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ABSTRACT

Vibration suppression in flexible structures is crucial for various engineering
applications, including aerospace, robotics, and precision machinery. Passive vibration
control approaches are effective for high-frequency applications, but often fail against
low-frequency vibrations. Hence, active vibration control (AVC) is introduced to address
this limitation. Among various AVC techniques, PID controller remains one of the most
widely adopted methods. However, optimal tuning for PID parameters remains a
challenge in complex dynamic systems. Thereore, this study explores the application of
ant lion optimizer (ALO) to fine-tune PID parameters for vibration cancellation in a
flexible structure. The optimization process is based on single objective function by
minimizing the mean square error (MSE). Inspired by the predatory behaviour of antlions,
ALO iteratively adjusts k,, ki, and kq values by updating the position of ants and antlions
based on fitness evaluations. The performance of the PID-ALO controller is validated
through MATLAB/ Simulink R2021a by assessing its effectiveness in attenuating
vibrations induced by single and multiple sinusoidal disturbances. Results indicate that
the PID-ALO controller outperformed the classical PID-ZN controller by achieving an
attenuation level of 47.45 dB with 45.85% vibration reduction under single sinusoidal and
46.97 dB with 40.04% reduction under multiple sinusoidal disturbances. These findings
highlight the potential of ALO in precise PID tuning, representing the first implementation
of a PID-ALO controller on a horizontal flexible plate under dual excitation disturbances.

Keywords: Active vibration control, Ant lion optimizer, Flexible structure, Metaheuristic
algorithm, PID controller
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1.0  INTRODUCTION

Flexible structures have been a fundamental choice in engineering due to their durability,
stability, and resistance to deformation under static and dynamic loads. Their strength
makes them ideal for applications requiring high load-bearing capacity such as aeronautics,
bridges, buildings and heavy machinery [1]. However, their rigidity limits adaptability in
dynamic environments making rigid structures less suitable for applications that require
flexibility and energy efficiency. Therefore, engineers have shifted toward flexible
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structures which offer advantages in terms of lightweight design, economical and improved
energy efficiency. Despite these benefits, flexible structures are highly prone to unwanted
vibrations and may degrade the system performance and cause structural instability [2].

Managing excessive vibrations in flexible structures including plates, beams and
manipulators, remains a critical challenge in engineering domains where precision and
operational reliability are essential such as robotics, automotive systems and aerospace
applications. These vibrations often arise from dynamic forces caused by poor system
performance [3]. Hence, effective vibration suppression techniques are implemented to
maintain system stability. Various vibration suppression techniques have been explored by
researchers to address these challenges which broadly categorized into passive, active and
hybrid methods [4]. Passive vibration control (PVC) has been widely employed in
engineering applications by utilizing elements such as dampers, isolators, and viscoelastic
materials to disseminate vibration without requiring external power [5].

These methods are particularly effective in attenuating high-frequency vibrations
and are commonly integrated into aerospace, automotive and structural applications [6].
However, despite their reliability and ease of implementation, PVC techniques face
significant limitations in handling low-frequency applications and adapting to dynamic
environmental conditions. The inability to actively respond to different disturbances,
coupled with added structural weight and a fixed operational bandwidth, ultimately restricts
effectiveness in many modern applications [7]. Consequently, researchers have
increasingly emphasized active vibration control (AVC) as an alternative to overcoming
these challenges. Effective vibration suppression in active control systems depends on
selecting an appropriate control strategy [8].

The proportional-integral-derivative (PID) controller remains a preferred choice
due to its balance of simplicity, adaptability and reliability. The effectiveness of a PID
controller is strongly influenced by the proper tuning of its proportional, &,, integral, £;, and
derivative, k; parameters as these directly impact system stability and performance [9].
Traditional tuning methods such as Ziegler Nichols (ZN) and Cohen Coon (CC) techniques
have been widely adopted due to their straightforward implementation and empirical
effectiveness [10]. For instance, the ZN method determines the PID gains by inducing
sustained oscillations in the system and deriving parameters based on the ultimate gain and
oscillation period [11]. While these methods offer a structured framework for PID tuning,
they often lead to aggressive or suboptimal control responses, making them less effective
for systems with complex dynamics, time delays or high-order behaviours [12].

Furthermore, classical techniques rely on empirical rules that may not generalize
well across different applications, potentially compromising control accuracy and
robustness [13]. These limitations have driven the exploration of more adaptive tuning
strategies that can enhance PID controller performance in diverse and dynamic
environments. Recently, researchers have increasingly adopted intelligent tuning
approaches based on metaheuristic algorithms. Techniques such as particle swarm
optimization (PSO), genetic algorithm (GA), bacterial foraging (BF) and mayflies
optimization (MFO) offer a more flexible and efficient means of determining optimal PID
parameters [14]. Unlike traditional methods that rely on trial-and-error adjustments,
metaheuristic algorithms iteratively search for the best parameter combination by
evaluating system performance against predefined cost functions [15].

These optimization-based approaches do not require an explicit mathematical
model of the system, making them highly adaptable to nonlinearities and varying operating
conditions. Studies have shown that PID controller tuned by metaheuristic algorithm
achieved superior performance, provides faster response times, reduced overshoot and
improved robustness compared to classical tuning techniques [6]. For instance, Li et al.
(2023) successfully applied a PSO for PID tuning to enhance the performance of robotic
manipulator [16]. Similarly, Sharma (2016) demonstrated the effectiveness of GA for
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industrial process control as the result achieved faster response times and reduced
overshoot [17].

These studies highlight the growing potential of metaheuristic in obtaining PID
parameters to achieve optimal performance across various engineering applications. Hence,
integrating intelligent tuning methods presents a promising solution for complex system.
Over the past few years, the ant lion optimizer (ALO) has emerged as a promising
metaheuristic algorithm for optimization problems [18]. ALO is introduced by Mirjalili
(2015) by mathematically models key hunting stages, including random walks, trap
construction, entrapment, prey capture and trap reconstruction. This algorithm is preferred
to solve many application problems due to its ability to balance between exploration and
exploitation during obtaining the optimum solution [19].

Pradhan et al. (2018) utilized ALO to tune PID controllers for an automobile cruise
control system. The study showed that the PID-ALO achieved faster setting time, minimal
overshoot and zero steady-state error compared to conventional methods [20]. Furthermore,
George and Ganesan (2020) demonstrated the effectiveness of ALO in vibration
suppression where significant disturbance rejection and system stability is achieved [21].
These applications highlight the growing relevance of ALO in engineering field which
further reinforcing the role of metaheuristics algorithms in overcoming the limitations of
traditional methods. Due to the successful implementation of ALO in previous studies, this
research is motivated to adopt ALO for optimizing the PID controller parameters [20,21].
The algorithm has demonstrated its strong convergence characteristics, robust global search
capability, and improved accuracy in avoiding local minima compared to other
metaheuristic algorithms such as PSO, GA, and BF.

In this research, an intelligent PID controller optimized using the ant lion optimizer
(ALO) algorithm is proposed to determine the optimal values of &, k;, and k4. The objective
is to achieve enhanced vibration suppression in flexible structures, particularly emphasis
on reducing vibrations at the first mode. The system is modeled using a discrete transfer
function derived from a simulation in MATLAB/ Simulink R2021a environment. This
study presents the application of the Ant Lion Optimizer (ALO) for tuning PID controller
parameters to achieve effective vibration suppression in flexible structures. It also provides
a comprehensive performance evaluation of the PID-ALO controller under varying
operational conditions and dynamic disturbances including both single and multiple
sinusoidal inputs.

2.0 METHODOLOGY
2.1 System Modelling and Active Vibration Control

The system considered in this study is a flexible structure modelled using a discrete-time
transfer function developed within the MATLAB/Simulink R2021a environment. Rather
than relying on physical parameters such as mass or damping, the model is derived from
system identification techniques based on the input-output behaviour of the structure. The
transfer function used to model the flexible structure is based on the work of Raof et al.
(2022), who derived it through system identification approach PSO [22]. This transfer
function is represented in Equation (1) which denotes the system dynamic behaviour and
serves as the plant for implementing the active vibration control strategy.

y(t)  0.3843z7!—0.0022z72
u(t) 1-—1.4138z"1+0.9931z2

)

The objective of the model is to simulate vibration responses, particularly at the first mode,
which is typically dominant in structures. To evaluate the robustness of the developed PID
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controller, the system is excited using sinusoidal disturbances, namely single and multiple
frequencies. The flexible plate system model was derived from experimentally obtained
data, which accurately represents the dynamic behaviour of the actual structure [22].
Sinusoidal disturbances are widely employed in vibration control research to emulate
periodic excitations commonly encountered in practical systems such as rotating machinery,
actuators, or structural oscillations [21, 22]. They provide a controlled and repeatable
means of assessing the ability of a controller to attenuate harmonic responses across
specific frequency ranges.

The input-output behaviours presented in Figures 1(A) and 1(B) were obtained
entirely from simulations conducted in MATLAB/ Simulink. In this setup, the system was
excited using sinusoidal disturbances to evaluate the performance of the proposed PID-
ALO controller. The ALO was employed to tune the PID parameters namely £,, & and k4
based on the lowest MSE. The optimization process iteratively adjusted these gains through
feedback within the block diagram until the lowest MSE value was achieved. Initially, the
tuning was performed under a single sinusoidal disturbance. The resulting optimal
parameters were subsequently tested with multiple sinusoidal disturbances to validate
controller performance.
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Figure 1: Development of block diagram under (A) single sinusoidal, (B) multiple sinusoidal
disturbances
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2.2 The Ant Lion Optimizer (ALO): Theory and Mechanism

Ant lion optimizer (ALO) is a nature-inspired metaheuristic algorithm based on the
predatory behaviour of antlion larvae introduced by Mirjalili (2015). These larvae create
conical sand pits to trap ants by exhibiting a blend of exploration and exploitation strategies
that are key to their hunting success [19]. In the context of ALO, the “ants” represent
candidate solutions and the “ant lions” represent optimal solutions. The algorithm operates
by iteratively updating the positions of ants through random walks influenced by the best-
performing antlions, which guide the search process towards an optimal solution. This
mimicry of nature behaviour hunting strategies allows ALO to effectively balance the
global and local searches by ensuring convergence to a global optimum while avoiding
premature trapping in local minima [23].

ALQO is structured around a series of steps that reflect the antlion hunting process.
These steps include the random walks of ants, trap construction, entrapment, prey capture,
and trap reconstruction. In the algorithm, ants move within the search space based on
random walk strategies, and the antlions adjust the positions of the ants to guide them
towards the optimal solution. These steps are repeated iteratively with the fitness of each
solution evaluated through the fitness function to determine the effectiveness of the
problem optimization. The concept behind ALO inspired by this natural behaviour is
illustrated in Figure 2. The application of ALO algorithm has shown great promise,
particularly for systems with complex and nonlinear dynamics including tuning of PID
controller.

74 ;3 AN " WZEN
A ,\\ 3K AN

Figure 2: Antlion larvae waiting for ants to fall into the trap [23]
2.3 Implementation of ALO for PID Controller Tuning

This section outlines the optimization strategy employed to determine the optimal values
of k,, ki, and ks using ALO. The primary objective is to minimize the MSE value between
the desired and actual outputs, specifically targeting vibration attenuation at the first mode.

Problem Formulation

Step 1: Initialization of ALO parameters and problem dimension
The algorithm begins with the initialization of four main parameters as follows:
i)  Number of ants (N,)
ii) Number of antlions (V)
iii) Search space boundaries for each parameter (lower and upper bounds)
iv) Maximum number of iterations (maxgen)
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These parameters define the structure and exploration behaviour of the optimizer. For
numerical purposes, let the initial parameter be as follows:

i)  Number of ants, N, =5

ii) Number of antlions, NV;=5

iii) Search space boundaries:
k, € [1,10],

ki €[0,5],
iv) Maximum number of iterations, maxge, = 10

kg € [0,2]

After that, the position of each ant and antlion are initialized uniformly at random
within the predefined bounds. For illustration purposes, Tables 1 and 2 represent the
random positions of ant and antlion, respectively. These values form the initial population

from which the search for optimal PID gains begins.

Table 1: Ant Random Positions Example

Ant k, ki ka

1 4.20 2.75 1.50
2 8.10 1.30 0.95
3 6.35 0.90 0.45
4 2.80 3.85 1.80
5 9.00 2.10 1.10

Table 2: Antlion Random Positions Example

Antlion k, ki ki

1 5.50 2.00 1.00
2 7.75 1.20 1.50
3 3.25 4.00 0.80
4 6.00 0.75 0.50
5 4.00 3.20 1.25

Next, the PID gains for each ant is evaluated based on the objective function known as
mean squared error (MSE). The MSE is defined in Equation (2):

N
1
MSE = N;@d(o -y

)

where y,; (i) represents the predicted system output generated by the ant lion optimizer, (i)
denotes the actual system output obtained from the experiment, and N is the total number
of time steps. The MSE was computed through MATLAB/ Simulink, with lower MSE
values indicate better system performance. By assuming after simulation, the initial MSE
values for ants are as presented in Table 3.

Table 3: Fitness Evaluation for Initial Position

Antlion MSE
1 0.047
2 0.032
3 0.038
4 0.052
5 0.028 (best)

In this case, antlion 5 is considered the best solution as it achieved lowest value of MSE

and is saved as the elite antlion to guide the rest of the optimization process.
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Step 2: Random walk and trapping mechanism

Following the initialization phase, each ant in the population embarks on a stochastic
exploration of the search space through a random walk. This movement is influenced
simultaneously by two antlions which one selected using the roulette wheel selection
method and the other being the elite antlion where it holds the best solution identified up
to the current iteration. The roulette selection mechanism introduces diversity by
probabilistically favouring fitter solutions, while the elite antlion serves as a convergence
driver by guiding the ants toward optimal regions of the search space. This dual influence
effectively balances exploration and exploitation during the optimization process. The
random walk of each ant is modelled mathematically to mimic a cumulative one-
dimensional stochastic motion. It is expressed by the Equation (3) [19]:

X(t) = [0, cumsum(2r(t;) — 1), cumsum(2r(t,) — 1), ..., cumsum(2r(t,)

o (3)

where cumsum denotes the cumulative sum operator, and () represents a binary random
function that generates either 0 or 1 depending on a uniformly distributed random number
as shown in Equation (4) [19]:

(1, if rand > 0.5
() = {O, if rand < 0.5 )

This random binary output simulates the movement of ants either to the right (1) or to the
left (0), cumulatively forming a random path over time. However, since the resulting walk
can deviate beyond the permissible range or PID gains, a normalization process is applied
to constraint the position within the dynamic bounds defined by the antlion trap. The
normalization of the ants position at iteration ¢ for each dimension i is performed using the
Equation (5) [19]:

_(Kf-a)-@f-ch

Xt A ¢ ()
i i

L

where a; and b; represent the minimum and maximum values of the random walk-in
dimension i, while ¢} and d}define the dynamic lower and upper bounds of the selected
trap in that dimension. These bounds are derived from the selected antlion’s position,
modulated by a time-dependent contraction factor that simulates the gradual narrowing of
the trap as the optimization progress. To illustrate this mechanism numerically, consider
ant 2 from the initial population with PID parameters k, = 8.10, k; = 1.30, and k; =

0.95.

Let it be influenced by
a) Antlion selected by roulette wheel:

k, = 5.50, k; = 2.00, kq = 1.00
b) Elite antlion (best MSE):
k, = 9.00, k; = 2.10, kqy =110

If the random walk for &, is 12 within bounds [-30, 30], and the trap is centred around 5.50
with range £2, then,
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. _ (12—-(=30))-(7.50 —3.50)

‘ <0 +3.50 = 6.30

Step 3: Adaptive trapping

As the optimization progresses, the search space is adaptively contracted to allow for finer
exploitation around promising solutions. The dynamic bounds for each ant walk are
updated using contraction coefficients which depends on the current iteration count ¢ and
total iterations, 7. Equation (6) shows how antlions tighten their traps over time [19]:

it =li—jigdt = ut g (©)

where X;is the current position of the selected antlion in dimension 7, and cf, df represent
the dynamic lower and upper bounds, respectively. The time-dependent function (¢)
governs the rate of contraction and is defined in Equation (7) [19]:

1) = 10 - (%) )

where T is the maximum number of iterations, ¢ is the current iteration index, and we[1,8]
is a user-defined parameter that determines the degree of nonlinearity in the boundary
reduction.

For adaptive trapping step, the numerical example can be illustrated by taking ant
2 which initially have values of 8.10, 1.30 and 0.95 for £, k;and k4, respectively. Assuming
the current iteration, t = 5, and ant 2 is influenced by previously mentioned roulette-
selected and elite antlion at step 2. Hence, by applying contraction formula in Equation (6):

, 5.50

chp = 5.50 —~=— = 440,
. 5.50

djyp = 5.50 + = = 6.60

Similarly, for &; and /g,
. 2.00
chi = 2.00 — = = 160,

, 2.00
df; = 2.00 + === 2.40

. 1.00
cha = 1.00 = —— = 080,

) 1.00

Step 4: Elite antlion guidance

In addition to a randomly selected antlion, each ant is influenced by the elite antlion where
the best solution identified so far. This dual-guidance strategy balances the global search
with targeted exploitation of high-fitness regions. The final position of each ant is computed
by averaging its normalized walks influenced by the roulette-selection and the elite antlions.
The combination is given by Equation (8) [19]:

X _ XRW—selected + XRW—elite
new — 2 (8)
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This step ensures ants gravitate toward optimal regions while retaining sufficient diversity.
For example, when ant 2 undergo two random walks mentioned in step 2, the averaged new
position is calculated using Equation (8):

6.30 +8.20 1.90 + 2.00 1.05 + 1.00
kp =~ =725 k= =195 kg= -

> > = 1.025

Step 5: Boundary handling

To ensure feasibility, any ant positions exceeding the PID gain bounds are corrected using
boundary control. If a gain value k violates its bound [kmin, kmax], it is clipped as follows
[19]:

kmin if k < kmin
k otherwise

This step prevents invalid solutions and maintains the integrity of the PID parameter search.
From previous calculations, all values obtained are within bounds, hence, no adjustment is
needed.

k, € [1,10] k; € [0,5] kq € [0,2]

Step 6: Fitness evaluation and memory update

After boundary correction, the new position of ants is evaluated based on the same fitness
function which is MSE. If new MSE is better than its corresponding antlion MSE, the
antlion position is replaced. The elite antlion is also updated if a better-performing ant is
found. This memory update preserves the best solutions across generations and guides the
swarm toward optimal PID gains. Assume the new MSE for Ant 2 is computed as 0.025.
By comparing this value with the current MSE of the antlion it was associated with which
is 0.032. Since the new value is better, hence, update the antlion position with the ant
position. If 0.025 is also better than the elite which previously obtained as 0.028, then this
becomes the new elite antlion.

Step 7: Iterative optimization

Steps 2 through 7 are repeated for the predefined number of iterations, maxg.,. With each
cycle, the population becomes more refined and the MSE values tend to converge. Table 4
highlights how the elite solution improves over iterations. Upon completing all iterations,
the algorithm outputs the best performing PID parameters that achieve the minimum MSE
are 7.85, 1.95 and 0.90 for k, k; and k4, respectively. Figures 3 and 4 highlight the
pseudocode of the ALO algorithm and block diagram utilized for PID controller tuning.

Table 4: Numerical Example to Achieve Optimum Solution at Maximum Iteration

Iteration Best MSE ky ki ka

1 0.028 9.00 2.10 1.10
2 0.024 8.70 2.00 1.05
10 0.015 (final) 7.85 1.95 0.90

Initialize the positions of N, and N;randomly within the search space
. Evaluate the fitness of all ants and antlions using MSE
3. Identify the elite antlion, Xzp-ciie With the best fitness

N =
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4. Repeat for £ = 1 to maxgene

5. For each anti =1 to N,do

6. Select an antlion via roulette wheel selection based on antlion fitness
7. For each dimension k=1 to D do

8. Update the lower and upper bounds based on iteration ¢

9. Generate random walk Xzp.serecrea around selected antlion Xzw-eiire
10. Generate random walk Xzp.eiire around elite antlion Xzw.seiected
11. Normalize both walks within the updated bounds

12. Update the ant position as in Equation (8)

13. End for

14. End for

15.  Evaluate the fitness values for all updated ants

16.  Replace any antlion with the corresponding ant if the ant has better fitness
17.  Update the elite if a new antlion has better fitness than the current elite
18.  End repeat

Figure 3: Pseudocode of the ALO algorithm utilizes for PID controller tuning [19]

~— Objective Function

Ant Lion Kp K Kp
Optimization
o Disturbance
Force
Observed Signal
K‘ef =0 Fa . F S — Vacl
Ga Gs
Error ~/
PID Actuator Flexible Plate
Controller System

H

Sensor

Figure 4: Block diagram of ALO implementation for PID controller tuning

3.0 RESULTS AND DISCUSSION

This section evaluates the performance of the PID controller optimized using the Ant Lion
Optimizer (ALO) under both single and multiple sinusoidal excitation conditions. The
classical Ziegler—Nichols (ZN) tuning method is employed as a benchmark for comparison.
The robustness of the proposed controller is assessed through simulations conducted in
MATLAB/Simulink R2021a across a range of excitation scenarios. As noted by Liu et al.
(2023), attenuation of the first vibration mode is particularly important, as it predominantly
influences the overall dynamic response of flexible structures [24]. Suppression of this
mode often facilitates the mitigation of higher-order modes due to the redistribution of
vibrational energy across the structure [25]. Accordingly, the present analysis focuses on
the attenuation level of the first mode as a key performance indicator.

3.1 PID-ALO under Single Sinusoidal Disturbance.
The effectiveness of ALO in fine-tuning PID gains relies heavily on the careful selection
and adjustment of its key parameters. Based on the literature review, previous studies have

demonstrated variability in the parameter setting used for optimization algorithms [26].
Four key parameters are considered for tuning in this study known as the number of ants,
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the number of antlions, the lower and upper search boundaries and the number of iterations.
Each parameter is systematically varied to enhance the controller’s performance in
suppressing vibrations, with a particular focus on minimizing response magnitude and
overall mean squared error (MSE).

In the initial tuning stage, the number of ants and antlions is optimized concurrently.
These two parameters are set to identical values, which is standard practice in ALO-based
algorithms [27]. This configuration maintains a balance between the foraging agents (ants)
and their predators (antlions), a critical aspect of population-based metaheuristics. While
ants contribute to global search diversity, antlions enhance local search exploitation [28].
According to Wang and Zhou (2024), a population size of 30 is sufficient to ensure diversity
and to mitigate the risk of premature convergence to local optima [29]. Based on this
guidance, the study evaluates population sizes ranging from 30 to 100 in increments of 10.
Among these, a value of 50 for both ants and antlions demonstrates the most effective
vibration suppression, achieving the lowest decibel magnitude and mean squared error
(MSE). Following this result, the population size is fixed at 50 for subsequent parameter
tuning stages.

Once the optimal number of ants and antlions is established, the lower and upper
boundaries for the PID gain parameters are tuned. These boundaries define the permissible
search space for the optimizer. If the range is too narrow, the optimizer may miss optimal
solutions; conversely, overly broad ranges can slow convergence or result in unstable
controller behavior [30]. In this study, the selection of boundary values for tuning £, 4;,
and kyis informed by prior research that employed similar ranges for PID gain optimization
[20, 21, 31]. Following preliminary trials, the most effective performance is achieved using
the boundaries proposed by George and Ganesan (2020), with lower bounds of [0, 0, 0] and
upper bounds of [50, 10, 5] for k,, ki, and k4, respectively. This configuration not only
reduces vibration magnitude but also yields a significantly lower mean squared error (MSE).
Within the ALO framework, well-defined boundary constraints are essential, as they guide
the stochastic movement of ants around selected antlions during the trapping phase, thereby
enhancing convergence behavior and improving the precision of PID parameter
optimization [32].

The final tuning stage involves adjusting the number of iterations, which defines
the total number of search cycles performed by the ALO algorithm. This parameter plays a
critical role in determining both convergence speed and solution quality. An insufficient
number of iterations may lead to premature convergence on suboptimal solutions, while an
excessively high iteration count can increase computational overhead without delivering
meaningful gains in accuracy [33]. To identify an optimal balance, iteration values ranging
from 25 to 60 are tested. Empirical results indicate that 50 iterations offer the best trade-off
between computational efficiency and optimization accuracy. This observation is
consistent with the findings of Okwu and Tartibu (2021), who reported that the standard
ALO algorithm typically reaches the optimal fitness region within approximately 41
iterations [34]. Similarly, Rajakumar et al. (2025) observed convergence in just 42
iterations for optimal wind turbine (WT) system placement [35]. Table 5 summarizes the
final ALO parameter settings used for PID controller optimization. Based on this
configuration, the optimal values of k,, ki, and k, are obtained, as listed in Table 6. These
gains produce the most effective vibration suppression and the lowest mean squared error
(MSE) observed in the study.

Table 5: The Best Value of Parameters Achieved for PID-ALO

Parameters Values
Number of ants 50
Number of antlions 50

Lower boundaries [0, 0, 0]
Upper boundaries [50, 10, 5]
Maximum iteration 50
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Table 6: PID-ALO Parameters Setting for Vibration Suppresion

Controller k, ki ka
Uncontrolled - - -
PID-ALO 8.0445 2.8358 0.0111

The effectiveness of the proposed PID-ALO controller is evaluated by comparing its
performance with that of the classical Ziegler—Nichols (ZN) tuning method. The PID-ZN
controller is developed using the same transfer function and disturbance characteristics
employed in previous studies. Specifically, the ZN tuning parameters are adopted from the
study by Hadi et al. (2018), where the ultimate gain, k. is identified as 6.5 and the
corresponding ultimate oscillation period, p.- was determined to be 0.036s. These values
are substituted into the classical ZN tuning formulas to calculate the PID gains, resulting in
ky =39, ki = 0.02, and k; = 0.005 [36]. In contrast, the PID-ALO approach yields
significantly refined gain values of k, = 8.0445, k; = 2.8358, and k;= 0.0111. In terms of
vibration suppression, the uncontrolled system exhibits a peak magnitude of 103.50 dB.
The PID-ZN controller reduces this to 69.13 dB, achieving an attenuation of 34.37 dB at
the first mode and a vibration reduction of 33.21%. The PID-ALO controller further
improves performance, reducing the magnitude to 56.05 dB corresponding to an attenuation
of 47.45 dB and a 45.85% reduction in vibration. Additionally, the mean squared error
(MSE) decreases substantially from 0.0183 with the PID-ZN controller to 0.0055 with the
PID-ALO controller. A summary of the PID tuning results under single sinusoidal input
excitation is provided in Table 7. A detailed comparison of the system responses in both
time and frequency domains is illustrated in Figure 5(A) and Figure 5(B), respectively,
highlighting the enhanced suppression achieved by the PID-ALO controller, particularly at
the first mode of vibration.
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Figure 5: System response under single sinusoidal disturbance for PID-ZN and PID-ALO controller
in (A) time-domain, (B) frequency-domain

Table 7: Performance Comparison of PID-ZN and PID-ALO Under Single Sinusoidal Input

Controller Uncontrolled PID-ZN [36] PID-ALO
k,=3.9 k,= 8.0445

PID gains obtained - ki =0.02 ki=2.8358
kqa=0.005 ka=0.0111

Decibel magnitude (dB) 103.50 69.13 56.05

First mode attenuation level (dB) Reference 34.37 47.45

Vibration reduction (%) Reference 33.21 45.85%

MSE value 0.6655 0.0183 0.0055

3.2 PID-ALO under Multiple Sinusoidal Disturbance.

To further evaluate the robustness and adaptability of the proposed controllers, the system
is subjected to multiple sinusoidal disturbances using the same PID gains identified in the
previous case. The performance of the PID-ZN and PID-ALO controllers under these
conditions is analyzed and compared. The PID-ZN controller achieves an attenuation of
34.34 dB in the first mode, corresponding to a 29.24% reduction in vibration amplitude. In
contrast, the PID-ALO controller outperforms the PID-ZN method by achieving a higher
attenuation of 46.97 dB, which corresponds to a 40.04% vibration reduction. These results
indicate that the PID-ALO controller provides superior vibration suppression under
multiple sinusoidal disturbances compared to the classical ZN-tuned controller. A summary
of this comparison is provided in Table 8. Additionally, the system responses in both time
and frequency domains are illustrated in Figures 6(A) and 6(B), respectively.
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Figure 6: System response under multiple sinusoidal disturbance for PID-ZN and PID-ALO

controller in (A) time-domain, (B) frequency-domain

Table 8: Performance Comparison of PID-ZN and PID-ALO Under Multiple Sinusoidal Input

Controller Uncontrolled PID-ZN [36] PID-ALO
k,=3.9 k,= 8.0445

PID gains obtained - ki=0.02 ki=2.8358
kqa=0.005 ka=0.0111

Decibel magnitude (dB) 117.30 83.00 70.33

First mode attenuation level (dB) Reference 34.34 46.97

Vibration reduction (%) Reference 29.24 40.04%

MSE value 0.6656 0.0183 0.0055

3.3 Comparative Performance Analysis

The improved performance of the PID-ALO controller is attributed to its global
optimization capability which allows it to explore the solutions space more
comprehensively than heuristic methods like ZN. Unlike ZN approach which is optimized
for a specific frequency or transient response, ALO adaptively tunes the PID gains to reduce
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vibration amplitudes across a broader frequency spectrum. Furthermore, ALO employs
adaptive tuning mechanisms, including stochastic random walks and elitism-based
selection which allow the controller to adjust dynamically and response effectively to
complex disturbances. These adaptive properties are particularly beneficial in various types
of disturbance environments where fixed-gains methods often struggle to maintain
consistent performance. Furthermore, the robustness of the PID-ALO controller is evident
in its ability to sustain high attenuation across diverse excitation modes, hence highlighting
its suitability for practical systems with unpredictable disturbance characteristics.

The performance gap between PID-ALO and PID-ZN becomes more pronounced
under these demanding conditions, indicating that ALO not only matches but excels in
complex scenarios. This robustness and adaptability make ALO a compelling choice for
real-world vibration suppression applications. These advantages align with prior studies
that utilized other metaheuristic algorithms such as social spider optimization (SSO), bird
mating optimizer (BMO), and the advanced firefly algorithm (AFA) where all of which
report improved control performance in horizontal flexible structures [37-39].

For reference, Hadi et al. (2018) applied a PID-PSO controller for the same
horizontal flexible plate system and achieved an attenuation of 47.28 dB at the first
vibration mode [36]. In this study, the proposed PID-ALO controller achieved comparable
attenuation levels of 47.45 dB under single and 46.97 dB under multiple sinusoidal
disturbances. This similarity validates the capability of ALO as an alternative metaheuristic
algorithm for PID parameter optimization. The consistent results obtained across multiple
algorithms reaffirm the superiority of metaheuristic for optimization of PID tuning over
conventional approaches. Hence, emphasized their robustness, adaptability, and potential
for real-world vibration suppression applications.

4.0 CONCLUSION

This study investigates the effectiveness of tuning a PID controller using the Ant Lion
Optimizer (ALO) algorithm for vibration suppression in a horizontal flexible plate structure
under both single and multiple sinusoidal disturbances. The performance of the PID-ALO
controller was thoroughly evaluated in both time and frequency domains and compared
against the classical PID-ZN controller to assess its superiority. Under the single sinusoidal
input, the PID-ALO controller achieved a first mode attenuation of 47.45 dB,
corresponding to a 45.85% vibration reduction. For multiple disturbances, it achieved 46.97
dB attenuation with a 40.04% reduction. In contrast, the PID-ZN controller recorded 34.37
dB and 33.21% reduction for single sinusoidal input, and 34.34 dB with 29.24% for
multiple disturbances. In both scenarios, the PID-ALO controller outperformed the
classical method in terms of vibration suppression and mean squared error, demonstrating
strong optimization capability and robust control performance. However, the stochastic
nature of ALO may introduce additional computational effort and lead to slight
performance variability between runs. Despite these limitations, the algorithm shows strong
potential for further enhancement through hybrid or adaptive optimization methods such as
combining ALO with PSO to improve convergence efficiency. The approach presented in
this study can also be extended to higher-degree-of-freedom or multi-input-multi-output
(MIMO) systems to evaluate the scalability and effectiveness of ALO in more complex
vibration environments. Future work will focus on implementing the PID-ALO controller
on experimental platforms with increased structural complexity to further validate its
performance and adaptability.
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