
late the hydrodynamic parameters can be found in (Xu et al., 
2020; 2019).

The full-scale manoeuvring model of the Esso Osaka 
tanker, as shown in Figure 2 and Table 1, is used to design 
a controller for path-following purposes.

The main reason for selecting this model is its highly 
complex dynamics, making it more applicable to general 
cases than simplified or linear models. The complete 
3DOF mathematical model of the Esso Osaka tanker is de‐
scribed by (Moreira et al., 2007):

u̇ =
f1 + χe
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Figure 2　Esso Osaka tanker

Table 1　Major data of the Esso Osaka tanker (Li, 2004)

Length overall (m)

Length between perpendiculars (m)

Breadth moulded (m)

Depth moulded (m)

Assigned Summer Freeboard draft, extreme (m)

Design load draft moulded (m)

Full load displacement at assigned summer freeboard 
draft (mt)

Block coefficient, summer freeboard draft

Number of Rudder

Rudder area (m2)

Longitudinal CG at trials; Forward of amidship (m)

Propeller Diameter (m)

Propeller Expanded area (m2)

Propeller project area (m2)

Propeller disk area (m2)

Propeller rotation (r/min)

343

325

53

28.30

22.9

22.05

328 880

0.831

1

119.817

10.30

9.1

44.33

37.22

65

81
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In Eq.1 to 7, u, v, and r are velocities in the surge, sway, 
and yaw direction, respectively. The velocity rate changes 
in 3 DOF are calculated through Eq. 1 to 7. m and xG are 
the mass and longitudinal location of the Center of Gravity 
calculated from amidships. ρ is the water density, n is the 
propeller rotation speed (r/min), S is the wetted surface of 
the ship, and L is the overall length of the ship. The param‐
eter f1 captures the net effect of terms related to thrust forces 
(η'1, η'2, η'3), added mass effects (X 'e2, X 'r2, X 'vr, X 'v2r2, X 'v

2) resis‐

tance forces C'R on the rate of change of ‘u.’ f2 represents the 
combined influence of hydrodynamic coefficients for lateral 
forces (Y 'O, Y 'v, Y 'δ, Y 'r, Y 'r2v, Y 'e3) on the rate of change of ‘v’ 

as the ship moves laterally. f3 represents the combined 
effect of the hydrodynamic coefficients for yaw moments 
(N'O, N'v, N'δ, N'r, N'r2v, N'e3) on the rate of change of ‘r’ as the 

ship rotates. f4 represents the coupling between lateral and 
yaw motions, indicating how changes in one motion com‐
ponent can affect another

The forces and moment belonging to the wave and wind 
on the ship are presented as χe, wind and wave forces in 
surge direction, ϒe, wave and wind force acting in the 
sway direction, and Иe, is the yaw moment exposed by the 
wave and wind in the yaw direction. These three compo‐
nents are described in the next section.

The U is the advance speed of the ship, and c is the effec‐
tive longitudinal inflow velocity considering the presence 
of propeller calculated by:

U = u2 + v2 (8)

c =
AP

AR
[ ]( )1 − w u + kuA∞

2
+

AR − AP

AR

(1 − w )2u2 (9)

The c0 refers to the flow speed value in the equilibrium 
condition of the ship’s forward velocity and propeller speed 
in straight-ahead motion. Ap, and AR are the propeller and 

the rudder area, respectively. The wake fraction factor is w 
and uA∞ is the value given to the induced axial velocity cal‐
culated by (McTaggart, 2008):

uA∞ = U (1 − w ) 1 + Cth (10)

where Cth is the propeller thrust loading coefficient calcu‐
lated by (McTaggart, 2008):

Cth =
Fprop

1
2 ρU 2 (1 − w )2 π

4 D2
(11)

The effective rudder angle, e, in Eq.4 to Eq.7 is given 
by (Abkowitz, 1980):

e = δ
v
c

+
rL
2c

(12)

where δ is the rudder angle. All the nondimensional hydro‐
dynamic coefficients are presented in Table 2.

3  Non-linear manoeuvring model

Environmental forces and moments caused by waves 
and wind are critical factors that must be considered when 
designing control strategies for ship path following. These 
forces vary according to the sea conditions and the hull 
shape and can result in the ship deviating from its intended 
course. Accurate modelling of these forces is crucial in 
developing a robust control strategy that ensures safe and 
efficient ship navigation.

One of the widely used methods for calculating environ‐
mental forces and moments is through mathematical rela‐
tionships. These relationships are typically based on the 
principles of hydrodynamics and are derived from experi‐
mental or numerical data (Fossen, 2011).

Table 2　Hydrodynamic coefficients of the Esso Osaka tanker (Moreira et al., 2007)

Coefficient

(m − Yv̇ )'
( Iz − Nṙ )'
Y 'v

Y 'r

N 'v

N 'r

Y 'δ

Y 'o

C 'R

Value

0.035 2

0.002 22

−0.026 1

0.003 65

−0.010 5

−0.004 80

−0.002 83

0.190 0×10−5

0.002 26

Coefficient

Y 'r2v

X 'e2

X 'v2r2

N 'e3

N 'r2v

η'1

η'2

Y 'e3

m'

Value

0.006 11

−0.002 24

−0.007 15

0.001 16

−0.045 0

−0.962×10−5

−0.446×10−5

−0.001 850

0.018 1

Coefficient

X 'v

mxG − Yṙ

( X 'vr + m' )

N 'O
mxG + Xr2

mxG − Nv̇

η'3

Value

0.030 70

0.000 572 0

0.026 6

−0.000 28

0.005 720

0.000 572 0

0.030 9×10−5

‒

‒
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The mathematical relationships proposed by Fossen 
(2011) offer a means to quantitatively determine the influ‐
ence of wave and wind effects on a ship by calculating the 
associated environmental forces and moments. These rela‐
tionships incorporate various factors such as wave spectrum, 
wave kinematics, wind velocity, wind direction, vessel head‐
ing, vessel speed, and vessel size and shape. By utilising 
these relationships, one can estimate the magnitude and 
direction of the forces and moments acting on the vessel, 
thereby predicting their impact on the ship’s manoeuvrabil‐
ity. This approach presents a viable alternative to employ‐
ing computationally intensive computational fluid dynam‐
ics (CFD) models for assessing environmental forces and 
moments.

Notably, in Aydın et al. (2022), the authors focus on esti‐
mating environmental loads for dynamic positioning (DP) 
systems used in offshore operations. These DP systems are 
essential for maintaining vessel position and heading in 
various environmental conditions, such as wind, waves, and 
currents (Hassani et al., 2017). The paper conducts a com‐
parative analysis of semi-empirical methods and computa‐
tional fluid dynamics (CFD) approaches, aiming to improve 
the accuracy of load assessments. It offers valuable insights 
into refining initial load estimates, making it a useful resource 
for those involved in offshore operations and DP capability 
analysis.

In addition to waves and wind, the influence of sea cur‐
rents should be considered for a more comprehensive under‐
standing of ship performance in realistic situations. Accord‐
ing to Ferrari et al. (2012) and Zhou et al. (2020), sea cur‐
rents can significantly impact a ship’s navigation and 
control system, particularly in path-tracking regimes. This 
influence can result in undesired wobbling movements de‐
viating from the intended path and significant overshoots. 
The reduced capability to track the intended path accu‐
rately increases operation time and costs. In specific criti‐
cal missions such as bathymetry recording or mine detec‐
tion, the negative effects of sea currents on path-tracking 
can even lead to mission failure. To gain a deeper under‐
standing of the influence of sea currents on ship perfor‐
mance, it is recommended to consult the detailed findings 
and insights presented by Ferrari et al. (2012), Zhou et al. 
(2020), Armudi et al. (2017); and Chen (2018).

3.1  Wind forces and moment

The wind forces and moment in 3DOF for crude carrier 
ships based on (Fossen, 2011) can be calculated through 
the following equations:

Xwind =
1

7.6
CX (γw )ρaV

2
w AFw (13)

Ywind = − 1
7.6

CY (γw )ρaV
2

w ALw (14)

Nwind = − 1
7.6

CN (γw )ρaV
2

w ALw LoA (15)

AFw, ALw, and LoA, are front ship projection area, and side 
area projection above the waterline and length overall. ρa 
is air density, and the term γw has belonged to the wind 
direction to the heading of the ship. This angle is illustrated 
in Figure 3. It should be noted that γw, and Vw are attack 
angle and wind velocity, respectively given by (Fossen, 
2011). Additionally, uw represents the Vw component aligned 
with the x-direction while vw corresponds to the Vw compo‐
nent aligned with the y-direction. The mentioned variables 
are calculated as:

γw = φ − β − π (16)

Vw = ( )u − uw

2
+ ( )v − vw

2
(17)

uw = Vwcos ( )β − φ (18)

vw = Vwsin ( )β − φ (19)

The terms CX, CY, and CN represent wind coefficients 
and are calculated based on the angle of attack. As per (Fos‐
sen, 2011), these quantities are traditionally derived from 
specific plots for each parameter. However, for increased 
flexibility, an alternative approach involves fitting a poly‐
nomial to the graphs to obtain formulas that best represent 
the behaviour of each parameter as a function of the head‐
ing angle.

In this study, both the plots provided by Fossen (2011) 
and the regression toolbox of MATLAB have been utilised 
to calculate these three terms based on a more refined and 
accurate methodology:

CX = 1.865− 12γ6 − 1.124− 9γ5 + 2.511− 7γ4 − 2.505− 5γ3

+0.001 027γ2 − 0.000 315 7γ − 0.866 9
(20)

Figure 3　Wind speed Vw, direction β, angle of attack γw and ship’s 
heading φ
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CY = − 5.83− 13γ6 + 3.684− 10γ5 − 9.29− 8γ4 + 1.139− 5γ3

− 0.000 532 2γ2 − 0.008 086γ − 0.015 08
(21)

CN = − 1.154− 9γ4 − 3.047− 9γ3 + 6.16− 5γ2

− 0.004 379γ + 0.008 646
(22)

It should be noted that γ = γw in Eq.20 to Eq.22 is in 
degree and is in the ranges of 0° ≤ γ ≤ 180°.

3.2  Wave forces and moments

To expose the influence of the waves on the ship’s 
motions, the first-order and second-order effects can be 
considered. The first-order effects based on (Fossen, 2011) 
are defined as wave-frequency motion observed as zero-
mean oscillatory motions, and the second-order effect is 
wave drift forces observed as nonzero slowly varying com‐
ponents. In this study to simplify the procedure of calculat‐
ing wind forces and moment in 3DOF, the linear model for 
first- and second-order wave-induced forces and moment 
is considered. In 3DOF motion, the forces and moment 
from the waves are given by (Fossen, 2011):

Xwave =
K { }1

w s

s2 + 2ζ { }1 w{ }1
e s + ( )w{ }1

e

2
w1 + d1 (23)

Ywave =
K { }2

w s

s2 + 2ζ { }2 w{ }2
e s + ( )w{ }2

e

2
w2 + d2 (24)

Nwave =
K { }6

w s

s2 + 2ζ { }6 w{ }6
e s + ( )w{ }6

e

2
w3 + d3 (25)

where the Wiener process is used to calculate the drift 
forces, di as:

ḋ1 = w4 (26)

ḋ2 = w5 (27)

ḋ3 = w6 (28)

To adjust the amplitude of the wave forces and moment, 
K { }DOF

w  are used. In Eq.23 to Eq.28, w is a white Gaussian 
noise which is used in simulation and w{ }DOF

e  are encounter 
frequency and ζ is a damping coefficient. In this research 
study ζ = 0.26, based on the recommended value proposed 
in (Fossen, 2011). This value is implied when the Pierson–
Moskowitz spectrum, S, is considered. This spectrum is 
utilised in this study.

The objective of the present study is to evaluate the per‐
formance of the designed controller under various sea states 
and ensure its robustness. To achieve this, the first five sea 
states are considered. The wave height ranges from 0.3 m 

to 3m, and the wind speed ranges from 1.5 m/s to 10.7 m/s. 
The focus on these particular sea states also ensures that 
the results are accurate and relevant to practical situations 
(Bitner-Gregersen et al., 2022; Lucas et al., 2011). There‐
fore, the study provides a comprehensive assessment of the 
controller performance and its ability to handle various sea 
states encountered in the area of interest.

After calculating the wind and wave forces and moments, 
the environmental effects on the mathematical model are 
calculated based on:

χe = Xwave + Xwind (29)

ϒe = Ywave + Ywind (30)

Иe = Nwave + Nwind (31)

This dynamic approach can enhance the adaptability and 
accuracy of the LoS guidance system, allowing it to respond 
more effectively to variations in the ship’s position rela‐
tive to the desired path.

To investigate and analyse the effect of environmental 
forces and moment on the motion, the simulation of the 
circular motion has been done by setting the rudder angle,
δ, to its maximum value, δ = 35°. Figure 4 illustrates the 
ship’s trajectory in calm water and the presence of waves 
and wind. Compared to (Skejic and Faltinsen, 2013), the 
results reveal that the proposed procedure in calculating 
the environmental forces and moment effectively obtained 
for the 3DOF motions.

4  Linear quadratic regulator (LQR) control 
strategy

Robustness and performance evaluation in the presence 
of waves and wind is a crucial process in designing auton‐
omous ships. These disturbances need to be compensated 
differently by a control system (Fossen, 2011). The main 
goal of this research is to follow the predetermined path by 

Figure 4　Ship trajectory in circular motion for calm water and 0° 
waves and wind.
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the ship. To achieve this goal, the controller based on the 
dynamic guidance system measures the desired angle accord‐
ing to its position and heading, and the corresponding 
rudder angle is determined to merge the ship reaching the 
desired path. The guidance system implemented in this 
research is described in the next subsection.

4.1  Guidance system

In the Line of Sight (LoS) guidance law, the main goal 
is to obtain the angle of inclination according to Figure 5 
to force the ship to converge to the desired path. Two param‐
eters have the greatest impact on the right angle for an 
autonomous ship to move toward the determined path. One 
of these parameters is the distance between the position 
coordinate of an autonomous ship or the control point and 
the path, e, and the other is the Δ. by obtaining these two 
parameters, it is possible to determine the (xLoS, yLoS). The 
distance between the control point and the path, e, can be 
easily determined using geometric equations, and the pro‐
posed function to achieve Δ is presented in

∆ = Lppe− 0.25 e (32)

The variable Δ plays a role in determining the LoS coor‐
dinates (xLoS, yLoS) as illustrated in Figure 5. Eq.32 describes 
how Δ is calculated dynamically based on the distance e. 
Instead of treating Δ as a constant value, it is calculated 
dynamically based on the distance of the ship from the 
desired path.

This dynamic calculation of Δ considers the changing 
position of the ship in relation to the desired path, which 
can be an improvement over a static or constant value.

Based on the Enclosure-Based Steering (Fossen, 2011), 
the desired angle for heading control to follow the defined 
path is given by:

ψd = atan2 ( )yLoS − ys, xLoS − xs (33)

4.2  First-order nomoto model

The first-order Nomoto model for steering is considered 
in this study to calculate the desired rudder angle based on 
the output of the guidance system. This model is widely 
used for autopilots (Moreira et al., 2007; Zhu et al., 2018; 
Xiao et al., 2012). The first-order Nomoto model for steer‐
ing dynamic is described as:

ψ̇ = r

Tṙ + r = Kδ
(34)

In this dynamic model K, and T are the Nomoto time and 
gain constant. Based on (Journée, 2001) these two parame‐
ters are calculated based on the zigzag manoeuvring test. 
The obtained values for these two parameters are as T =
24.285 2 s, K=0.016 0 s−1.

4.3  Controller design

The LQR controller aims to find a rudder angle to mini‐
mise quadratic cost functions. The cost function considered 
in this research is presented in (Fossen, 2011) as:

J = min{0.007 6
Tf ∫0

Tf

(ε2 + λ1r2 + λ2δ
2 )dt} (35)

where ε = ψ − ψd, and λ1, and λ2, are the weighting factors. 
To achieve optimal controller gains, three criteria as pro‐
posed by (Fossen, 2011) are used: Van Amerongen and 
Van Nauta Lemke’s Steering (1978), Koyama (1967), and 
Norrbin (1972) criteria. Van Amerongen and Van Nauta 
Lemke’s Steering criterion suggests that the control law 
should be proportional to the path following error, yaw 
rate, and the square of the yaw rate. Hence, based on the 
Steering criterion and the cost function, the control law 
should have the form:

δ = − Kp(ψ − ψd ) − Kdr (36)

When designing a PD controller, the cost function J is 
minimised by adjusting the controller gains Kp and Kd. To 
achieve this, LQR control design method is used. The 
LQR problem involves solving the algebraic Riccati equa‐
tion, which is a necessary condition for the optimality of 
the controller. In this problem, if the state used in this prob‐
lem is considered as [φ, r ], the Riccati equation associated 
with the LQR problem is given by:

AT P + PA − PBR− 1 BT P + Q = 0

A =
é

ë

ê
êê
ê
ê
ê ù

û

ú
úú
ú
ú
ú0 1

0 − 1
T

, B =
é

ë

ê
êê
ê
ê
ê ù

û

ú
úú
ú
ú
ú0

K
T

, Q = é
ë
êêêê ù

û
úúúú0 0

0 λ1

, R =  λ2

(37)

where A, B, Q, and R, are the state-space and weighting 
matrices, respectively, and P is the solution to the Riccati 

Figure 5　Guidance system
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equation, which is a symmetric positive definite matrix. The 
optimal feedback gain matrix K is then given by:

KLQR = R− 1 BT P (38)

substitute the expressions for R, B, and P:

KLQR = λ2
− 1 K

T
P (39)

As a result, leveraging the matrices A, B, Q, R, and the 
Riccati equation (Eq. 37), the analysis performs matrix 
substitution to solve for the symmetric positive definite 
matrix P. Subsequently, upon obtaining the solution for P, 
the controller gains are determined following Eq.39.

Kp =
1
λ2

(40)

Kd =
1 + 2Kp KT + K 2( )λ1

λ2
− 1

K
(41)

The cost function, Eq. 35, includes the term λ₂ δ2. To mi‐
nimise this term, Kp should be inversely related to λ₂. As λ₂ 
increases (indicating higher cost associated with control 
effort), Kp should decrease to reduce the impact of the con‐
trol input on the cost function. In proportional control law, 
the control input δ is proportional to the error ε (the differ‐
ence between the desired and actual state). To minimise δ2, 

a smaller Kp is needed when λ₂ is large. The choice of 1/ λ₂  
is made because it reflects an appropriate balance between 
error tracking and control effort. The square root relation 
ensures that as λ₂ increases, Kp decreases to put less empha‐
sis on minimising δ2 while still providing sufficient control 
to track the desired state. The specific formulation of Kd in 
this manner is a result of optimisation and control theory 
principles aimed at achieving a desired control response 
while balancing the trade-offs between tracking perfor‐
mance and control effort (Bitner-Gregersen et al., 2016). It 
reflects a design choice that is influenced by the system 
dynamics and control objectives.

The Koyama and Norrbin criterion for this system is 
obtained when λ1 = 0 and λ2 = λ. In this regard:

Kp =
1
λ

(42)

Kd =
1 + 2Kp KT − 1

K
(43)

Therefore, based on the mentioned criteria, according to 
the manoeuvre, λ should be determined according to the 
best performance considering the path following error, con‐
vergence to the desired path duration, and heading behav‐
iour of the ship.

5  Optimal controller gains

When discussing autonomous ships, it is important to 
consider their manoeuvring performance and other con‐
straints, such as reducing operation time to minimise fuel 
consumption. The controller proposed in this research study 
aims to achieve optimal performance by adjusting the con‐
trol gain. The study considers environmental factors such 
as waves and wind that can significantly affect the ship’s 
manoeuvrability. To determine the characteristics of ship 
manoeuvres under various sea conditions, the study employs 
different criteria and obtains optimal gains. Overall, the 
section focuses on developing an approach that can effec‐
tively handle the complex and dynamic nature of ship 
manoeuvres in varying environmental conditions.

To determine the optimal performance of the ship, four 
criteria are considered as follows:

• The evaluation of ship manoeuvring performance 
involves several criteria, one of which is the maximum devi‐
ation from the initial position, ∆p. This criterion is impor‐
tant in cases where route limitations, such as canals, are 
present. The cross-check error from the initial position is 
calculated by changing the controller gain, λ, and the maxi‐
mum cross-check error is used to obtain the best controller 
gain. The choice of the controller gain constant (λ) directly 
influences the ship’s ability to maintain a precise course. 
Higher values of λ lead to more aggressive control responses, 
reducing ∆p by promptly correcting deviations. Conversely, 
lower λ values result in smoother control actions but may 
lead to larger deviations from the initial position. The opti‐
misation process seeks to find the λ value that minimises 
∆p while meeting other control objectives. By adjusting λ, 
the controller aims to strike a balance between rapid error 
correction and minimising deviations from the initial posi‐
tion. Thus, optimising λ ensures that the ship navigates 
precisely within constrained routes like canals.

• Another parameter used to assess the effectiveness of 
the manoeuvring controller is the maximum reaching time 
for the desired path, tr. This criterion is determined by com‐
puting the cross-check error from the desired path, whereby 
the time corresponding to when the cross-check error reaches 
zero is recorded as the reaching time. λ plays a pivotal role 
in determining how quickly the ship reaches its intended 
path. Higher λ values result in more aggressive control 
actions, potentially leading to faster convergence and a 
shorter tr. Conversely, lower λ values may lead to gentler 
control responses, extending tr. The optimisation process 
aims to minimise tr while considering other performance 
criteria. By adjusting λ, the controller seeks to find the bal‐
ance between swift convergence and stable navigation. 
Optimising λ ensures that the ship efficiently follows the 
desired path and reaches its destination in minimum time.

• The third criterion considered in this research is the 
steady-state error, ess, which evaluates the distance between 
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the ship’s path and the desired path under the influence of 
waves and wind. By adjusting λ, the control law can be 
fine-tuned to counteract the effects of disturbances. A well-
optimised λ value allows the controller to actively mitigate 
deviations from the desired path, reducing ess. A higher λ 
typically results in a more aggressive response to distur‐
bances, potentially leading to smaller essvalues. To mini‐
mise ess, search for the λ value that minimises a cost func‐
tion encompassing ess and other relevant criteria are con‐
ducted. This ensures that the ship maintains a precise tra‐
jectory along the desired path, even when confronted with 
external forces such as waves and wind.

• Finally, the last criterion is the maximum deviation of 
the heading compared to the desired value, ∆ψ. This criterion 
is important in evaluating the performance of the thrust and 
rudder system and its relationship with fuel consumption. 
A minimum heading’s overshot compared to the desired 
value is considered the optimal mode. These criteria pro‐
vide a comprehensive evaluation of the performance of the 
ship manoeuvring controller under different environmental 
conditions. The parameter λ affects the control law that 
determines how the ship adjusts its heading in response to 
deviations from the desired course (∆ψ). A higher value of 
λ results in more aggressive heading corrections, reducing 
∆ψ but potentially leading to overshooting the desired head‐
ing. Conversely, a lower λ leads to smoother heading adjust‐
ments but may result in slower response times and larger 
heading deviations. The goal is to find the optimal λ that 
strikes a balance between rapid heading corrections and 
minimising overshoot. This optimal value is obtained by 
minimising a cost function that incorporates criteria related 
to heading control, such as ∆ψ. Thus, optimising λ ensures 
that the ship’s heading remains closely aligned with the 
desired direction, enhancing the precision of its manoeuvres.

Considering the mentioned factors, in different sea states, 
sea state 1 to sea state 5, the performance of the proposed 
controller is evaluated and the optimal controller gain for 
each wave direction and sea state are obtained. The proce‐
dure to obtain the controller gain is done by minimising the 
cost function using the genetic algorithm technique. The 
cost function that is considered in this research is presented 
in:

C (tr, ∆p, ∆ψ, ess ) = max (tr ) + max (∆p) + max (∆ψ ) + ess

(44)

It should be noted that all mentioned parameters are nor‐
malised. The procedure of normalisation is described below.

The time the cross-check errors reach their steady-state 
error is noted and recorded. By taking this time as the max‐
imum and 0 as the minimum, the reaching time is then nor‐
malised within this range. This normalisation process pro‐
duces a value that falls between 0 and 1.

To normalise the ship’s deviation from the initial point to 

reach the desired path, the distance between the initial point 
and the desired path is considered as a normalisation fac‐
tor. This distance can be calculated as the shortest distance 
between the initial point and the desired path. By dividing 
the maximum deviation from the initial point by this dis‐
tance, a normalised value between 0 and 1 is obtained, 
where 0 represents perfect performance (no deviation from 
the desired path), and 1 represents the worst performance 
(maximum deviation from the initial point).

To normalise the maximum heading overshoot of the 
ship from the desired heading, the following formula is 
used:

max (∆ψ )n =
max (∆ψ )

ψd

(45)

where n denotes the normalised value.
Eq.45 gives a value between 0 and 1, where 0 represents 

perfect performance (i. e., no overshoot) and 1 represents 
the worst performance (i.e., overshooting the desired head‐
ing by the full amount).

To normalise the steady-state error, the actual steady-
state error is divided by the maximum allowable steady-
state error (in this paper, the maximum allowable steady-
state error is 10% of the ship’s length):

essn
=

ess

10% × LoA

(46)

The resulting value would be a normalised steady-state 
error between 0 and 1. The cost function, Eq. 44, is used in 
obtaining the optimal controller gain. The relationship 
between the two cost functions is as follows: Eq. 35 (J) is 
specifically used within the LQR controller design to opti‐
mise control gains by minimising the heading error and 
control input. However, the selection of λ is pivotal for 
achieving optimal performance and is determined through 
a separate criterion. To obtain the appropriate value for λ, 
attention turns to Eq. 44 (C), which serves as an overarch‐
ing evaluation metric. Eq. 44 considers multiple criteria, 
including path following error, convergence to the desired 
path duration, and the heading behaviour of the ship, help‐
ing us identify the λ that best suits the desired performance 
under varying environmental conditions.

Genetic Algorithm (GA) is used to minimise the cost 
function and calculate the optimal controller gain. MAT‐
LAB optimisation toolbox is used. In the context of the 
genetic algorithm application, it is crucial to emphasise that 
the overarching objective is to fine-tune the controller gain 
parameter, denoted as λ, to optimise the autonomous ship’s 
performance across various environmental conditions. λ 
plays a pivotal role in determining the ship’s control strategy, 
influencing factors such as deviation from the initial posi‐
tion, reaching time for the desired path, steady-state error, 
and heading deviation. Higher values of λ tend to result in 
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more aggressive control responses, whereas lower values 
lean toward smoother, less aggressive responses. To ascer‐
tain the optimal λ value, the GA-based optimisation proce‐
dure systematically explores a range of potential solutions 
by evaluating their performance based on a composite cost 
function. This cost function takes into account multiple 
performance criteria, including path following error, con‐
vergence time, and heading behaviour. By iteratively select‐
ing and evolving candidate solutions through genetic oper‐
ations like crossover and mutation, the GA aims to con‐
verge towards the λ value that best aligns with the desired 
performance outcomes. Through these steps, we ensure that 
the ship’s control system is adaptable and efficient, enabling 
precise manoeuvring even in the face of dynamic environ‐
mental challenges. Two criteria are considered for the stop‐
ping point in the genetic algorithm, the maximum number 
of generations and the plateau detection. For the maximum 
number of generations, a predetermined number of genera‐
tions, 100 generations, is set as the maximum limit, and 
the algorithm stops when this limit is reached. For plateau 
detection, the algorithm stops when the cost function has 
remained unchanged for a specified number of genera‐
tions. The range of control gain, λ, is defined as greater 
than 0, as it must be a positive value. The optimisation pro‐
cedure is depicted in Figure 6, following a well-defined 
process:

• Initialisation: Begin with a set of controller weight λ 
and a population of candidate solutions.

• Evaluation: Evaluate the performance of each candi‐
date solution using Eq. 43, which combines the various cri‐
teria for performance assessment.

• Selection: Select the top-performing candidate solu‐
tions based on their evaluation scores.

• Crossover and Mutation: Apply genetic operations 
such as crossover and mutation to create a new generation 

of candidate solutions.
• Termination Check: Check if termination criteria are 

met (the maximum number of generations and the plateau 
detection). If not, return to the Evaluation step.

• Optimal Solution: Once the optimisation process con‐
verges or reaches the maximum number of iterations, the 
optimal controller weight ( λ ) is determined based on the 
best-performing candidate solution.

6  Results and discussion

To determine the optimal controller gain for each sea 
state, waves and wind direction, a range of wave attack 
directions from −180° to 180° at 30° intervals are consid‐
ered. The primary objective of the controller is to guide 
the ship towards the desired path. Figure 7 illustrates the 

desired path and the initial position of the ship, {( x0, y0, ψ0 ) =

(200 m,200 m, 0°)}. Additionally, Figure 7 depicts the rela‐

tive attack angle corresponding to the 0° waves and wind 
direction.

The primary aim of the proposed controller is to facili‐
tate the convergence of the ship to the desired path. The 
controller accomplishes this by regulating the rudder angle 
in response to the desired heading, which is derived from 
the proposed dLoS approach while maintaining a constant 
surge speed. The controller gain for each of the 12 direc‐
tional and 5 sea state scenarios are determined by manipu‐
lating a cost function proposed in Eq. 43 using GA. To 
gauge the effectiveness of the optimisation algorithm, the 
rate of convergence of the cost function to a minimum value 
is presented in Figure 8. As previously noted, the optimisa‐
tion algorithm was subject to two constraints: a maximum 

Figure 6　Optimisation procedure
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number of generations (100 generations), and a plateau 
detection criterion. Examination of Figure 8 reveals that 
the algorithm terminated before completing 100 genera‐
tions, implying activation of the latter constraint. The plot 
further demonstrates the algorithm’s efficacy in reducing 
the cost function, with the resulting gains reflecting the 
controller’s optimal performance as determined by the 
cost function’s specifications.

This study conducts a comprehensive analysis to opti‐
mise the gains for the LQR controller in various waves and 
wind directions. The optimisation process is carried out for 
all wave directions and sea states using a genetic algo‐
rithm. The obtained gains are then utilised in the proposed 
LQR controller to ensure that the ship can converge to the 
desired path accurately. The optimisation process results 
are presented in Figure 9, which demonstrates the optimal 
gains for different sea states and wave directions.

The results depicted in Figure 9 and Table 3 suggest that 
the controller gain for sea states 1 to 3 is not significantly 
different from those of calm water situations. These results 
indicate that the optimal controller gain for these sea states 
can be obtained by considering only the calm water situa‐
tion. However, it is essential to note that the manoeuvring 
performance of the ship is directly correlated with the time 
it takes to complete the manoeuvre, and this directly impacts 
the financial cost. Moreover, the accuracy required for spe‐
cial situations also needs to be considered. Therefore, it is 
recommended that the effects of waves and wind distur‐
bances in these sea states be incorporated to ensure effi‐
cient and accurate manoeuvring of the ship. Figure 9　Optimal controller gain for different sea state

Figure 8　The optimisation algorithm performance

Figure 7　Desired path and initial condition of the ship
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The results of the analysis in sea state 4 and sea state 5 
demonstrate that the controller has a significant impact on 
the rudder angle in response to deviations from the desired 
heading in 180° wave direction, while lower controller gains 
in −60° and −30° directions indicate a weaker influence of 
the controller on the rudder angle for the same error signal.

These findings for −60° and −30° directions are reason‐
able due to the increased influence of waves and wind on 
ship performance during port turns, leading to reduced influ‐
ence of the rudder angle.

The higher gains observed in the 180° wave direction 
compared to calm water suggest that the location of the 
desired path relative to the initial position of the ship, as 
well as the angle of the desired path to the x-axis, have a 
greater influence on ship performance in this direction, 
thus requiring the controller to work harder to maintain the 
ship heading. This effect is particularly significant in sea 
states over 3, where the characteristics of the waves and 
wind are more pronounced, and their impact on the ship is 
more powerful, especially considering the length and draft 
of the ship.

Based on data provided by the boxplot in Figure 10, the 
box plot shows the distribution of controller gain for differ‐
ent wave directions. The fact that the gains for all wave 
directions are distributed within a narrow range of 2.8 to 
3.5 indicates that the controller can maintain stable perfor‐
mance across different waves directions.

Furthermore, it is notable that the box sizes at 120° , 
−60°, and −30° are relatively larger. This observation can 

be attributed to various influencing factors. Specifically, the 
increased variability in controller gain for these wave direc‐
tions is influenced by the complex interplay of factors, 
including the ship’s response to wave and wind distur‐
bances, the initial position and heading of the ship, and the 
angular relationship between the desired path and the x-axis.

The median of all boxes in Figure 10 are in the same 
range, which means that the central tendency of the data is 
similar across all waves directions. This suggests that the 
LQR controller gains perform consistently across different 
wave directions.

Based on the box plot in Figure 11, the data distribution 
for the case of waves and wind situations is more spread 
out than the calm water situation. The box plot also shows 
that the data is tightly distributed for the calm water situa‐
tion, with no outliers. However, for the waves and wind sit‐
uations, the range of the data is wider, indicating a greater 
variation in the controller gains across different sea states 
and waves directions. This suggests that the controller gain 
must be carefully tuned to account for the variations caused 
by waves and wind disturbances, especially in sea states 
above 3, to ensure optimal ship performance. After account‐
ing for these factors, it becomes evident that the variability 
in controller gain for specific wave directions is a valuable 
insight into the adaptability of our control system. This 
adaptability ensures that our ship maintains stable perfor‐
mance even in challenging maritime conditions.

After determining the control gain for various scenarios, 
the performance of the controller in following the desired 

Table 3　Optimal control gains

Sea state

1

2

3

4

5

Wave and wind direction

−150

3.124 5

3.200 4

3.394 7

3.456 2

3.787 9

−120

3.082 3

3.154 7

3.206 9

3.137 0

2.685 0

−90

3.150 3

3.097 9

3.206 2

3.115 0

3.279 5

−60

3.029 0

3.060 1

3.185 8

2.228 7

2.048 7

−30

3.288 5

3.333 4

3.142 0

2.552 3

2.660 3

0

3.050 2

3.283 9

3.438 5

3.312 2

3.363 6

30

3.107 6

3.268 1

3.158 2

3.204 5

3.306 1

60

3.257 7

3.210 1

3.200 2

3.356 7

3.315 0

90

3.043 2

3.426 2

3.168 1

3.370 3

3.313 1

120

3.771 3

2.724 0

2.890 7

3.609 2

3.046 4

150

2.801 3

2.965 9

2.824 6

3.457 2

2.910 1

180

3.097 1

3.180 1

3.263 8

3.344 6

4.217 4

Figure 10　Controller gain distribution in different waves and wind 
directions

Figure 11　 Distribution of the controller gain in calm water and 
environmental disturbances situation
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path is assessed through simulation under specific condi‐
tions. For this purpose, a waves direction of − 60° in sea 
state 3 is chosen. The obtained results are depicted in 
Figures 12 to 15, providing a visual representation of the 
controller performance evaluation.

For this situation, the optimal controller gain is deter‐
mined using a comprehensive evaluation based on four dif‐
ferent criteria, including the consideration of steady-state 
error. Subsequently, when applying the optimal controller to 

the simulation, it is observed that the ship exhibits a re‐
markable convergence towards the desired path. This 
convergence serves as evidence of the controller’s effective 
performance in guiding the ship along the intended trajec‐
tory. However, it is important to note that despite the sig‐
nificant convergence, a steady-state error is observed 
(Figure 12). This indicates a persistent deviation between 
the actual path followed by the ship and the desired path, 
even after the controller has reached a steady-state condition.

On the other hand, comparing the results in Figure 12 
reveals that, in the case of using a more practical and com‐
mercial controller like PID, the convergence of the ship to 
the desired path faces more agreement compared to LQR. 
It should be noted that even though this performance is 
more favourable compared to LQR, the overall decision on 
the evaluation should be made by considering other param‐
eters, such as the rudder angle deflection, which will be 
discussed in more detail.

Upon plotting the cross-check error for the path follow‐
ing controller, Figure 13 shows that the steady-state error 
surpassed 10 per cent of the overall length of the ship. 
Despite this steady-state error, the convergence of the error 
can be deemed acceptable. The error diminishes over time 
and eventually stabilises, indicating that the ship follows 
the desired path closely.

Another aspect considered in this evaluation is the robust‐
ness of the controller. To achieve this goal, the simulation 
is also conducted for a specific condition when model per‐
turbations occur. To create this situation, the yaw rate of the 
ship is exposed to white noise to generate a situation with 
a Signal-to-Noise Ratio of 14.172 1. From Figure 12, it can 
be concluded that even though this perturbation affects the 
process of controller design, the overall performance of 
the ship is not considerably influenced. On the other hand, 

Figure 13　Cross-check error for the path following sea state 3, −60° 
waves and wind

Figure 14　Velocity profiles during course correction amidst wave and wind disturbances

Figure 12　Ship trajectory in sea state 3 and waves direction −60°

941



Journal of Marine Science and Application 

focusing solely on the path tracking of the ship without 
considering other parameters like the rudder angle (con‐
troller), no significant change appears. Hence, it could be 
concluded that even with model perturbation, the proposed 
controller performance is generally acceptable.

The observed trends in surge velocity (u) in Figure 14 
provide valuable insights into the dynamic behaviour of 
the vessel during its course. Initially, as the vessel com‐
mences its journey, surge velocity starts from a standstill 
and smoothly increases. However, a notable point in this 
journey is when the vessel begins to adjust its course to 
align with the desired path. At this juncture, surge velocity 
exhibits a momentary steadiness before continuing its 
ascent. The final stabilisation of surge velocity at approxi‐
mately 18 m/s coincides with a fixed propeller rotation 
speed of 1.35 r/min, signifying a steady-state condition. 
Importantly, the unsmooth behaviour of the graph during 
certain phases can be attributed to environmental distur‐
bances, such as waves and wind, which momentarily influ‐
ence the vessel’s propulsion and stability. Sway velocity 
(v) in Figure 14 reflects the vessel’s lateral motion and its 
response to manoeuvres and external forces. Initially, as 
the vessel navigates its course, sway velocity experiences 
fluctuations. These fluctuations are particularly pronounced 
during course changes, with sway velocity reaching its 
maximum value at such points. Upon reaching the desired 
path, sway velocity stabilises for a duration, indicating the 
vessel’s lateral alignment with its intended trajectory. Nev‐
ertheless, over time, there is a decrease in sway velocity. 
This reduction can be attributed to the vessel’s response to 
environmental factors, notably the angle of the desired path 
relative to the direction of waves and wind. The graph’s 
unsmooth behaviour is indicative of the vessel’s adapt‐
ability to mitigate environmental sway disturbances.

The yaw velocity (r) graph in Figure 14 provides insights 
into the vessel’s rotational behaviour and its ability to 
maintain a consistent heading angle. Initially, yaw velocity 

changes as the vessel adjusts its course. However, once the 
vessel reaches its desired path, the yaw velocity experiences 
minor deviations around zero. While seemingly irregular, 
these deviations reveal the controller’s effectiveness in 
counteracting disturbances from the sea environment. 
Despite the presence of external forces, the vessel’s head‐
ing angle remains remarkably stable. This outcome under‐
scores the success of the controller’s primary objective, 
which was designed to precisely maintain the vessel’s head‐
ing angle based on the desired path. In sum, the unsmooth 
behaviour of the yaw velocity graph signifies the vessel’s 
resilience against environmental perturbations, showcas‐
ing the controller’s robust performance in maintaining 
course direction.

Both situations of utilising the PID controller and con‐
sidering model perturbation are presented in Figure 14. 
Evaluating the results in this context reveals that the surge 
velocity, due to the model perturbation and the use of the 
PID controller, does not significantly change the outcome. 
Hence, these parameters may not be the best options for 
analysing the robustness and the advantages of the pro‐
posed controller over PID. However, looking at sway velocity 
in all cases along with yaw rate changes uncovers the advan‐
tage of the proposed controller over PID.

Figure 14 reveals that the smoothness of the results in 
all cases except the PID controller is more evident. Hence, 
it can be said that the performance of the controller and 
the system is more stable in the proposed controller com‐
pared to PID. That might not be a perfect comparison; 
however, less change in practice is always favourable.

To evaluate the performance of the controller, an analy‐
sis focusing on two pivotal parameters is conducted: the 
ship’s heading angle and its corresponding rudder angle, 
as depicted in Figure 15. The empirical data presented in 
the figures unequivocally illustrates the ship’s heading 
angle exhibiting a convergent behaviour towards the intended 
direction within a finite timeframe. This convergent ten‐

Figure 15　Heading and rudder angle time series
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dency in the heading angle signifies the controller’s effec‐
tiveness in guiding the vessel along the desired trajectory.

Notably, the heading angle is assessed under varying 
environmental conditions, including both calm water sce‐
narios and situations influenced by waves and wind forces. 
Figure 15 elucidates that environmental forces, such as 
waves and wind, introduce significant delays in achieving 
the desired heading. Furthermore, the convergence rate 
towards the intended heading exhibits non-smooth behav‐
iour, attributed to the stochastic nature of waves and wind 
patterns.

Regarding the rudder angle, it exhibited dynamic changes 
over time to facilitate the convergence of the ship to the 
desired path. The variations in the rudder angle reflected 
the controller’s continuous adjustments in response to exter‐
nal disturbances, varying sea conditions, and deviations 
from the desired path. By modulating the rudder angle, the 
controller effectively guided the ship along the desired tra‐
jectory, compensating for any deviations and ensuring 
course correction towards the intended path.

Along with the previous parameters regarding the per‐
formance of the proposed controller, when looking at the 
controller output in more detail, it is clear that the smooth‐
ness of the LQR controller in maintaining the ship posi‐
tions along the desired path is evident. Rudder deviation, 
even after applying a lowpass filter to the controller output 
in the PID controller, is more than the controller output 
of the proposed LQR. Hence, it could be concluded that, 
although solely looking at the position of the ship may 
suggest that PID performs better than the proposed LQR, a 
more detailed investigation into the controller commands, 
which directly influence the performance of the actuator, 
reveals that PID, due to the higher deviation range com‐
pared to the proposed LQR, is not the best option and may 
lead to an increase in maintenance costs.

To elucidate the discernible divergence between the con‐
ditions of calm water and those influenced by waves and 
wind dynamics, we have generated graphical representations 
of the surge and sway forces, as presented in Figure 16. 
A noteworthy observation from this figure is that the ship 
undergoes a significant course change, resulting in a 
marked elevation of the forces. It is discernible from the 
force magnitudes that, following the waves’ direction, the 
ship is subjected to higher environmental forces. Conse‐
quently, the associated delay in the rudder angle’s return to 
its equilibrium position during this manoeuvre can be 
deemed justifiable.

This phenomenon is also reflected in the behaviour of 
the heading angle. Due to the perturbations induced by 
waves and wind interactions, the heading angle experiences 
a delay in attaining its desired value when compared to the 
scenario of calm water conditions. Furthermore, this trend 
exhibits non-smooth characteristics, indicative of these 
environmental factors’ unpredictable and fluctuating nature.

7  Conclusions

The study focuses on optimising the controller gains for 
various sea states, as well as wave and wind directions. 
The proposed controller demonstrates the ability to guide 
the ship towards the desired path by regulating the rudder 
angle based on the dynamic Line of Sight approach. The 
optimisation process, facilitated by a genetic algorithm, 
successfully determined the optimal gain for different sce‐
narios, ensuring accurate path following.

The significance of optimal control gain under various 
sea state conditions, encompassing scenarios ranging from 
calm waters to wavy conditions, was thoroughly discussed. 
This discussion, particularly, sheds light on how the pres‐
ence of waves and wind can impact controller performance. 
The analysis of the optimisation results revealed that for 
sea states 1 to 3, the controller gains are not significantly 
different from those in calm water situations. This implies 
that considering only calm water conditions might be suffi‐
cient to obtain optimal gains for these sea states. However, 
to ensure efficient and accurate manoeuvring, it is recom‐
mended to incorporate the effects of waves and wind dis‐
turbances in these sea states. The analysis also highlighted 
the influence of waves and wind conditions on the ship’s 
performance, particularly in sea states above 3. The con‐
troller gains exhibited significant variations depending on 
the waves direction, indicating the impact of the desired 
path’s location relative to the ship’s initial position and 
heading. It was observed that the controller exerted more 
influence on the rudder angle in response to deviations 
from the desired heading in certain wave directions while 
exhibiting weaker influence in others due to the increased 
influence of waves and wind disturbances during specific 
manoeuvres.

Similarly, the proposed controller demonstrates robust‐
ness to perturbations, as evidenced by its stable perfor‐
mance even under model disturbances. Overall, it outper‐
forms the classical PID controller, exhibiting smoother 
controller output and lower actuator deviations, highlight‐

Figure 16　Ship confronts surge and sway in the face of -60° wave 
and wind forces
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ing its superior efficiency in maritime control applications.
The box plots provide insights into the distribution of 

controller gains across different wave directions and sea 
states. The consistent range of gains suggested the stable 
performance of the controller, while the larger box sizes for 
certain wave directions indicated higher variability. These 
variations can be attributed to factors such as the ship’s 
response to waves and wind disturbances and the align‐
ment of the desired path with the ship’s initial position and 
heading.

Path-following simulation results illustrated the control‐
ler performance in following the desired path under specific 
conditions. A steady-state error was observed while the 
ship exhibited remarkable convergence towards the desired 
path. Despite this error, the convergence of the error was 
deemed acceptable, as it diminished over time and stabi‐
lised. The analysis of the heading angle and rudder angle 
plots further supported the successful guidance of the ship 
towards the intended direction, with dynamic adjustments 
made to ensure accurate path following.

The study successfully optimised the controller gains 
for path-following in various sea states, wave directions, 
and wind conditions. The analysis revealed the influence 
of these factors on the controller performance, emphasising 
the need for careful tuning of gains to account for waves 
and wind disturbances. The results demonstrated the effec‐
tiveness of the controller in guiding the ship towards the 
desired path, although steady-state errors and variations in 
controller gains were observed. Further research can focus 
on refining the control strategy to minimise steady-state 
errors and enhance the controller performance under vary‐
ing environmental conditions.
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