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Abstract— This paper presents an optimal design of Integer- and Fractional-Order Proportional-Integral-Derivative (PID/FOPID)
controller parameters for speed control of BLDC motor based on Single- and Multi-Objective Optimization (SOO/MOO). For SOO,
the process of tuning was conducted via the Whale Optimization Algorithm (WOA) under Integral of Time Absolute Error (ITAE)
objective function. At the end of SOO, the best solution which corresponds to PID/FOPID controller’s gains values has been
obtained directly according to the minimum value of ITAE objective function. For MOO, the Multi-Objective Whale Optimization
Algorithm (MOWOA) was used with three objective functions to minimize which are: settling time, overshoot and error steady
state. The MOQO generates non-dominated solutions forming Pareto front. The best compromise solution was obtained using fuzzy
decision-making approach satisfying desired preferences. For the comparison of different controllers, step responses, frequency
responses, tracking and load disturbance responses were all carried out and analyzed. The simulation results have shown that the
MOWOA-FOPID controller provides a better response with faster speed without any overshoots, and good tracking capacity
rejecting the load disturbances.

Keywords— BLDC motor speed control, single- and multi-objective optimization, fractional-order PID, whale optimization
algorithm. Multi-Objective whale optimization algorithm.

I Introduction

The BLDC motors are typically permanent magnet synchronous motor, they are well driven by DC voltage and

they are electronically commutated motors. Some of the advantages of BLDC motors are their higher speed ranges,
higher efficiency, better speed versus torque characteristics, long operating life, noiseless operation, etc [1].
In high performance drive applications, such as in the areas of robotic, machine tools and rolling mills, BLDC motor is
desired to operate at various speed and load conditions with enhanced performances and robust speed control [2]. In the
last decades, a lot of controllers have been suggested for BLDC motor speed control such as PI [3-6], PD [7], PID [8-12],
Fuzzy Logic [13-16], LQR [17], etc. However, the most popular technique is the PID controller because of its simple
structure, strong robustness, and good applicability [18]. The basic PID configuration is made up of three terms:
proportional gain (K}), integration gain (K;) and derivative gains (K;). These three parameters can be adjusted to realize
the desired objective of the control process [19].

For few decades, the field of control theory has been dominated with integer-order controllers. With the
development of fractional calculus, fractional-order integral and differential have introduced in control applications to
offer more flexibility to control design. Therefore, control theory has paved way to migrate from classical controllers
which are integer-order to fractional-order controllers. In 1999, Podlubny [20] has proposed a generalization of PID
controllers, namely the fractional-order PID (FOPID) controller. The FOPID controller noted PI*D* is a conventional
PID controller whose integration action order A and differentiation action order u are real rather than integer. Therefore,
FOPID controller beside the proportional, integral and derivative parameters (K, K; and K;) it has two additional
parameters which are A4 and p. This expansion adds more robustness and flexibility to control system [21-23]. Compared
with conventional PID controller, FOPID controller offers much more versatility in tuning and therefore, has a large area
of parameters that govern the controlled system and increases the reliability of the control loop [24,25].

In recent years, metaheuristic optimization techniques have been widely used in the controller tuning in both single- and
multi-objective optimization framework such as genetic algorithms (GA), particle swarm optimization (PSO), ant colony
optimization (ACO), whale optimization algorithm (WOA), differential evolution (DE), and the cuckoo search (CS)
algorithms, etc. In the single-objective optimization, one function is used to be optimized such as standard performance
indices; integral of absolute error (IAE), integral of time absolute error (ITAE), integral of squared error (ISE), integral
of time squared error (ITSE), and integral of squared time squared error (ISTE) [26]. Each one of them has advantages
and disadvantages. For example, since IAE and ISE criteria are independent of time, the obtained results have relatively
small overshoot but a long settling time. The ITAE and ITSE performance criteria can overcome this drawback, but they
cannot ensure to have a desirable stability margin [26]. To address this shortcoming, multi-objective optimization has
lately introduced to control theory. It optimizes different functions simultaneously to obtain the best solution. Objective
functions are based on the performance indices of the system output. These functions usually involve the time domain
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performance criterion; the maximum overshoot (Mp), rise time (tr), settling time (ts), and steady-state error (ess). There
are two kinds of methods commonly used: the scalarization method and the Pareto method. The scalarization method
uses the weighting sum for separate objective functions. In this case, the multi-objective issue turned to one objective
problem. However, the choice of the weighting factors in the objective function is not an easy task [27]. The Pareto
method is the most popular multi-objective optimization method. It utilizes a trade-off among the objective functions
based on the Pareto dominance concept. In Pareto dominance, the obtained solutions are classified into dominated and
non-dominated solutions. Then the best solution can be chosen from the non-dominated solutions namely Pareto front by
the decision-maker [28].

From literature review, for BLDC motor speed control there are some research articles [2,29,30] related to tuning
of the FOPID parameters using single-objective function, but there is no work that has tried to optimize FOPID using
multi-objective optimization approach. This motivated us to work in this area and benefit from the advantages of
fractional-order controllers and multi-objective optimization to boost the performance of the control system.

In this paper, the optimal design of PID/FOPID controller parameters for speed control of BLDC motor is presented. The
controller parameters are tuned through single- and multi-objective optimization algorithms which are WOA and
MOWOA, respectively. For SOO, Integral of Time Absolute Error (ITAE) was taken as the main objective function to
minimize. The best solution which corresponds to PID/FOPID controller’s gains values has been obtained directly
according to the minimum value of ITAE. While for MOO, three objective functions to minimize are employed which
are: settling time, overshoot and error steady state. The best solution is determined by fuzzy logic-decision approach from
the Pareto front archived by MOO. The main advantage of using fuzzy logic in the decision making is to give the
decision maker more flexibility in determining the compromise solution changing the fuzzy rules regarding his
preferences [31]. In order to compare the effectiveness of different controllers, speed step responses, frequency
responses, tracking and load disturbance responses were all carried out and analyzed. The simulation results have shown
that the MOWOA-FOPID controller provides a better response with faster speed without any overshoots, and good
tracking capacity rejecting the load disturbances.

The paper is organized as follows: Section II presents the BLDC motor speed control system. Sections III and IV
describe the PID/FOPID controller tuning using single-objective optimization with WOA algorithm and multi-objective
optimization with MOWOA algorithm, respectively. Section V gives the simulation results. Finally, the conclusions are
presented in Section VI.

IT BLDC motor speed control system
A) Presentation

The conventional feedback control loop with parallel FOPID controller in bloc diagram form is shown in Fig 1.
G (s) is the plant-model of BLDC motor which will be presented in the next section. The output system V (s) is the speed
motor. R(s) is the reference input and D(s) is the charge disturbance. The controller receives the error signal E(s) and
generates control signal U(s). It is represented by the transfer function as follows

K.
C(S)lpopip = Kp + S—,; +Kgst,  Ap>0 1

K
C(S)|pp = K, + ?l + Kys 2)

where K, is proportional gain, K; is integration gain, K is derivative gain, A is integration order and p is derivative order.
The conventional PID (2) can be obtained from FOPID controller with setting integration order A and derivative order y
in equation (1)as 1 (A=1and u=1).

! :
Ll K, 1 D(s)
! : -
R(s) ~E(s)| ! FUGs C(s
g_?(}( ) :; K;/s* —+'< ; (+) G(s) ¢ 2
1- | 41
E > K;s* E
: :
PID/FOPID Controller

Fig. 1. The block diagram of BLDC motor speed control system.
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B) BLDC motor model

Recently, Khluabwannarat et al. [32] were study a BLDC motor of 350 W, 24 VDC, 0.7 A, 300 rpm in their
laboratory. Using the flower pollination algorithm (FPA) under the SSE objective function, the IO and FO models of
such the BLDC motor were identified as stated in equations (3) and (4) respectively.

148.80
1.328s3 4+ 13.05s52 + 77.81s + 149.4

G(S)o = 3
1.0
0.02904352658240.478365123764+1.107550-0443

Fig. 2 gives the step responses of the two models. A good agreement of I0-model to FO-model on the interval [0,5] is
shown. Once evaluating their cost function values, the authors [32] were found that the FO-model is more accurate than
the I0-model. Consequently, in their next work [29], FO-model was adopted to design the integer-order and fractional-
order PID controller by using the same optimization algorithm (FPA) under the same objective function (SSE).

G(S)ro = €))
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Fig. 2. Step responses of 10 and FO-models on the interval [0,5].

Let’s retake the transfer function of the FO-model (4). This function can be rewritten as
1.0

G = 5
(©)lro 50044262 ((0,029043s 261394-0.47836s11933 + 1.1075) ®)
At steady state, the FO-model becomes a pure integrator with 0.044262 order as follows
1
G(S)lro, stady state = 110755004262 (6)
12 T T T T T T T
B it
0.8 _( -
EI_ 06 || -
E oo | ]
E
S o2 |l i
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Fig. 3. Step responses of IO and FO-models on the interval [0,40].
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Fig. 3 shows the step response plots of 10 and FO-models, but this time over a larger range [0,40]. It is clear that the
response of the FO-model increases indefinitely which does not represent the reality where the motor speed stabilizes at a
finite value. Therefore, the FO-model that the authors [29,32] have chosen is not suitable to represent the motor.

In this paper, the BLDC motor is represented by 10-model (3) to design PID/FOPID controllers with single- and multi-
objective optimization.

III PID/FOPID controller tuning using single-objective optimization

In this section, the optimal tuning of the PID/FOPID controller’s parameters using single-objective optimization is
presented. In control theory using single-objective optimization, one function is used to be optimized such as standard
performance indices; integral of absolute error (IAE), integral of time absolute error (ITAE), integral of squared error
(ISE), integral of time squared error (ITSE), and integral of squared time squared error (ISTE) [26]. The best solution
which corresponds in this paper to PID/FOPID controller’s gains values are obtained directly according to the minimum
value of the adopted objective function. Fig. 4 shows different steps to design PID/FOPID controller parameters using
SOO. In this paper, SOO is conducted via a metaheuristic optimization algorithm called the Whale Optimization
Algorithm (WOA) under Integral of Time Absolute Error (ITAE) objective function.

Thereafter, objective function, single-objective optimization and a short explanation of WOA are given.

A) Objective function

In this paper, ITAE is used as objective function. It is defined as follow
ITAE = [*™tle(t)|dt 7
with tg;,, is the simulation time and e(t) is the error signal as shown in Fig. 1.
B) Single-objective optimization steps
The SOO formulation is conducted using the following steps illustrated in Fig. 4.

Step 1: Initialize the population.
Step 2: Calculate the objective function for each individual in the population.
Step 3: Update the leader according to the minimum value of objective function.
Step 4: Increment iteration number.

If the criterion (k < k4, ) has been satisfied, then:

v’ Update the population position by specified algorithm (WOA).

v" Go to Step 2.

Otherwise, return the best solution which represents the leader.

endif

C) Whale Optimization Algorithm

Whale optimization algorithm (WOA) is a recently meta-heuristic optimization algorithm proposed by Mirjalili et al. [34]
in 2016. WOA algorithm mimics the hunting behavior of humpback whales with two phases; the exploitation phase
which consists search for prey and the exploitation phase which regroups encircling prey and bubble-net attacking
mechanism as illustrated in Fig. 5. For more details, the reader can refer to original paper [34].

Exploration phase Exploitation phase
Whales search randomly for a prey Whales create spiral-shaped bubbles with shrinking circles around their prey

Fig. 5. The behavior of humpback whales in WOA algorithm.
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IV PID/FOPID controller tuning using multi-objective optimization

In this section, the optimal tuning of the PID/FOPID controller’s parameters using multi-objective optimization is
presented. MOO is concerned with mathematical optimization problems involving more than one objective function to be
optimized simultaneously. The result of MOO is expressed as a set of Pareto solutions, representing optimal trade-offs
between different objectives. However, the main concern of the decision-maker is to find the best compromise solution
from the Pareto front. A fuzzy decision-making approach is used in this paper to find the optimal Pareto point according
to the decision-maker preferences [33].

This section presents, in the following subsections, objective functions, MOO approach steps and finally the adopted
fuzzy decision-making method.

A) Objective functions

To approach the output system to its reference input, three objective functions are considered which are formulated based
on:

1) Settling time (ts) is defined as the time for the response to reach, and stay within, 2% of its final value.

fi=ts

1) Maximum overshoot (Mp) is straight way difference between the magnitude of the highest peak of time response
and magnitude of its steady state.

fo=Mp
2) Steady-state error (ess) is the difference between actual output and desired output at the infinite range of time.
fz =ess
The goal of multi-objective algorithm is to minimize the function
F(x) = {fi(x), (x), f3(x)}
with x = [Kp, K;, Kd] orx = [Kp, K;, K4, A, u] for PID or FOPID controller parameters, respectively.
For BLDC motor [29], the inequality constraints are

ts < 2s
Mp < 10%
ess < 0.01%

In search space

{Kp_min < Kp < Kp_max
(
4'

PID: { Kimin < Ki < Ki max
Kd,min < Kd < Kd,max

Kp_min < Kp < Kp_max

Ki_min < Ki < Ki_max

FOPID: S Kg min < Kq < K4 max

I Amin < A < lmax
Hmin < u < Hmax

Where Ky, min, Ki min> Ka_min and Ky max, Ki maxs Ka_max are the lower and upper limits of PID controller parameters.

While Ky min, Ki min, Ka_min> Amins Bmin a0d Kp max, Ki max> Ka_max> Amaxs hmax are the lower and upper limits of
FOPID controller parameters.

B) Multi-objective optimization steps
The following steps shown in Fig. 6. describe the MOO formulation:

Step 1: Initialize the population.
Step 2: Calculate the objective functions for each individual in the population.
Step 3: Update the Pareto archive as following:
v Find the non-dominated solutions.
v" Store and update the set of non-dominated solutions in Pareto archive.
v" Check the archive, if it is full, apply grid mechanism.
Step 4: Increment iteration number,
If the criterion (k < k4, ) has been satisfied, then:
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v' Select the leader.

v' Update the population position by specified algorithm (WOA).
v" Go to Step 2.

Otherwise, return the final Pareto archive.

endif

For MOO, the Multi-Objective Whale Optimization Algorithm (MOWOA) is employed. This multi-objective algorithm
was suggested recently by Kumawat et al. [35] based on original WOA [34].

C) Fuzzy Decision-Making

Once the Pareto front is obtained by MOO, it’s time to extract the best compromise solution satisfying the desired goals
[33]. To do this, a fuzzy decision-making procedure is implemented which the main steps, as shown in Fig. 7, are:

1) Prepare the inputs by normalizing all non-dominated solutions as follows [36]

) fmax _ -J
ul = f;mxif;m fori=123andj=12,..n
i i

where, uij indicates the normalized value of the non-dominated solution j of the objective function , » is the number
of nondominated solutions, ™™ and f/™%* are the minimum and maximum value of the i*" objective function
among all nondominated solutions of Pareto front, respectively.

2) The normalized functions are fuzzified using three triangular membership functions (MFs) for each input as shown in
Fig. 8.

3) The fuzzy output weighting of the Pareto solutions, noted W, are determined using the fuzzy rules given in Table 1.

4) W is deduced using the triangular MF of the output. For each solution in the Pareto front, W is a number in the range
[0,1].

After applying the fuzzy decision-making on the Pareto front, the best solution will be the one that has the maximum

weighting value.

Normalized Pareto Front
ts, Mp, ess

3 Inputs MFs

A 4

Fuzzifier

F Input:
¢ Fuzzy Inputs

Fuzzy Decision

]
1
1
1
1
1
]
1
1
1
Inference :
]
1
1
1
1
1
]
1
1
1

Maker Rules -
I Fuzzy Ouput
1 Output MF »| Defuzzifier
Output
Weight

Fig. 7. Fuzzy decision-making steps.
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Single Objective Function
IAE, ISE, ITAE, ITSE, ...
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Update Population Position
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1} Controller parameters space
PID: K,,K;,Kq
FOPID: K, K;, Ky, A 1
Best Solution = Leader

Fig. 4. PID/FOPID controllers tuning with single-objective optimization using WOA algorithm.
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Fig. 6. PID/FOPID controllers tuning with multi-objective optimization using MOWOA algorithm.

PAGE NO: 73

v



KRONIKA JOURNAL(ISSN NO-0023:4923) VOLUME 26 ISSUE 5 2026

0.5

0 1 1 L

1 0 ' '

0 0.2 04 0.6
Normalized ts

0.8 1 0 0.2 04

Normalized Mp

T T T 1) T

0.5

0 ' ' L

T " VL L T ™

0.5

0 0.2 04 0.6
Normalized ess

0.8 1 0 0.2 0.4
Weight

Fig. 8. Fuzzy membership degrees for normalized Inputs/Output.

VH

Tab. 1. Fuzzy logic decision-making rules (VL =Very Low, L= Low, M= Medium, H= High, and VH= Very High).

V Simulation and results

ts Mp ess \W%
H H H VH
H H M

H M H H
M H H

M M M

M M H

M H M M
H M M

L L X

L X L L
X L L

L L L VL

In order to compare the different PID/FOPID controllers tuned by single- and multi-objective optimization using
WOA and MOWOA algorithms, step responses, frequency responses, tracking and load disturbance responses were all
carried out and analyzed. The simulations of different responses were performed by means of the MATLAB/Simulink
software package via a personal computer CORE i7 CPU with 8GB RAM. For FOPID, FOMCON toolbox [37] is
integrated. In Oustaloup's approximation, w; = 1073, w;, = 10*3 and the order of approximation N is 5. The parameters
values of the used algorithms are mentioned in Table 2.

Tab. 2. Parameters of WOA/MOWOA algorithms.

Parameter Value
Poplation number 25
Iterations number 200

Min [K, K; K4 A p] [00000]

Max [K, K; Kq 2 4]

[1010 1 1.5 1.5]

WOA: b 1
MOWOA: Multi-Objective optimization parameters

Pareto archive size 100

grids number per dimension 10

inflation rate 0.1

leader selection pressure 4

Deletion selection pressure 2
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The important results of this study are shown in the following subsections.
A) Speed comparison of BLDC motor with various controllers

For SOO, the results are obtained for 10 independent runs. At the end of the optimization process, the best
convergence of ITAE objective function for PID/FOPID controller is obtained as shown in Fig. 9. As can be seen from
the figure, the FOPID controller has the lowest ITAE value. Furthermore, Boxplot graphs of ITAE for PID/FOPID
obtained so far over 10 independent runs are illustrated in Fig. 10. It is clear that ccompared with conventional PID
controller, FOPID controller offers much more versatility in tuning because it has a large area of parameters that govern
the controlled system which increases the reliability of the control loop. The obtained WOA-PID and WOA-FOPID
controller’s parameters are respectively: K, = 2.2183, K; = 6.9518, K; = 0.4119 and K, = 5.5376, K; = 9.9972,
Ky = 0.4668, 1 = 1.0097, u = 1.3516.

0.25

T T T T T T T T T
WOA-PID
WOA-FOPID
0.2 i
015 | -
m
<
=
[=4
,g 0.1 X: 200
2
= Y: 0.06637
w
o
=
.i 005 | X: 200
)
o Y:0.01795
0 1 1 1 1 1 1 1 1 1
0 20 40 60 80 100 120 140 160 180 200

Iteration
Fig. 9. Convergence of ITAE objective function for PID/FOPID controllers.

0.07

0.066385

0.06638

0.05 .
0056975 ]

0.06637

0.04

ITAE

0.03

R —

0.01 1 1
WOA-PID WOA-FOPID

Fig. 10. Boxplots of ITAE objective function for PID/FOPID controllers over 10 independent runs.

For MOO, at the end of execution, MOWOA algorithm generates a set of solutions, i.e. optimized Pareto front.
Fig. 11 illustrates the optimized Pareto fronts for PID and FOPID controllers. Besides, the figure shows for each
controller the best compromise solution obtained applying fuzzy decision-making which corresponds to three objective
functions. The best compromise solution for MOWOA-PID controller obtained with output weight W = 0.7688
corresponds to: ts = 0.6624 s, Mp = 1.3843 and ess = 1.37e — 6. That combination corresponds to MOWOA-PID
parameters K, = 1.1189, K; = 3.0017, K; = 0.1125. While the best compromise solution for MOWOA-FOPID
controller obtained with output weight W = 0.8783 corresponds to: ts = 0.2314 s, Mp = 0 and ess = 2.36e — 6. That
combination corresponds to MOWOA-FOPID parametersK,, = 6.0993, K; = 8.5166, K; = 0.4572, A = 1.0045 and
u=1.4230.
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10 .*

a)

0.7

0.6

One solution of Pareto front

ts

0.4
The best compromise solution

03 _| for MOWOA-FOPID controller

0.2

b)
Fig. 11. Pareto front optimized with MOWOA: a) PID controller, b) FOPID controller.

Fig. 12 presents step responses of BLDC motor speed control systems with various controllers. Moreover, all
these responses are grouped in Fig. 13. Table 3 gives PID/FOPID controllers parameters optimized by WOA and
MOWOA. For a comparative analysis, Table 4 gives step responses’ performances with best results highlighted in bold.
It is clear from this table that the MOWOA-FOPID controller provides the response of a better quality with faster speed
without any overshoots to step reference.

Tab. 3. PID/FOPID controller’s parameters using WOA and MOWOA algorithms.

Controller K, K; K, A U
WOA-PID 22183 | 6.9518 | 0.4119 1 1
WOA-FOPID 5.5376 | 9.9972 | 0.4668 | 1.0097 | 13516
MOWOA-PID 1.1189 | 3.0017 | 0.1125 1 1
MOWOA-FOPID | 6.0993 | 8.5166 | 0.4572 | 1.0045 | 1.4230

Tab. 4. Step responses’s performances.

tr (s) ts (s) (2%) Mp (%) ess
WOA-PID 0.2209 1.4299 11.9288 9.92¢-6
WOA-FOPID 0.1519 0.4144 5.3051 1.91e-4
MOWOA-PID 0.4311 0.6624 1.3843 1.37e-6
MOWOA-FOPID 0.1518 0.2314 0 2.36e-6
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Fig. 12. Step response of BLDC motor with different controllers:
a) WOA-PID, b) WOA-FOPID, c) MOWOA-PID, d) MOWOA-FOPID
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Fig. 13. Speed step responses of the BLDC motor control systems.

Fig. 14 shows the multi-step command-tracking responses of the BLDC motor speed control systems. Simulation results
establish that MOWOA-FOPID provides better tracking capacity compared to other controllers.
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Fig. 14. Multi-step command-tracking responses of the BLDC motor speed control systems.

PAGE NO: 78



KRONIKA JOURNAL(ISSN NO-0023:4923) VOLUME 26 ISSUE 5 2026

B) Frequency response analysis

To evaluate the stability performances of the BLDC motor speed control systems, the frequency responses were
performed in Fig. 15 and 16 for open-loop and closed-loop control systems, respectively. For comparative analysis, the
obtained performances of frequency responses are given in Table 5. As seen from the table, MOWOA-FOPID controller
has the best performance with infinity gain margin, greater phase margin and bandwidth compared to other controllers.

These results validate the effectiveness of the MOWOA-FOPID controller.

Tab. 5. Frequency response’s performances.

Bandwidth
Controller GM (dB) PM (deg) (rad/s)
WOA-PID © 57.5926 10.3757
WOA-FOPID © 66.0288 14.0006
MOWOA-PID 137.3066 69.2599 5.69840
MOWOA-FOPID 0 73.0123 14.3270
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Fig. 15. Open-loop Bode plot of BLDC motor speed control system with different controllers.
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Fig. 16. Closed-loop Bode plot of BLDC motor speed control system with different controllers.
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C) Load disturbance response

This subsection presents the rejection capability of the closed loop BLDC motor speed control system with the
proposed controllers that are tested under the step load disturbance. Thanks to controllers, when a change in load occurs
in the BLDC motor, the output speed response has to be settled down to zero as soon as possible. Fig. 17 shows the
responses of the BLDC motor speed control for a step load disturbance and the responses’ performances are given in
Table 6. It is clear that the MOWOA-FOPID controller has the best load disturbance response in term of minimum
overshoot with good settling time, compared to the other controllers. Hence, MOWOA-FOPID controller is more
effective in suppressing the load disturbances. Moreover, the responses of speed for a multi-step load disturbance are
presented in Fig. 18.

Tab. 6. Step load disturbance response’s performances.

Controller Settling time Overshoot ess
(s) 2%) (0)

WOA-PID 1.7340 28.8700 2.67e-6

WOA-FOPID 1.0080 16.7830 1.91e-4

MOWOA-PID 1.7610 47.6276 8.95¢-6

MOWOA-FOPID 1.1320 16.0800 1.08e-4
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Fig. 17. Speed response of the BLDC motor with Unit-step load-disturbance.
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Fig. 18. Speed response of the BLDC motor with Multi-step load-disturbance.

VI Conclusion

In this paper, the optimal design of PID/FOPID controller parameters for speed control of BLDC motor is
presented. The controller’s parameters are tuned through single- and multi-objective optimization algorithms which are
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WOA and MOWOA, respectively. For SOO, ITAE was taken as the main objective function to minimize. The best
solution which corresponds to PID/FOPID controller’s gains values has been obtained directly according to the minimum
value of ITAE. While for MOO, three objective functions to minimize are employed which are: settling time, overshoot
and error steady state. The best solution is determined by fuzzy logic-decision approach from the Pareto front archived by
MOQO. The simulation results reveal that the MOWOA-FOPID control system have good dynamic response capability;
no overshoot, less settling and rise times in comparison with other controllers. As well, it is the more effective in good
tracking capacity rejecting of the load disturbances. The performance of the MOWOA-FOPID controller has been also
observed in the frequency domain responses with greater gain margin, phase margin and bandwidth.

In further works, we plan to optimize the FOPID controller for control systems by using hybridized algorithms
[38] which offers superior performance compared to stand-alone algorithms. The mixed algorithms perform better
because they choose the good algorithms attributes to improve on the vulnerabilities that exist in individual algorithms
[19].
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