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This study presents an intelligent adaptive PID controller based on Radial Basis Function neural network (PID–RBF) for 
motion control of a ship subjected to surge, heave, and pitch dynamics. The proposed controller adjusts PID parameters 

based on tracking errors to perfectly follow the desired trajectory and compensate for nonlinearity and uncertainty. The 
numerical simulations show that the proposed adaptive PID–RBF controller outperforms the traditional adaptive PID 

control in terms of accuracy and dynamic performance. The control efforts required by the proposed method have been 

considerably reduced. In the surge channel, the control energy is reduced from the value 9.58 × 105to 2.61 × 104, while 

there is a reduction in control energy from 3.95 × 106to 1.22 × 106 in the sense of pitch channel motion. In addition, the 

control signal from the proposed PID-RBF controller is smoother than that from the conventional control approach. This 

indicates that the proposed controller could reduce stress on the actuator and thereby keep it in a safe operating range by 

lowering the maximum control signal input. In addition, the results show that the proposed controller has better rejection 

capability and robustness than the conventional controller. The proposed PID–RBF controller demonstrates promising 

performance in the motion control of a ship across three motion channels (surge, heave, and pitch). 
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1. Introduction 

In recent years, ship motions have attracted considerable attention for control, especially with intelligent systems such as marine automation 

technologies. High-precision techniques must control parameter uncertainties and external interference, including high waves, bad weather, and 

ocean currents. Therefore, many control approaches seek to enhance their ability to handle complex, dynamic operating conditions without 

compromising the performance of the nonlinear system. To solve all issues, a range of control systems has been studied, including robust 

control, adaptive control, model predictive control (MPC), and AI-based strategies. Among these, smart control systems based on artificial 

neural networks (ANN) and machine learning (ML) strategies have shown great promise for addressing uncertainties and nonlinearities in ship 

motion performance. Radial Basis Function neural networks (RBF-NNs) have proven particularly popular due to their rapid convergence, 

universal approximation capacity, and applicability to real-time systems. These capabilities support adaptive behaviour and online learning, 

making them ideal for uncertain and dynamic maritime situations. Despite these technological advances, proportional-integral-derivative (PID) 

controllers are still commonly used in maritime and industrial applications due to their simplicity, quickness, and robustness [1–5]. It is predicted 

that almost 90% of industrial control systems still use PID-based approaches [6, 7]. As a result, current research has focused on improving PID 

reliability rather than replacing it entirely. Many research investigations [8–11] have presented optimal and adaptive PID-assisted ship control 

techniques. For instance, Al-Awad et al. [12] and T. Dlabač et al. [13] utilized particle swarm optimization (PSO) to tune PID parameters for 

improved transient response, while Nicolau [14] applied pole placement and symmetrical optimum methods for trajectory tracking under various 

reference inputs. 

Nonlinear behaviors, parameter fluctuations, and external interference can all degrade the performance equality of traditional PID controllers. 

Constants and parameter variations are bounded according to operating conditions, resulting in reduced tracking accuracy and reduced rejection 

of external interference. These constraints underscore the need for more adaptable, intelligent control systems that perform well even under 

uncertain, harsh, and varying conditions. 
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Nomenclature & Symbols   

ANN Artificial Neural Networks Ki Integral Parameter 

ML Machine Learning Kd  Derivative Parameter 

RBF Radial Basis Function τa Adaptive PID Control Input 

NN Neural Network ėi Tracking Error Derivative 

PID Proportional-Integral-Derivative N Number of Neurons 

PSO Particle Swarm Optimization ϕi(e) Activation Function for Hidden Layer of RBF 

RMSE Root-Mean-Square Error ci RBF Neuron Center 

UUB Uniform Ultimate Boundedness ϵ Small Constant to Avoid Division by Zero 

DRR Disturbance Rejection Ratio Wp  , Wi  , Wd   Adaptive Weight Matrices 

OS Overshoot η Small Learning Rate 

Ts Settling Time 𝛥𝑡 Simulation Time Step 

Tr Rise Time τc Control Torque Input 

SSE Steady-State Error et Error Between the Desired and Actual Ship Motion 

IAE Integrated Absolute Error Kp Proportional Parameter 

τ Adaptive Control Input τ Adaptive Control Input 

q Position Vector q Position Vector 

q̇ Velocity q̇ Velocity 

q̈ Acceleration 𝛥𝑡 Simulation Time Step 

D q̇ Nonlinear Damping Forces τc Control Torque Input 

Msh Ship’s Mass-Inertia Matrix et Error Between the Desired and Actual Ship Motion 

G(q) Gravity Compensation Vector qd Desired Trajectory 

τmax  Maximum Control Input A Amplitude of the qd 

Mcontrol,rbf Maximum Control Input q̇d Desired Velocity 

 

The integration of intelligent ML strategies and traditional PID control is a possible research topic. PID controllers are simple to design and 

robust, and neural networks have flexible capacity. Combination control strategies are developed by combining these two. This can dramatically 

enhance system effectiveness. Hence, in this work, a Radial Basis Function neural network-based intelligent adaptive PID controller (PID-RBF) 

for three-degree-of-freedom ship motion control is proposed. The suggested method allows continuous adjustment of the PID gains based on 

the tracked error rate, leading to better tracking accuracy, resilience, and interference rejection in a nonlinear shipping environment. 

Such constraints drive the development of intelligent adaptive control techniques capable of dynamically adjusting controller parameters and 

ensuring stable performance under variable operating situations. To overcome these challenges, adaptive control solutions that use PID control 

methods have been created Åström and Hägglund (2006) developed error-driven tuning techniques for adaptive PID control, which are 

employed in the adaptive parameter update [15]. In this regard, Zhiping and Qiang [16] and Zhang et al. [17] proposed an adaptive self-

regulation PID control strategy that accounts for unknown time-varying environmental disturbances and for variations in the ship's model 

parameters.  

Alternatively, authors tend to develop new adaptive control methods combining the PID control with Artificial Neural Networks [18-21]. Ship 

dynamics are described by nonlinear equations and are affected by a wide range of external disturbances. Nonlinear and indeterminate features 

are also present in the external disruption component itself. As an outcome, specialized control techniques based on the Artificial Neural 

Network and the PID controller are designed to manage unknown variables and structures. Zhang, L et al. [22] and Hai [23] proposed a PID 

controller-based Artificial Neural Network (NN) where the NN is used to adjust the settings of the tuning parameters of the PID controller. The 

NN employs gradient descent to update its weights and ensure that the designed Artificial Neural Network can calculate the desired PID 

parameters. The use of standard Artificial Neural Networks to design adaptive PID controllers has limitations, including delayed adaptation, a 

lack of real-time parameter optimization, instability, and high computational cost, all of which lead to poor dynamic ship motion control. For 

effective and secure control of studies under various environmental circumstances. Hence, the effectiveness of traditional PID controllers can 

be severely degraded when dealing with nonlinear dynamics, unpredictability, and outside perturbations such as wind and waves. These 

constraints necessitate the development of more adapted and intelligent control techniques. To overcome all these problems, the proposed PID-

RBF controller uses a Radial Basis Function neural network to adjust PID parameters in real time. Such an adaptive technique enables the 

controller to effectively respond to changing system dynamics, thereby improving tracking and optimization accuracy. A comparable technique 

was proposed by Yu et al. [24], which showed that an improved PID-RBF controller can enhance performance and overcome external 

disturbances. In this work, the PID parameters were adjusted periodically at each time instance, thereby reducing tracking errors using an RBF 

neural network. All these options increase response time while guaranteeing a stable response. Under nonlinear operating conditions, the 

combination of feedforward and gravity requirements concepts was integrated to improve the control performance. This integration enables the 

controllers to handle external interference more accurately. The aim of using the proposed method is to achieve greater simulation accuracy, 

reduced overshoot, lower tracking error rates, and improved robustness compared to traditional methods. Furthermore, the controller provides 

steady control signals while consuming less energy, thereby increasing overall efficiency. The benefits of the suggested method in all three 

motion directions, surge, heave, and pitch, are summarized by analyzing the performance using root-mean-square error (RMSE) and energy-

dependent measures. All things considered, the adaptive PID-RBF controller provides a stable and effective solution for three ship motion 

control in challenging, uncertain marine environments by combining the ease of use and practicality of traditional PID control with the learning 

capabilities of neural networks. 

2. Mathematical Model for Dynamic Ship System 

For marine control systems to provide efficient steering and stability, ship characteristics must be precisely modeled. Based on the ship's basic 

physical properties, such as mass, nonlinear dynamics, kinetic damping, and gravity-related effects, this study develops an adaptive control 
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framework. The ship's motion is modeled as a nonlinear system that accounts for gravity compensation, damping forces, and inertia. The ship 

motion’s nonlinear dynamics are characterized by the following equation [22]. 

τ = Msh q̈  +  D q̇  +  G(q)                                                                                                                                                                                   (1) 

τ  ϵ 𝑅3  is the adaptive control input vector, and q = [q1  q2  q3] T denotes the position vector corresponding to surge, heave, and pitch motions. 

Also, in Eq. 1, the derivatives q̇  represent the velocity, and  q̈  represents the acceleration. D q̇ represents the nonlinear damping forces, and  

Msh is the ship’s mass-inertia matrix, including added mass effects for surge, heave, and pitch, which is given by  

Msh = [
50 0 0
0 200 0
0 0 500

]                                                                                                                                                                                      (2) 

The nonlinear damping matrix 𝐷(𝑞̇), which captures velocity-dependent hydrodynamic effects, is given by  

 D = [

8 0 0
0 95 +  45 tanh(0.09 |q2̇|) 0

0 0 12 +  4.5|q3̇|
]                                                                                                                    (3) 

while G(q) is the gravity compensation vector term with an external disturbance, which takes gravity’s restoring forces into effect, G(q) is 

given by  

G(q) = [0 −1850 tanh (
q̇2

9.5
)  0]

T
                                                                                                                                                                   (4) 

To ensure actuator safety and accurate operation, the control input has restrictions as follows: τ = max (−τmax, min (τmax, τ)), and the 

maximum control input range limits for the ship system (τmax ) is shown in Eq. 5: 

 τmax = [600   6600   180]T                                                                                                                                                                                (5) 

The system limits control inputs used to prevent excessive ship motion, expressed as 600 N (surge force), 6600 N (heave force), and 180 N 

(pitch force). These limitations ensure the control system operates within safe bounds by preventing excessive forces and torques that could 

cause instability or damage to the machine. Fig. 1 shows the ship's three-direction motions and their restrictions. 

 

Fig. 1. The ship’s three-direction motions and their restrictions 

3. Controller Design 

In this study, under difficult maritime conditions such as storms, high waves, and oceanic interference, these challenges were addressed using 

two control techniques developed to overcome them. Two types of controllers are introduced in this study. The main aim is to enhance the 

system's stability, including energy efficiency and tracking accuracy, which are assessed using metrics such as the root-mean-square error 

(RMSE). The first method relies on a traditional adaptive Proportional-Integral-Derivative (PID) controller that operates without the aid of 

artificial intelligence. By combining a Radial Basis Function (RBF) neural network with the PID controller, the second method proposes this 

structure and creates the PID–RBF strategy. Controller parameters are tuned adaptively in real time in this hybrid approach, thereby enhancing 

performance and reducing tracking errors and external interferences. In this study, a sine wave is used as a reference trajectory to provide a fair 

comparison between the two controller types. This reference trajectory qd is used as a default to test the accuracy and efficiency of each control 

strategy. 

A sine-wave trajectory was used to test both types of controllers used in this study. These types of trajectories used to represent the bad 

circumstances as a non-linear trajectory, which the ship may face when traveling in the ocean; therefore, the controller's role can see when to 

minimize the error between the actual trajectory of the ship's motions (surge, heave, and pitch) and the desired trajectory that must be traveled 

on it. The desired trajectory of qd is defined by 
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qd   = A sin (2πft)                                                                                                                                                                                                                            (6) 

A is the amplitude of the qd for three ship (surge, heave, and pitch) motions with effective outside interferences, A = [2   0.15   5]T, f is the 

frequency rate for the qd, and has a value (0.05 HZ). The desired velocity q̇d(t), and acceleration qd̈(t) are derived.  

q̇d(t) =
d

dt
qd(t) = 2πfA cos (2πft)                                                                                                                                                                                                 (7) 

𝑞̈𝑑(t) = −(2πf)2A sin(2πft)                                                                                                                                                                       (8) 

In this study, the outcomes of three ship motions for both controller types are simulated over 400 seconds, providing sufficient time to assess 

their effectiveness, stability, and accuracy. Using Eq. 1 to have, 

q̈ = 𝑀𝑠ℎ
−1 (  τ − D q̇ −  G(q))                                                                                                                                                                               (9) 

𝑀𝑠ℎ
−1 is the inverse of the ship’s mass. To investigate the effect of external interference and the environment on the simulation of the outcomes 

for the ship's nonlinear system, one first needs to represent this system mathematically as given in Eq. 9, so that one can effectively use the 

controller to assess the accuracy and stability of this system from the simulation outcomes. Accordingly, the ship’s velocity is updated as: 𝑞̇(𝑡 

+ Δ𝑡) = 𝑞̇(𝑡) + 𝑞̈(𝑡)Δ𝑡, and the position is updated as: 𝑞(𝑡 + Δ𝑡) = 𝑞(𝑡) + 𝑞̇(𝑡)Δ𝑡. 𝛥𝑡 represents the simulation time step. The nonlinear ship 

model, with the controller methods effective for this system, can be implemented in MATLAB. By tracking the error rate under the influence 

of the external environment, one can see how each controller mitigates instability in the ship system and how effectively it minimizes the error 

rate over time. 

3.1. Traditional adaptive PID control 

The traditional proportional-integral-derivative (PID) controller has been widely used in various control system applications, mainly due to its 

simplicity and robustness; however, its performance can degrade in the presence of nonlinearities and external disturbances, necessitating the 

development of advanced adaptive control techniques [25-29]. PID is a feedback control technique with three terms: proportional, integral, and 

derivative, that generates its control input law for any dynamic system. Its simplicity and efficiency make it a popular choice for controllizto 

keep in mind that the adaptive method does not directly generate the PID settings. The controller parameters are not restricted to a specific 

range (e.g., ±1) and can vary within appropriate constraints, enabling effective adaptive tuning. Adaptive PID control input law (τa(t)) for the 

ship dynamic system is given by  

τa(t) =  τc(t) + Feedforward + Gcorrection                                                                                                                                                (11) 

Feedforward is a feedforward term:  Feedforward = Mshq̈d + Dqḋ, and  Gcorrection = [0 −370 tan−1(
q2̇

9
)  0]

T
, Gcorrection  is introduced 

to compensate for the gravitational restoring forces represented by G(q) in the ship dynamics as expressed in Eq. 4.  

Traditional adaptive PID controller parameters are updated with the control law based on tracking error et(t) between the desired and actual 

ship motion, which can be defined as:  ei(t) = qd(t) − q(t), where qd(t) is a desired trajectory for the ship, and q(t) is the actual trajectory 

motion for the ship (surge, heave, and pitch). ėi (t) is the tracking error derivative given by  

det(t)

dt
= ėi (t) = qḋ(t) − q̇(t)                                                                                                                                                                                           (12) 

Using Eq. (11), one can have  

τa(t) =  τc(t) + Mshq̈d + (1.05 × Dqḋ) +[0 −370 tan−1 (
q2̇

9
)  0]

T
                                                                                                              (13) 

To find the adaptive PID (Kp , Ki, and Kd) parameters, calculations can use simple error-driven rules, which are: Kp =  Kp + | e (t) |, Ki =

Ki +  | ∫ e(t)  dt |, Kd = Kd + | ė(t) |. These rules are used to update adaptive PID parameters dynamically.  

3.2. Adaptive PID with RBF-based ANN control 

Applications of Artificial Neural Network principles to enhance system performance can be observed across various fields. To overcome the 

limitations of classical PID controllers, several hybridizations between classical PID and Artificial Neural Networks have been developed [29-

32]. In this context, a proportional, integral, and derivative with radial basis function Artificial Neural Network (PID-RBF) controller is 

proposed to enhance the ship’s three motions under adverse weather and sea conditions by minimizing tracking errors. The PID-RBF controller 

consists of an Artificial Neural Network. PID-RBF control uses a Radial Basis Function (RBF) and a multilayer Artificial Neural Network 

(ANN) to adjust PID parameters for optimal performance dynamically. In the PID-RBF control system, by optimizing control parameters, the 

Artificial Neural Network is trained to reduce steady-state error and improve adaptability. It employs a Gaussian activation function based on 

real-time tracking errors used for nonlinear systems [33, 34]. The RBF-N. N updates dynamic PID parameters effectively due to its excellent 

interpolation capabilities, thereby accelerating the training process. The RBF-N. N activation of the hidden layers for the RBF-N. N has the 

following form, as given by:  

ϕi(e) = e
(

−(‖e−ci‖)
2

2ℴ2 )
                                                                                                                                                                                            (14)  

ϕi(e) is the RBF, ci: is the RBF neuron center for the spacing between parameters data speared with the change in the ship’s motion, and,  ℴ is 

the spread parameter (width of the Gaussian function) equal to (1.4). The normalized RBF activation form is given by: 

Фi(e) =
ϕi(e)

∑ ϕi(e)N
i=1 +ϵ

                                                                                                                                                                                              (15)  

ϵ is a small constant to avoid division by zero equal to (10−6), and (N) is the number of neurons of the RBF-N.N function. Twenty-five RBF 

neurons have been installed for the preparation of Gaussian activation functions. The Radial Basis Function Artificial Neural Network (RBF-

NN) structure for adaptive PID parameter tuning can be shown in Fig. 2. 
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Fig. 2. The (RBF-N. N) structure for updating the adaptive PID parameter 

The final control input formula for the adaptive PID-RBF control system becomes as given by:  

τrbf(t) =  Kp,rbfet(t) + Ki,rbf ∫ et(t) dt +  Kd,rbf ėt (t) + Mshq̈d + (1.05 × Dqḋ) + [0 −370 tan−1 (
q2̇

9
)  0]

T
                                       (16) 

Adaptive PID-RBF has (Kp,rbf, Ki,rbf, and Kd,rbf) parameter calculations, used with bounded constraints, which are crucial in unpredictable 

environments. They balance stability, adaptability, and intelligence, using RBF outputs to prevent large increases [35]. The adaptive PID-RBF 

parameters are dynamically computed from these rules and are given by the following set of equations:  

Kp,rbf = {

88                     ∑Wp  Фi(e) < 88

∑Wp  Фi(e)   88 ≤ ∑Wp  Фi(e) ≤ 98

98                           ∑Wp  Фi(e) > 98

                                                                                                                                                   (17) 

Ki,rbf = ∑
Wi  Фi(e)

(1+1.2∣e2∣)
                                                                                                                                                                              (18) 

Kd,rbf = {

90                   ∑Wd  Фi(e) < 90

∑Wp  Фi(e)  90 ≤ ∑Wd  Фi(e) ≤ 98

98                           ∑Wd  Фi(e) > 98

                                                                                                                                                 (19) 

Wp  , Wi  , Wd  : are the adaptive weight matrices of the adaptive PID-RBF control. The parameter constraints in Eqs. 17, 18, and 19 are introduced 

to ensure that the adaptive parameters remain within predefined practical limits. The adaptive weight matrices are instantly updated within the 

specified constraints in response to changes in the ship system error, rather than being fixed. These updates enable the controller to handle 

changes in external interference and a harsh environment, and Fastly helps stabilize the system. The control input is calculated as expressed in 

Eq. 1, but Adaptive weight matrices of the adaptive PID-RBF control can be updated by using an adaptive gradient descent formula given by 

the following equations: 

∆Wp  =  Wp  + (η(Фi(e)eT) − ( λ × Wp  ))                                   (20) 

∆Wi  =  Wi  + (η(Фi(e) ∫ eT dt) −  (λ × Wi  ))                                             (21) 

∆Wd  =  Wd  + (η(Фi(e)eṪ) − (λ × Wd  ))                                 (22) 

η is the small learning rate value (η = 0.05) to guarantee silky convergence and prevent extreme oscillation, and( λ =  0.002)  is the decay 

factor, which is used to prevent uncontrolled adaptation by avoiding large increases in weight growth. The adaptive PID-RBF controller, 

illustrated in Fig. 3, uses an RBF-NN to adjust PID parameters (Kp,rbf, Ki,rbf, and Kd,rbf) for motion-shipped control, thereby enhancing real-

time adaptability. It also adjusts parameters based on trajectory errors to achieve smooth, effective motion control.  

 

Fig. 3. Block diagram of the adaptive PID-RBF control system 
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3.3. Lyapunov-based stability analysis 

The adaptive PID-RBF controller provides system stability via Lyapunov stability analysis. This control system utilizes a Lyapunov-based 

architecture to provide closed-loop stability. The concepts of adaptive learning in the Radial Basis Function (RBF) Artificial Neural Network 

ensure that the tracking error converges asymptotically to zero while keeping system signals within bounds. A Lyapunov function is developed 

based on tracking and weight estimation errors, and its time derivative is demonstrated to be negative definite, proving the closed-loop system's 

global asymptotic stability. The evidence of Lyapunov stability requires establishing the existence of a Lyapunov function  𝑉(𝑒, 𝑤) ≻ 0. 
Therefore, it is positive definite for ∀𝑒 ≠ 0, except at the origin 𝑉(0) = 0,  Then the system is globally asymptotically stable through time if its 

derivative 𝑉̇ ≺  0,  ∀𝑒 ≠  0 except at the origin 𝑉̇(0) = 0, Lyapunov’s typical function is defined for the proposed ship control motion, given 

by:  

𝑉(𝑒, 𝑤) =
1

2
𝑒𝑇𝑀𝑠ℎ𝑒 +

1

2
∑ (𝑊𝑝

𝑇𝑊𝑝 + 𝑊𝑖
𝑇𝑊𝑖 + 𝑊𝑑

𝑇𝑊𝑑)𝑛
𝑖=1                                                                          (23) 

𝑉(𝑒, 𝑤) ≻
1

2
𝑒𝑇𝑀𝑠ℎ𝑒 +

1

2
(‖𝑊𝑝‖

2
+ ‖𝑊𝑖‖2 + ‖𝑊𝑑‖2)                        (24) 

The function remains positive definite;  𝑀𝑠ℎ is positive definite because its norms are squares. The 𝑒 term ensures unbounded, where for ∥ 𝑒 ∥
→ ∞𝑓𝑜𝑟 𝑽 → ∞ , therefore; 𝑉(𝑒, 𝑤) is positive definite, which means (𝑒, 𝑤) > 0 , for ∀𝑒 ≠ 0. Now, for taking the time derivative 𝑉(𝑒, 𝑤), one 

can obtain  

𝑉̇ = 𝑒𝑇𝑀𝑠ℎ𝑒̇ + (𝑊𝑝
𝑇𝑊𝑝̇ + 𝑊𝑖

𝑇𝑊𝑖
̇ + 𝑊𝑑

 𝑇𝑊𝑑
̇ )                                   (25) 

Now, 𝑊𝑝̇ = (𝜂(Ф𝑖(𝑒)𝑒𝑇) − ( λ × 𝑊𝑝)),     𝑊𝑖
̇ = (𝜂(Ф𝑖(𝑒) ∫ 𝑒𝑇 𝑑𝑡) − ( λ × 𝑊𝑖)), and 𝑊𝑑

̇ = (𝜂(Ф𝑖(𝑒)𝑒𝑇̇) − ( λ × 𝑊𝑑)) can use these 

equations for substituting them in the adaptive PID-RBF control equation (24) to get the following equations; 

𝑉̇ = 𝑒𝑇𝑀𝑠ℎ𝑒˙ + 𝑊𝑝
𝑇((𝜂(Ф𝑖(𝑒)𝑒𝑇) − ( λ × 𝑊𝑝))  + 𝑊𝑖

𝑇(𝜂(Ф𝑖(𝑒) ∫ 𝑒𝑇 𝑑𝑡) − ( λ × 𝑊𝑖)) + 𝑊𝑑
 𝑇(𝜂(Ф𝑖(𝑒)𝑒𝑇̇) − ( λ × 𝑊𝑑)))                        (26) 

𝑉̇ ≺ 𝑒𝑇𝑀𝑠ℎ𝑒˙ + 𝜂(𝑊𝑝
𝑇  + 𝑊𝑖

𝑇 + 𝑊𝑑
 𝑇)Ф𝑖(𝑒)𝑒𝑇 − λ( ‖𝑊𝑝‖

2
+ ‖𝑊𝑖‖2 + ‖𝑊𝑑‖2))                                                     (27)  

For  𝜂 ,  λ  ≻0, and under bounded Ф𝑖(𝑒), one can analyze the last Eq. 27 to a conclusion: the terms 𝜂, 𝜆 are positive definite parameters. Also, 

Ф𝑖(𝑒), is positive definite and does not present an instability factor effect, since 𝑉̇ ≺  0. According to the Lyapunov analysis described in Eq. 

27, the derivative of the Lyapunov function is negative semi-definite for restricted adaptation rules and outside influences. As a result, the 

closed-loop system satisfies the Uniform Ultimate Boundedness (UUB) condition, which guarantees that all system signals, including tracking 

errors and adaptive parameters, remain bounded over time. The proposed PID–RBF controller employs a Radial Basis Function neural network 

to adjust control parameters dynamically, enabling effective compensation of nonlinearities and external disturbances in ship motion dynamics. 

As a result, the trajectory tracking errors converge to a neighborhood around zero rather than asymptotically approaching zero, which is 

compatible with practical adaptive control systems operating under uncertain conditions. The proposed control technique is the best option for 

controlling ship motion instantaneously in nonlinear dynamic systems and uncertain marine environments, as it analyzes the ship system's 

outcomes and results show it maintains strong, dependable performance in the face of external disruptions. 

4. Simulation Results and Discussion 

In this section, MATLAB simulation results are presented for a ship system under high winds, strong waves, and other adverse conditions it 

may encounter during ocean travel. MATLAB simulation results are produced for both controller types used in this study. The first type of 

controller is the traditional PID controller, and the second is the proposed PID-RBF controller. Using the simulation results for both controller 

types, we can analyze which is the best option for dealing with the nonlinear ship dynamic system with high accuracy and a lower tracking 

error rate. Also, from these results, we can assess the robustness of each controller type using the root-mean-square error (RMSE) and the 

Disturbance Rejection Ratio (DRR). These terms are useful for assessing the effectiveness, the ability to track error rates, and the energy 

efficiency of ship system properties under these circumstances for each controller type. Specifically, the MATLAB software was used to 

simulate the traditional adaptive PID controller over 400 seconds. Its effects in these simulation results can directly illustrate the adaptive PID 

controller. Therefore, the adaptive PID controller shows good tracking accuracy with reduced error rates across the three ship motions (surge, 

heave, and pitch), but its performance does not reach optimal levels. This reduction led to a notable decrease in disturbance levels during actual 

trajectory tracking. Fig. 4 compares three-directional ship motion tracking between the Adaptive PID and PID-RBF control methods.  

After adding the adaptive PID-RBF control to the ship dynamic system, the results showed improvements. From the MATLAB simulation, it 

was observed that the adaptive PID-RBF control significantly reduced the final error for each directional motion type (surge, heave, and pitch) 

in the ship dynamic system over a 400-second simulation. This reduction led to a notable decrease in disturbance levels during actual trajectory 

tracking. The simulation results show that the proposed control mechanism improves system stability and significantly reduces overshoot. The 

RBF-NN-based tuning process enables improved real-time reaction to disturbances. Fig. 4 shows the three-directional ship motions tracking 

comparison of the Adaptive PID and Adaptive PID-RBF control methods’ response.  

Evaluation of the performance of each control method type, then comparing the results for the conventional Adaptive PID controller with the 

Adaptive PID-RBF control by checking performance metrics by using the metric RMSE to evaluate the performance of each controller [36],  

RMSEi = √
1

N
  ∑ (qd(ti) − q(ti))

2N
i=1                                            (28) 

i: means each ship motion type (surge, heave, and pitch), and N is the total number of times the speed. Pitch, heave, and surge motions of ship 

types are calculated using RMS and normalized RMSE metrics to evaluate the controller's performance. Fig. 4 shows the three-directional ship 

motions tracking comparison of the Adaptive PID and adaptive PID-RBF control methods’ response.  
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Fig. 4. A comparison of Adaptive PID and Adaptive PID- RBF control methods 

The final RMSE comparison as bar values the two control methods for each ship’s directional motion for the two methods as shown in Fig. 5. 

The RMSE results from Fig. 5 are detailed as shown in Table 1, which demonstrates the significant adjustments made by adding adaptive PID-

RBF control into the ship dynamic system, resulting in a notable improvement in disturbance reduction and system performance for each ship 

motion type. Lower RMSE values indicate that the PID-RBF controller has improved trajectory-tracking accuracy. The adaptive PID-RBF 

controller is a viable option for ship motion control, as it effectively reduces tracking errors and adapts to changing motion conditions. Table 1 

allows us to represent all the changes shown in Fig. 5 mathematically. 

 

Fig. 5. Final RMSE comparison  

The improvement ratio can be found from the RMSE for both types of controllers using Eq. 29;  

Improvement ratio % =
RMSEPID−RMSEPID−RBF

RMSEPID
×  100                                                                                                                                    (29) 

From Table 1, it can be observed that the RMSE results values for the adaptive PID-RBF control method: RMSE for Pitch motion is 0.09456, 

mean improvement from the adaptive PID control is 99.55 %, RMSE for Heave motion is 0.014943, mean improvement from the adaptive PID 

control 74.99 %, and RMSE for Surge motion is 0.013039, mean improvement from the adaptive PID control is 94.73 %. 

Table 1. RMSE of Adaptive PID and PID- RBF control methods 

Motion Type 
RMSE 

Traditional Adaptive PID PID-RBF Improvement (%) 

Surge 2.813 1.28 × 10⁻² 99.55 % 

Heave 1.25 × 10⁻² 3.14 × 10⁻³ 74.99 % 

Pitch 1.6634 8.77 × 10⁻² 94.73 % 

4.1. Time-domain analysis 

To quantitatively evaluate the transient and steady-state behaviour, standard time-domain metrics were computed, including overshoot (OS), 

settling time (Ts), rise time (Tr), and steady-state error (SSE). Beyond simply viewing simulation outcomes graphically, these performance 

measurements provide an analysis of the operating characteristics of each controller type. Essential time-dependent parameters, such as Ts, OS, 

Tr, and SSE, are compared for the proposed Adaptive PID–RBF controllers and the traditional adaptive PID across three ship motions (surge, 

heave, and pitch) in Table 2. 

Table 2. Time-Domain Metrics 

Motion Type Controller Type OS % Ts(s) Tr(s) SSE 

Surge 
Adaptive PID 

Adaptive PID-RBF 

237.22 

0.51501 

0.000 

0.072 

3.402 

2.979 

2.4757 

60.18×10⁻³ 

Heave 
Adaptive PID 

Adaptive PID-RBF 

14.466 

1.9139 

0.000 

0.072 

2.286 

3.618 

0.0156 

11.11×10⁻³ 

Pitch 
Adaptive PID 

Adaptive PID-RBF 

62.317 

5.0605 

0.000 

0.072 

3.501 

3.492 

1.6703 

17.21×10⁻³ 
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The outcomes show that the traditional adaptive PID controller has high OS, especially during surge motion (237.22%), followed by heave 

motion (14.47%) and pitch motion (62.31%). The outcomes show that the transient behavior is weak and the damping capability is reduced. On 

the contrary, the proposed Adaptive PID-RBF controller can significantly reduce the OS to 0.51%, 1.91%, and 5.06% in surge, heave, and pitch 

motion, respectively. All these outcomes show that the damper metric is improved. The system stability is improved. The second outcome (Ts) 

shows an unreasonable value of 0.000 s for the traditional adaptive PID controller. Still, one can see that Ts is equal to 0.072 s with the proposed 

PID–RBF controller, as indicated by the ship system becoming faster and more stable simultaneously across three ship motions. The outcome 

Tr shows that the two controllers are relatively similar, but only slight differences are observed in the surge motion for the PID-RBF method: 

2.979 s versus 3.402 s. This small difference shows that the proposed PID-RBF controller method achieves perfect tracking with greater 

accuracy for the ship's nonlinear system. The last outcome in this section is SSE, which showed a clear reduction in value under the proposed 

controller types. So, SSE values for the traditional PID control are equal to 2.4757 in surge, 0.0156 in heave, and 1.6703 in pitch. While SSE 

values for the proposed PID-RBF control are equal to 0.06018 in surge, 0.0111 in heave, and 0.01721 in pitch. These outcomes demonstrate 

that the proposed controller achieves the best SSE with approximately zero tracking error. Overall, the results clearly demonstrate that the 

Adaptive PID-RBF controller exceeds the traditional adaptive PID in terms of dynamic response. The suggested approach maintains faster 

settling and rise times while drastically lowering overshoot and steady-state error in all motion directions. These outcomes validate the enhanced 

transient stability and accuracy attained by the PID-RBF controller's neural adaptation mechanism. 

4.2. Energy efficiency analysis 

Comparing the results for the conventional Adaptive PID controller with the Adaptive PID-RBF control by checking energy efficiency 

(Efficiency) performance metrics by calculating Energy consumption for each type of controller by using the following equations;  

Econsumed,i = |τmax,i(t)  × RMSEi|                                                             (30) 

Eeficiency,i =  1 Econsumed,i⁄                                                       (31) 

The final Energy efficiency comparison values the two control methods for each ship's directional motion, as shown in Fig. 6. Table 3 

summarizes the mathematical changes shown in Fig. 6. 

 

Fig. 6. Energy efficiency comparison  

Energy efficiency means higher values are better values. The results of the Efficiency are shown in Fig. 7 and detailed in Table 3, which 

demonstrate the improvement in energy consumption and system performance achieved by adding Adaptive PID-RBF control for each ship 

motion type. Can find the improvement factor from energy efficiency from both types of controllers using Eq. 32; 

Improvement factor % =
Eefficiency,PID−RBF− Eefficiency,PID

 Eefficiency,PID
 ×  100                              (32) 

From Table 3, the traditional Adaptive PID control achieves substantial energy efficiency Eefficiency parameters, with values of approximately 

7.1 × 10⁻⁴ in surge, 1.211× 10⁻² in heave, and 3.34 × 10⁻³ in pitch, without any improvement. In contrast, the proposed Adaptive PID-RBF control 

achieves substantial Efficiency parameters, with values of approximately 1.5656 × 10⁻¹ in surge, 14.824 × 10⁻² in heave, and 3.34 × 10⁻³ in pitch. 

From these results, we can clearly see improvements in the proposed Adaptive PID-RBF control, achieving substantial energy efficiency gains 

of approximately 22050% in surge, 298% in heave, and 1797% in pitch. The Adaptive PID-RBF control has a significantly higher Eefficiency, 

meaning it is much more energy-efficient than the Adaptive PID controller.  

Table 3. Energy Efficiency of Adaptive PID and Adaptive PID- RBF control methods 

Motion Type 
                                 𝐄𝐞𝐟𝐢𝐜𝐢𝐞𝐧𝐜𝐲 

Traditional adaptive PID Adaptive PID-RBF Improvement factor (%) 

Surge 7.1 × 10⁻⁴ 1.5656 × 10⁻¹ 22050 % 

Heave 1.211× 10⁻² 4.824 × 10⁻² 298 % 

Pitch 3.34 × 10⁻³ 6.337 × 10⁻² 1797% 

4.3. Control Effort and actuator smoothness analysis 

In this section, the Control Effort and Actuator Smoothness Analysis are discussed from these outcomes. To elucidate the influence of the 

actuating mechanism wear, performance, and the long-term reliability of the ship’s nonlinear system. The control energy (Econtrol) for the 

adaptive PID controller is defined by using the formula given by Eq. 33; 
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Econtrol = ∫ τ(t)2T

0
 dt                                                      (33) 

and the control energy (Econtrol,rbf) for the adaptive PID-RBF control is defined by using the formula given by Eq. 34; 

Econtrol,rbf = ∫ τrbf(t)2T

0
 dt                                                                        (34) 

The final control energy comparison values the two control methods for each ship's directional motion. Table 4 allows for conveyinprovides a 

mathematical summary in all Fig. 8 mathematically. 

The control smoothness index (Scontrol) for the adaptive PID controller is defined by using the formula given by Eq. 35; 

 Scontrol = ∫ (
dτ(t)

dt
)2T

0
 dt                                                                  (35) 

The control smoothness index (Scontrol,rbf) for the adaptive PID-RBF controller is defined by using the formula given by Eq. 36; 

Scontrol,rbf = ∫ (
d  τrbf(t)

dt
)2T

0
 dt                        (36) 

The control smoothness index comparison values the two control methods for each ship's directional motion, as shown in Fig. 7. Table 4 

provides a mathematical summary of all the changes in Fig. 7. The Control smoothness index response is normalized in relation to the reference 

amplitude; thus, values greater than unity indicate overshoot relative to the desired outcome trajectory. The maximum control input (Mcontrol) 

is also reported to evaluate actuator utilization for the adaptive PID controller, which is defined by using Eq. 37;  

Mcontrol = max
tϵ[0,T]

|  τ(t) |                                 (37) 

The maximum control input (Mcontrol,rbf) is also reported to evaluate actuator utilization for the adaptive PID-RBF controller, which is defined 

by using the formula given in Eq. 38; 

Mcontrol,rbf = max
tϵ[0,T]

|  τrbf(t) |                                                           (38) 

The maximum control input comparison values for the two control methods for each ship's directional motion are shown in Fig. 9. Table 4 

summarizes all the changes mathematically. Table 4. Quantitative control-effort metrics (E, S, M) for Adaptive PID and Adaptive PID-RBF 

controllers across three ship motion modes. 

From Table 4, in terms of control energy (Econtrol) for the adaptive PID control to the control energy (Econtrol,rbf) for the adaptive PID-RBF 

control is significantly reduced from 9.58 × 10⁵ to 2.61 × 10⁴ (surge), and from 3.95 × 10⁶ to 1.22 × 10⁶ (pitch). The terms of the control 

smoothness index (Scontrol) for the adaptive PID control are the same as the control smoothness index (Scontrol,rbf).  The adaptive PID-RBF 

control is reflected by a reduction in the smoothness index from 3.59 × 10⁵ to 5.07 × 10³ (surge), and from 1.16 × 10⁶ to 1.33 × 10⁵ (pitch). The 

terms of the maximum control input (Mcontrol)  for the adaptive PID control to the maximum control input (Mcontrol,rbf) for the adaptive PID-

RBF control are significantly reduced from 99.29 to 61.81 (surge), and from 180.00 to 162.74 (pitch). The results show that adaptive PID-RBF 

control consistently requires less control effort and produces smoother actuation than conventional adaptive PID control. In surge motion, the 

proposed controller reduces total control energy from 9.58 × 10⁵ to 2.61 × 10⁴, a reduction of approximately 97%, and improves smoothness by 

more than 98%. Similarly, in pitch motion, adaptive PID-RBF control lowers the control energy by approximately 69% and smoothness by 

approximately 89%, while also reducing the peak actuator demand from 180 to 162.7. For heave motion, the overall energy consumption is 

similar between the two methods. Still, adaptive PID-RBF control achieves a smoother response (approximately 51% improvement in 

smoothness) and significantly reduces the maximum input demand (approximately 61%). The results of this study demonstrate that the adaptive 

PID-RBF control method improves the track precision, promotes safer, more energy-efficient control procedures, reduces operator fatigue, and 

improves overall system reliability. 

 

 Fig. 7. Smoothness index comparison 
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Fig. 8. Control energy comparison 

 

Fig. 9. Maximum control input comparison  

Table 4. Control energy metrics 

Evaluation Metric 
Motion Type 

Surge Heave Pitch 

Econtrol 

Econtrol,rbf 

Scontrol 

Scontrol,rbf 

9.58 × 10⁵ 

2.61 × 10⁴ 

3.59 × 10⁵ 

5.07 × 10³ 

5.92 × 10 

6.30 × 10³ 

1.46 × 10³ 

7.19 × 10² 

3.95 × 10⁶ 

1.22 × 10⁶ 

1.16 × 10⁶ 

1.33 × 10⁵ 

Mcontrol 99.29 23.08 180.00 

Mcontrol,rbf 61.81 8.94 162.74 

4.4. Integral absolute error and disturbance rejection  

Additional performance metrics were considered to evaluate the resiliency and accuracy rate of the proposed controller under outside 

interference, including the Integrated Absolute Error (𝐼𝐴𝐸) and the Disturbance Rejection Ratio (𝐷𝑅𝑅𝑖). These metrics are defined by Eq. 39;   

𝐼𝐴𝐸 = ∫ ∣ (ei(t)) ∣
𝑇

0
𝑑𝑡                                                                        (39) 

𝐷𝑅𝑅𝑖 =
√∫ ∣ei(t)∣2𝑇

0
𝑑𝑡

√∫ ∣di(t)∣2𝑇

0
𝑑𝑡

                                                      (40) 

The 𝐷𝑅𝑅𝑖 is the ratio between the tracking error (ei(t)) and the disturbance energy di(t) on three ship motions (surge, heave, or pitch), a 

normalized measure of the control’s ability to attenuate disturbances [37]. The simulation results in Fig. 10 and Fig. 11, respectively, for 𝐼𝐴𝐸 

and 𝐷𝑅𝑅𝑖 Performance analysis show a considerable reduction in the performance measures (𝐼𝐴𝐸 and 𝐷𝑅𝑅𝑖) for the Adaptive PID-RBF control 

compared to the conventional Adaptive PID control. Table 5 presents all the changes in Figs. 10 and 11 mathematically. 
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Fig. 10. IAE performance analysis comparison 

 

Fig. 11. DRR performance analysis comparison 

Table 5. Performance analysis metrics 

Evaluation 

Metric 

Motion Type 

Surge Heave Pitch 

𝐼𝐴𝐸 PID 992.2332     7.0689 581.2013 

𝐼𝐴𝐸 PID-RBF  0.5424    32.3221    12.8149 

𝐷𝑅𝑅 PID  0.0987     0.0001         0.0236 

𝐷𝑅𝑅 PID-RBF 0.0013        0.0010     0.0025 

From Table 5, the results show a significant improvement in overall tracking accuracy for the adaptive PID-RBF control in two of the three 

ship motion types. In the surge motion, the 𝐼𝐴𝐸 is reduced from 992.23 (adaptive PID) to 11.24 (adaptive PID-RBF), indicating a significant 

improvement in trajectory tracking under nonlinear dynamics and external disturbances. Similarly, in the pitch motion, the 𝐼𝐴𝐸 decreases from 

581.20 to 35.90, noting improved performance in both the transient and steady-state outcomes. However, during the heave motion, the adaptive 

PID-RBF control exhibits a higher 𝐼𝐴𝐸 value (102.08) than the adaptive PID (7.07). This suggests that the adaptive neural tuning technique is 

less effective at capturing vertical dynamics, which are typically more sensitive to external influences and model nonlinearities. From Table 5, 

the results indicate that the adaptive PID-RBF control method achieved a significant reduction in tracking error, especially for the two ship 

motions (surge and pitch). The outcomes for the 𝐷𝑅𝑅 metric are to increase the resilience of the proposed control technique under adverse 

environmental conditions.  For ship surge motion, the suggested Adaptive PID-RBF controller yields results equivalent to the standard adaptive 

PID, reducing the DRR metric from 0.0987 to 0.0013. These outcomes prove a notably greater ability to reduce perturbation influence than the 

tracking error rate. A related enhancement is observed in pitch motion, where the DRR decreased from 0.0236 to 0.0025, indicating increased 

robustness in nonlinear dynamics. However, a ship heave motion indicates a less noticeable enhancement, showing that this direction is still 

more sensitive to outside perturbations than the two ship surge and pitch motions. Still, the overall system performance remains steady and 

controlled across three ship motion types. The adaptive PID achieves a lower 𝐷𝑅𝑅 value (0.0001) compared to the adaptive PID-RBF control 

(0.0010), indicating slightly better normalized disturbance rejection in this axis.  

The proposed Adaptive PID-RBF control demonstrates superior robustness to external disturbances, achieving significantly lower 𝐼𝐴𝐸 and 

𝐷𝑅𝑅 values across most motion channels compared to adaptive PID control. Although a slight degradation is observed in the second motion 

type (Heave), the overall performance indicates enhanced disturbance rejection capability. Furthermore, the reduced control energy and bounded 

error response confirm improved efficiency and closed-loop stability. 
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5. Conclusions 

In this study, an adaptive PID-RBF controller for ship motion control was proposed. The control scheme integrates adaptive PID with the 

learning adaptation of Artificial Neural Networks based on radial basis functions. To cope with nonlinear dynamics and external disturbances, 

the controller dynamically adjusted its parameters in real time. Based on simulated results, the efficiency, in terms of control effort, and the 

tracking error, in terms of accuracy, were considerably improved if compared to adaptive PID control. In addition, the proposed controller had 

better disturbance rejection capability than the conventional method. Moreover, smoother and better actuation performance, with improved 

transient characteristics, were achieved with the proposed adaptive PID-RBF controller. All these issues demonstrated that the proposed 

adaptive PID-RBF controller is a good solution for complex systems like ship dynamics.  
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