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* Correspondence: ahmedmashaly@mansnu.edu.eg (A.M.);

elsehiemy@eng.kfs.edu.eg or elsehiemy@sze.hu (R.A.E.-S.)

Abstract

Permanent Magnet Synchronous Motors (PMSMs) are widely employed in electric ve-
hicle (EV) propulsion systems because of their high efficiency, high power density, and
superior dynamic performance. The performance of field-oriented control (FOC)-based
PMSM drives strongly depends on accurate tuning of the proportional–integral (PI) con-
trollers governing the speed and current loops. Conventional tuning approaches often
optimize a single performance index and therefore fail to simultaneously enhance the
dynamic behavior of all control loops. This paper proposes a multi-error Integral of Time-
weighted Absolute Error (ITAE)-based optimization framework for simultaneous tuning
of the PI controllers by minimizing a composite objective function that incorporates the
time-weighted absolute errors of the rotor speed, q-axis current, and d-axis current. To
validate the effectiveness and optimizer independence of the proposed framework, five
metaheuristic optimization algorithms—Genetic Algorithm (GA), Particle Swarm Opti-
mization (PSO), Gray Wolf Optimizer (GWO), Gazelle Optimization Algorithm (GOA), and
White Shark Optimization (WSO)—are evaluated under identical optimization settings.
MATLAB/Simulink simulations are performed for reference-speed tracking, load distur-
bance rejection, and variable-speed operation. The results demonstrate that the proposed
optimization framework consistently improves tracking accuracy and dynamic response
regardless of the selected optimizer, while WSO provides the best overall performance. In
the variable-speed tracking scenario, WSO achieved the lowest RMSE of 0.96 rad/s and the
minimum ITAE value of 0.1716, confirming its effectiveness as the most suitable optimizer
for the proposed framework in high-performance PMSM drive applications.

Keywords: permanent magnet synchronous motor; PMSM; electric vehicle; field-oriented
control; PI controller optimization; ITAE; white shark optimization; metaheuristic algorithms

1. Introduction
Permanent Magnet Synchronous Motors (PMSMs) have become a popular choice for

the propulsion system of an electric vehicle (EV) due to the following properties: high
efficiency, high torque density, a compact structure, and a fast dynamic response [1,2].
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Field-oriented control (FOC) is one of the control strategies that has proven to be the most
effective control method for PMSM drives and is especially so in the highly demanding
application of EVs. FOC can transform three-phase stator currents into a rotating d–q refer-
ence frame, enabling independent flux and torque control and thus achieving the required
high efficiency and excellent dynamic response for automotive propulsion [3]. In EVs,
quick acceleration and conserving energy are of primary importance, and this precision
is crucial. But to maintain peak performance under the changing operating conditions
found in a vehicle (e.g., changing temperatures, changing loads), accurate calibration is
required. As a result, research in recent years has focused on the improvement of FOC
using intelligent tuning techniques to guarantee good speed regulation over the whole
drive cycle [4,5]. Recent studies have demonstrated that metaheuristic optimization tech-
niques can effectively automate controller parameter tuning, leading to improved dynamic
performance, enhanced disturbance rejection, and increased robustness in electric motor
drive systems, thereby emphasizing the growing importance of intelligent optimization
methods for high-performance drive applications [6,7].

Figure 1 presents a general classification of PMSM control strategies reported in the
literature, where most of the works in EV applications are performed using FOC-based
approaches because of their ability to decouple control of torque and flux, as well as their
high efficiency and fast dynamic response.

Figure 1. Classification of PMSM control techniques and the position of field-oriented control among
advanced motor control strategies.

The proportional–integral (PI) controller still prevails in industrial applications for
its speed and current control of PMSM drives due to its simplicity, easy implementation,
and low computation load. However, traditional PI controllers are very sensitive to the
proper choice of controller gains [8]. For EV applications, improperly tuned PI controllers
can lead to high current oscillations, long speed settling times, high copper losses, and
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reduced efficiency of the drive [9,10]. To address these challenges, a significant amount
of research has been conducted to propose optimization-based methods to fine-tune PI
controller parameters in PMSM control systems [11,12].

Among the various control strategies shown in Figure 1, recent research has focused
not only on developing intelligent optimization methods for automatic PI controller tuning
but also on enhancing conventional PI-based FOC schemes through adaptive control
techniques to improve robustness against parameter uncertainties and operating condition
variations while preserving the simplicity and practicality of PI controllers [13,14].

Bio-inspired and swarm intelligence algorithms have been shown to be very suc-
cessful in this field because they can solve problems that are nonlinear, multi-variable,
and non-convex [15]. Previous studies [16] have shown that optimization techniques in-
spired by nature can substantially improve the speed regulation performance for PMSMs
by optimizing the PI controllers of FOC. Although transient performance measures can
provide insightful information, they do not completely represent the demands of an EV
drive. In an EV application, these persistent tracking errors in rotor speed (and also stator
currents) have a direct impact on energy efficiency, thermal stress, and torque smoothness.
Errors in the q-axis current cause a reduction in torque production, while errors in the
d-axis current from zero can cause a reduction in efficiency and may increase the chance
of demagnetization [17]. For EV applications, the optimization criterion that is based on
the explicit penalization of long-duration errors is more suitable for PMSM control [18,19].
Motivated by these considerations, this work proposes a unified ITAE-based multi-error
optimization framework for the simultaneous tuning of PI controllers in the speed, q-axis
current, and d-axis current control loops of an FOC-controlled PMSM drive. The proposed
framework formulates the controller tuning task as a unified constrained optimization
problem through a composite objective function that simultaneously minimizes the ITAE
of the rotor speed, q-axis current, and d-axis current tracking errors. Since the proposed
framework is independent of the optimization algorithm, it can be implemented using
different metaheuristic techniques. To validate its effectiveness, five representative opti-
mization algorithms (GA, PSO, GWO, GOA, and WSO) are investigated under identical
operating conditions and performance criteria for electric vehicle applications.

The main contributions of this paper are summarized as follows:

• A unified multi-error ITAE-based optimization framework is proposed to formulate
the simultaneous tuning of PI controllers in the speed, q-axis current, and d-axis
current control loops of an FOC-controlled PMSM drive as a constrained optimiza-
tion problem.

• The proposed optimization framework is formulated independently of the optimiza-
tion algorithm, enabling different metaheuristic techniques to optimize the same
objective function under identical optimization settings and performance criteria.

• Five representative metaheuristic optimization algorithms, namely GA, PSO, GWO,
GOA, and WSO, are employed to validate the effectiveness of the proposed optimiza-
tion framework under representative EV operating scenarios, including reference
speed tracking, load disturbance rejection, and variable-speed operations.

• Comprehensive quantitative performance evaluation is conducted using tracking
accuracy, disturbance rejection capability, electromagnetic torque characteristics, stator
current behavior, and percentage improvements in RMSE, ITAE, and peak current
to systematically assess the proposed optimization framework and identify the most
effective optimization algorithm for the investigated PMSM drive.

The remainder of this paper will be organized into the following sections: In, the
mathematical model of the PMSM and the adopted field-oriented control structure are
presented. In, the PI controller tuning problem is formulated, and the proposed objective
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function is introduced. In, the investigated metaheuristic optimization algorithms and their
implementation are described. The results of the simulations are presented and analyzed
in or various operating scenarios. The conclusions are summarized in Section 6, providing
directions for future research.

2. PMSM Model and Field-Oriented Control Scheme
To enable a systematic analysis of PI controller tuning for electric vehicle propulsion,

this section establishes the mathematical model of the PMSM in the synchronous dq refer-
ence frame and defines the corresponding field-oriented control structure. The dq-frame
representation allows decoupled control of electromagnetic torque and stator flux [20],
which is essential for achieving high efficiency and a fast dynamic response in EV drive
systems. The adopted FOC scheme employs cascaded PI controllers for rotor speed and
stator current regulation, forming the control architecture upon which the optimization
problem is formulated.

2.1. Mathematical Model of PMSM

The Permanent Magnet Synchronous Motor is a nonlinear, multi-variable system,
characterized by strong coupling between its electrical and mechanical dynamics [21]. In
this work, the PMSM model is expressed in the synchronous rotating reference frame
(dq-frame) [22,23].

The electrical dynamics of the stator currents in the dq-frame are given by:

did
dt

=
1
Ld

(
ud − Rsid + ωeLqiq

)
(1)

diq
dt

=
1
Lq

(uq − Rsiq − ωeLdid − ωeλm) (2)

where id and iq are the d-axis and q-axis stator currents, ud and uq are the corresponding
control voltages, Rs is the stator resistance, Ld and Lq are the stator inductances, λm is
the permanent magnet flux linkage, and ωe is the electrical angular speed, which can be
calculated from (3).

ωe = pωm (3)

where p is the number of pole pairs, and ωm is the mechanical speed.
The electromagnetic torque of a surface-mounted PMSM, where Ld = Lq, is ex-

pressed as:

Te =
3
2

pλmiq (4)

The mechanical dynamics of the rotor are described by:

dωr

dt
=

1
J
(Te − TL − Bωm) (5)

dθr

dt
= ωm (6)

where J is the inertia moment, B is the viscous friction coefficient, TL is the load torque, and
θr is the rotor position.

2.2. Field-Oriented Control Structure

Field-oriented control is employed to decouple the torque and flux components of the
PMSM, enabling independent control of the stator currents in the dq-frame. The adopted
control structure consists of three cascaded PI controllers: one outer speed control loop and
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two inner current control loops, as shown in Figure 2. The d-axis reference current is fixed
at zero to ensure efficient operation, while the q-axis current reference is generated by the
speed PI controller.

 

Figure 2. Block diagram of the FOC-based PMSM drive for electric vehicle applications.

2.3. Coordinate Transformations and SPWM Implementation

To achieve decoupled torque and flux control, the measured three-phase stator currents
are first transformed into the stationary αβ reference frame using the Clarke transformation.
Subsequently, the Park transformation converts the αβ components into the synchronous
rotating dq reference frame according to the rotor electrical position. In this frame, the d-axis
current controls the magnetic flux, whereas the q-axis current regulates the electromagnetic
torque. After computing the voltage references and uq, the inverse Park transformation
is applied to obtain the αβ voltages, followed by the inverse Clarke transformation to
reconstruct the three-phase voltage references [24]. Finally, a Sinusoidal pulse-width
modulation (SPWM) technique generates the switching signals required to drive the three-
phase voltage source inverter.

2.4. Clarke Transformation

[
iα
iβ

]
=

2
3

[
1 − 1

2 − 1
2

0
√

3
2 −

√
3

2

]ia

ib
ic

 (7)

where ia, ib, and ic are the three-phase stator currents, while iα and iβ are the stationary
reference-frame current components obtained using the Clarke transformation.

2.5. Park Transformation [
id
iq

]
=

[
cos θe sin θe

−sin θe cos θe

][
iα

iβ

]
(8)
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where id and iq are the direct- and quadrature-axis stator current components in the syn-
chronous rotating reference frame, respectively, and θe denotes the electrical rotor position.

2.6. Inverse Park Transformation[
uα

uβ

]
=

[
cos θe −sin θe

sin θe cos θe

][
ud

uq

]
(9)

where ud and uq are the reference voltages in the synchronous reference frame, while uα

and uβ are the corresponding stationary reference-frame voltage components obtained
through the inverse Park transformation.

The resulting stationary reference-frame voltage components are subsequently trans-
formed into three-phase voltage references and supplied to the SPWM inverter, where
a high-frequency triangular carrier signal is employed to generate the gate pulses for
the three-phase voltage source inverter, ensuring accurate realization of the commanded
stator voltages.

The outer loop regulates the rotor speed by generating the reference q-axis current i∗q
based on the speed tracking error:

eω = ω∗ − ωm (10)

where ω∗ is the reference speed, and ωm is the actual speed.
The inner current loops regulate the d-axis and q-axis currents using PI controllers.

The d-axis reference current is set to zero (i∗d = 0) to ensure maximum torque per ampere
operation and improved efficiency, which is particularly important for electric vehicle
applications. The corresponding current tracking errors are defined as:

ed = i∗d − id (11)

eq = i∗q − iq (12)

The outputs of the current PI controllers generate the voltage commands ud and uq,
which are transformed back to the three-phase stationary reference frame and applied to
the inverter using a pulse-width modulation technique.

This cascaded FOC structure allows precise regulation of speed and currents, while
the performance of the overall system heavily depends on the proper tuning of the three
PI controllers. Consequently, an efficient and robust optimization strategy is required to
determine the optimal PI gains, as addressed in the following sections.

3. Problem Formulation and ITAE-Based Objective Function
This section formulates the PI controller tuning task for the FOC PMSM drive as a

constrained optimization problem. The control objectives are expressed in terms of the
rotor speed and stator current tracking errors, and an ITAE-based performance index is
introduced to reflect efficiency-oriented requirements of electric vehicle applications.

3.1. Control Objectives

The primary control objective of an electric vehicle PMSM drive is to ensure accurate
rotor speed tracking while maintaining efficient torque production and minimizing electri-
cal losses. Within the adopted field-oriented control framework, these objectives translate
into the following requirements:

1. Precise tracking of the reference rotor speed to guarantee drivability and a dy-
namic response.
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2. Accurate regulation of the q-axis current to ensure proportional torque generation.
3. Suppression of the d-axis current to zero in order to maximize efficiency and avoid

unnecessary magnetic and copper losses.

These requirements must be satisfied simultaneously under nonlinear system dynam-
ics, load torque disturbances, and operating conditions typical of electric vehicle propulsion
systems. Therefore, the tuning of the PI controllers associated with the speed loop and the
current loops is formulated as a multi-variable optimization problem.

Accordingly, the control objectives can be expressed as the simultaneous minimization
of the rotor speed tracking error eω, q-axis current tracking error eq, and d-axis current
tracking error ed. These error components constitute the basis of the proposed multi-error
ITAE objective function presented in Section 3.2.

3.2. Error Definitions and EV-Oriented Performance Criteria

In electric vehicle propulsion systems, control performance directly influences driv-
ability, energy efficiency, and thermal stress of the traction motor. Within the field-oriented
control framework, three tracking errors are of primary importance: the rotor speed error,
q-axis current error, and d-axis current error. These errors, respectively, reflect vehicle speed
regulation accuracy, torque production quality, and efficiency of magnetic utilization.

The rotor speed tracking error is defined as:

eω(t) = ω∗(t)− ωm(t) (13)

where ω∗(t) denotes the reference mechanical speed, and ωm(t) is the measured ro-
tor speed.

Accurate regulation of the q-axis current is essential for proportional electromagnetic
torque generation in PMSM drives. The corresponding tracking error is defined as:

eq(t) = i∗q (t)− iq(t) (14)

To ensure maximum efficiency and avoid unnecessary magnetic losses, the d-axis
reference current is set to zero for surface-mounted PMSMs. The d-axis current tracking
error is therefore given by:

ed(t) = i∗d(t)− id(t), i∗d(t) = 0 (15)

Simultaneous minimization of these three errors is required to achieve high-performance
and energy-efficient operation under the variable load and speed conditions characteristic
of electric vehicle driving cycles.

3.3. ITAE-Based Multi-Error Objective Function

In optimization-based controller tuning for PMSM drives, the selection of an appropri-
ate performance index plays a critical role in determining both transient and steady-state
behavior. Conventional indices such as the Integral of Squared Error (ISE) and the Integral
of Absolute Error (IAE) have been widely used; however, recent studies in motor-drive
control indicate that these criteria may not adequately reflect the operational requirements
of electric vehicle traction systems [25]. The ISE criterion excessively penalizes large initial
errors, which may lead to aggressive control actions and elevated current peaks, while the
IAE criterion assigns equal importance to early and late errors, potentially resulting in slow
convergence and prolonged steady-state deviations.

To address these limitations, this work adopts the Integral of Time-weighted Absolute
Error (ITAE) as the performance index for PI controller tuning. The ITAE criterion assigns
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progressively increasing weight to tracking errors that persist over time, thereby promot-
ing rapid error attenuation, improved damping of oscillatory behavior, and enhanced
steady-state convergence. Recent PMSM drive studies have demonstrated that ITAE-based
tuning leads to smoother speed and current responses and reduced steady-state oscillations
compared to conventional error criteria [26].

In electric vehicle PMSM drives, prolonged speed and current tracking errors are
particularly undesirable, as they increase copper losses, amplify torque ripple, and impose
additional stress on the power electronic inverter. By emphasizing late-stage error suppres-
sion, the ITAE criterion aligns the controller tuning process with efficiency-oriented and
reliability-driven objectives inherent to EV propulsion systems.

Accordingly, the proposed objective function is formulated as a weighted sum of the
ITAE terms associated with the rotor speed, q-axis current, and d-axis current tracking errors:

J =
T∫

0

t
(
w1 |eω(t)|+ w2

∣∣eq(t)
∣∣+ w3 |ed(t)|

)
dt (16)

where w1, w2, and w3 are weighting factors introduced to regulate the relative contribution
of the rotor speed, q-axis current, and d-axis current tracking errors, respectively. These
weighting factors account for the different magnitudes and control priorities of the three
error components and enable the optimization process to assign an appropriate level of
importance to each performance objective. The time-weighting factor t further emphasizes
errors that persist at later instants, thereby promoting rapid error attenuation and improved
settling behavior. Consequently, minimizing J simultaneously promotes accurate rotor-
speed tracking, effective q-axis current regulation, and proper d-axis current control in
the PMSM-based electric vehicle propulsion system [27]. As a result, the optimization
process exhibits improved robustness and convergence reliability for nonlinear PMSM
drive control problems.

3.4. Optimization of Variables and the Related Constraints

The PI controller tuning problem of the FOC-based PMSM drive is formulated as a
constrained optimization problem. The decision variables correspond to the proportional
and integral gains of the three PI controllers (speed, q-axis current, and d-axis current),
defined as:

x =
[
Kp,ω, Ki,ω, Kp,q, Ki,q, Kp,d, Ki,d

]
(17)

where x denotes the optimization decision vector containing the proportional and integral
gains of the speed, q-axis current, and d-axis current PI controllers.

To ensure stable and practical implementation of controllers, the PI gains are restricted
within predefined bounds:

Kmin
p,j ≤ Kp,j ≤ Kmax

p,j , Kmin
i,j ≤ Ki,j ≤ Kmax

i,j , j ∈ {ω, q, d} (18)

where Kmin
p,j and Kmax

p,j denote the lower and upper bounds of the proportional gain, respec-

tively, while Kmin
i,j and Kmax

i,j represent the corresponding bounds of the integral gain for
controller j, where j ∈ {ω, q, d}. The numerical values of these bounds are summarized in
Table 1.

To ensure a fair and stable optimization process, appropriate lower and upper bounds
were assigned to each PI controller parameter. The lower bound of 0.01 was selected to
avoid zero controller gains, which would disable the corresponding control action. The
upper bounds were selected based on iterative preliminary tuning and repeated simulation
trials to identify feasible search regions that guarantee stable controller operation. In

https://doi.org/10.3390/machines14090959

https://doi.org/10.3390/machines14090959


Machines 2026, 14, 959 9 of 33

particular, the current control loops exhibit significantly faster dynamics than the outer
speed control loop; therefore, wider search intervals were assigned to the integral gains of
the d-axis and q-axis current controllers. The selected bounds allow sufficient exploration
of the search space while preventing impractical controller gains and ensuring stable
closed-loop operation throughout the optimization process. The adopted search ranges are
summarized in Table 1.

Table 1. Search bounds of the PI controller parameters used during optimization.

PI Parameter Lower Bound Upper Bound

Kp,ω 0.01 0.70
Ki,ω 0.01 50
Kp,q 0.01 20
Ki,q 0.01 6650
Kp,d 0.01 20
Ki,d 0.01 6650

It can be observed from Table 1 that several optimized integral gains converge close
to their upper bounds. This behavior indicates that the selected search intervals were
sufficiently wide to allow the optimization algorithms to fully exploit the feasible search
space without imposing restrictive limits.

For each candidate solution, the PMSM drive is evaluated through time-domain
simulation using the normalized ITAE-based objective function defined in Section 3.3. The
resulting optimization problem is expressed as

minx(J(x)) (19)

subject to the PI gain constraints and the nonlinear PMSM system dynamics.
Optimization is performed offline, providing a consistent and fair framework for

comparing the performance and convergence behavior of different metaheuristic algorithms
under identical operating conditions.

The optimization framework adopted in this work is illustrated in Figure 3. The
objective function evaluates the speed, q-axis current, and d-axis current tracking errors,
while the optimization algorithm iteratively updates the gains of the three PI controllers to
minimize the overall ITAE-based performance index.

Figure 3. Proposed ITAE-based optimization framework for simultaneous tuning of the speed-loop
and current-loop PI controllers in the FOC PMSM drive.

https://doi.org/10.3390/machines14090959

https://doi.org/10.3390/machines14090959


Machines 2026, 14, 959 10 of 33

4. Implementation of Optimization Algorithms
The ITAE-based PI controller tuning problem formulated in Section 3 is solved using

five population-based metaheuristic optimization algorithms: Genetic Algorithm (GA),
Particle Swarm Optimization (PSO), Gray Wolf Optimizer (GWO), Gazelle Optimization
Algorithm (GOA), and White Shark Optimization (WSO). In all cases, each candidate
solution represents a vector containing the proportional and integral gains of the three PI
controllers employed in the FOC-based PMSM drive.

The optimization process is conducted offline using time-domain simulations of
the PMSM model. To ensure a fair and unbiased comparison, all algorithms share the
same decision variables, parameter bounds, normalized ITAE-based objective function,
simulation conditions, population size, and termination criteria. The overall optimization
procedure is illustrated by the corresponding flowcharts of each algorithm, while the
following subsections highlight only the algorithm-specific update mechanisms.

4.1. Genetic Algorithm (GA)

The Genetic Algorithm is an evolutionary optimization technique inspired by nat-
ural selection. In this work, each chromosome encodes a candidate set of PI controller
gains [28]. The algorithm begins with a randomly generated population and iteratively
evolves the solutions through selection, crossover, and mutation operations, as illustrated
in the flowchart of Figure 4.

 

Figure 4. GA flowchart.
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The fitness of each chromosome is evaluated using the ITAE-based objective function.
Selection favors individuals with lower fitness values, while crossover and mutation
introduce diversity and prevent premature convergence, enabling effective exploration of
the search space.

4.2. Particle Swarm Optimization (PSO)

Particle Swarm Optimization is a swarm intelligence algorithm that simulates the
social behavior of particles moving within a search space [29]. Each particle adjusts its
position by considering its own best experience and the best solution found by the swarm,
as presented in (17) and (18) and the flowchart shown in Figure 5.

 

Figure 5. PSO flowchart.

The velocity and position updates are governed by:

vk+1
i = wvk

i + c1r1(pk
i − xk

i ) + c2r2(gk − xk
i ) (20)

xk+1
i = xk

i + vk+1
i (21)

where xk
i and vk

i denote the position and velocity of the i-th particle at iteration k, respec-
tively; pi is the personal best position of the i-th particle; g is the global best position found
by the swarm; w is the inertia weight; c1 and c2 are the cognitive and social acceleration
coefficients, respectively; and r1 and r2 are uniformly distributed random numbers in the
interval [0, 1].
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4.3. Gray Wolf Optimizer (GWO)

The Gray Wolf Optimizer is inspired by the leadership hierarchy and hunting strategy
of gray wolves. The population is divided into four groups: alpha, beta, delta, and omega,
where the alpha wolf represents the best candidate solution [19]. Position updates are
guided by the three leading wolves, as depicted in Figure 6.

 

Figure 6. GWO flowchart.

The position update mechanism is defined as:

→
D =|

→
C ·

→
Xleader −

→
X | (22)

→
X(k + 1) =

→
Xleader −

→
A ·

→
D (23)

where denotes the current wolf position, Xleader represents the position of the leading wolf
(i.e., the best candidate solution), D is the distance vector between the current wolf and
the leader, and are coefficient vectors controlling the balance between exploration and
exploitation during the optimization process.

4.4. Gazelle Optimization Algorithm (GOA)
4.4.1. Population Initialization

GOA starts with a random distribution of a population of gazelles in the search domain.
This population includes a matrix X of size (n × d), with n being the number of gazelles
(search agents) and d being the dimensionality of the optimization problem. The rows in
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the matrix represent the location of one gazelle in the search space. The first population
matrix is represented as in Equation (24):

X =
X1,1

X2,1

X1,2

X2,2

. . . X1,d−1 X1,d

. . . X2,d−1 X2,d

...
... Xi,j

...
... Xn,1 Xn,2 . . . Xn,d−1 Xn,d (24)

where X ∈ Rn×d denotes the population matrix of gazelles, n is the population size (number
of gazelles), d is the dimensionality of the optimization problem, and each element Xi,j

represents the value of the j-th decision variable of the i-th gazelle.
Each element Xi,j in the matrix is determined using the following equation:

Xi,j = rand ∗
(
UBi − LBj

)
+ LBj (25)

where rand is a uniformly distributed random number in the interval [0, 1], UBj and
LBj denote the upper and lower bounds of the j-th decision variable, respectively, while
i ∈ {1, . . . , n} and j ∈ {1, . . . , d} denote the gazelle index and decision-variable index,
respectively.

The best solution obtained during the initialization stage is designated as the top-
ranked gazelle, around which an elite matrix of size (n × d) is constructed. This elite
matrix serves as a directional reference for the remaining gazelles throughout subsequent
iterations, enabling more efficient traversal of the search space.

4.4.2. Exploitation Phase

Within the GOA framework, both predators and gazelles are treated as search agents.
Upon detecting a potential threat, the gazelles initiate a coordinated evasive response even
before direct visual contact is established, as predators typically arrive after the gazelles
have already begun to move.

An optimum solution candidate may be found during the optimization process and
then substituted for the best-ranked gazelle in the matrix of the elite solution. This update
process is repeated iteration after iteration, allowing for iterative improvement of the solu-
tion set. The mathematical equation that regulates this phase is shown in Equation (23) [30].

gazellei+1 = gazellei + s.R.RB(elitei − RB.gazellei) (26)

where gazellei+1 is the updated position of the gazelle, gazellei is its current position, elitei

denotes the corresponding elite solution used as the search reference, s is the grazing speed
coefficient, R is a uniformly distributed random number in the interval [0, 1], and RB is
a uniformly distributed random vector used to perturb the search direction during the
exploitation phase.

In GOA, the predator–gazelle interaction constitutes the fundamental search mech-
anism that balances global exploration and local exploitation throughout the optimiza-
tion process. Predator behavior enhances local exploitation around promising solutions,
whereas the gazelles’ evasive movements promote global exploration. The interaction
between these complementary behaviors enables the algorithm to maintain an effective
balance between exploration and exploitation throughout the optimization process.

4.4.3. Exploration Phase

The exploration phase is activated as soon as the predator is detected. Gazelles respond
to this threat by tail flicking, foot stamping, and jumping all four limbs up to 2 m high, all
the time. This vertical jump is then normalized to a value between 0 and 1 in the GOA
formulation to allow it to be mathematically included in the exploration mechanism. The
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numerical description of the gazelle’s response when the predators are detected is given
as follows:

gazellei+1 = gazellei + S.R.RB(elitei − RB.gazellei) (27)

where S denotes the maximum normalized grazing velocity of the gazelle during the
exploration phase, elitei represents the corresponding elite solution, and RB is a uniformly
distributed random vector controlling the exploration direction.

The predator is modeled as pursuing the gazelle according to Equation (28), where
the cumulative effect of the predator is represented by:

gazellei+1 = gazellei + S.µ.R.RL(elitei − RL.gazellei) (28)

where RL is a random vector generated according to the Lévy distribution to introduce long-
distance exploratory movements, thereby enhancing the global search capability during
predator pursuit.

The probability of the gazelle escaping the predator is also factored into the algorithm
by the term called the Predator Success Rate (PSR), which lowers the likelihood of premature
convergence to a local optimum. The mathematical description of the predator–gazelle
interaction is given in Equation (29).

gazellei+1 = {gazellei + CF[LBi + R(UBi − LBi)] ∗ U i f r ≤ PSRs gazellei + [PSRs(1 − r) + r](gazeller1 − gazeller2) else (29)

where CF denotes the predator cumulative effect coefficient, which gradually decreases
with the iteration number to balance exploration and exploitation; PSR s represents the
Predator Success Rate threshold controlling the probability of switching between the two
update strategies; r1 and r2 denote two randomly selected gazelle indices used to generate
differential movements between candidate solutions; and U ∈ {0, 1}d is a binary decision
vector whose elements are determined according to the uniformly distributed random
number r ∈ [0, 1] as follows:

U =

{
0 i f r < 0.34
1 otherwise

The position of each gazelle is updated according to:

→
X

k+1

i =
→
X

k

i + α · rand · (
→
X

k

best −
→
X

k

i ) + β · Levy (30)

where Xk
best denotes the best solution identified up to iteration k, α and β are tunable

weighting coefficients controlling the contributions of the exploitation and exploration
terms, respectively, rand is a uniformly distributed random number in the interval [0, 1],
and Levy denotes the Lévy flight component that enhances the global exploration capability
of the algorithm.

The flowchart of the GOA is illustrated in Figure 7 and consists of four successive
steps, outlined as follows:

1. Initialization: A population of gazelles is generated, with each individual encoding a
set of (Kp, Ki) values randomly sampled within predefined bounds. The parameters
governing the balance between exploration and exploitation are also established at
this stage.

2. Fitness Assessment: For each gazelle, the system is simulated, and a fitness measure
(ITAE) is calculated to determine which of the currently available solutions is best.

3. Position Updating: Two mechanisms are used for updating the positions of gazelles,
exploration and exploitation:
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• Exploration: where gazelles move away from the predators detected in their
vicinity to a random safe region, which increases the diversity of the search.

• Exploitation: where gazelles incrementally adjust their position towards the
better performer and the herd center by using smaller step sizes for refining the
solutions.

• Boundary constraints are imposed, and the elite gazelle is preserved.

4. Termination: The best Kp and Ki values are obtained in the final elite gazelle.

 

Figure 7. GOA flowchart.

4.5. White Shark Optimization (WSO)

White Shark Optimization is a swarm-based metaheuristic inspired by the cooperative
hunting behavior of white sharks. The biological inspiration behind the White Shark
Optimization algorithm is derived from the exceptional hunting and sensing capabilities
of white sharks [31]. As illustrated in Figure 8, white sharks utilize multiple sensing
mechanisms, including electrical perception, vision, smell, pressure sensing, and hearing, to
detect prey over different spatial ranges. This multi-sensory behavior motivates the balance
between local exploitation and global exploration in the WSO search process, enabling
efficient navigation toward optimal solutions in complex optimization problems [32].

The White Shark Optimization (WSO) algorithm is a population-based metaheuristic
inspired by the hunting strategy and social behavior of great white sharks. The algorithm
alternates between exploration and exploitation through velocity updating, position updat-
ing, movement toward the best shark, and fish-schooling behavior. The velocity of each
white shark is updated according to:

vk
j = µ

[
vk−1

j + p1

(
wgbest,k−1wk

j

)
× c1 + p2

(
wj,k−1

best wk−1
j

)
× c2

]
(31)
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where j = 1, 2, . . . , n denotes the white shark index; vk
j is the updated velocity of the

j-th white shark at iteration k; wk−1
gbest is the global best solution obtained up to iteration

k − 1; wj,k−1
best is the personal best position of the j-th white shark; c1 and c2 are uniformly

distributed random numbers in [0, 1]; and p1, p2, and µ are adaptive coefficients computed
according to the original WSO formulation [32].

Figure 8. Sensory perception ranges of white sharks used as biological inspiration for the White
Shark Optimization (WSO) algorithm.

After updating the velocity, the position of each white shark is modified as follows:

wk
j =

wk−1
j ⊕ Φw0 + u · x + l · y, rand < mv

wk−1
j +

vk−1
j
f , rand ≥ mv

(32)

where wk
j denotes the updated position of the j-th white shark at iteration k. The binary

vectors, logical operators, oscillation frequency, movement force, and auxiliary variables
used in the position update follow the original WSO formulation described in [32].

To improve the exploitation capability, each shark moves toward the best-performing
shark in the population according to:

wj
k = wgbest,k−1 + r1D̄w sgn(r2 − 0.5)r3 < s, (33)

where wj
k is the updated position of the jth white shark with respect to the location of the

prey; sgn(r2 − 0.5) provides either 1 or −1 to reverse the direction of the search; r1, r2, and
r3 are normally distributed numbers between [0, 1]; the distance between the prey and
white shark is illustrated by D̄w, as represented by (31); and s demonstrates the efficacy of
olfaction and vision in white sharks as they track other white sharks that are in proximity
to ideal food.

D̄w =| rand × (wgbest,k−1wj
k−1) |, (34)

where D̄w represents the distance between the prey and the white shark, and rand is a
random number in the interval [0, 1] according to [32].

Finally, fish-schooling behavior is employed to update the position of each white shark
and guide the population toward promising regions of the search space:

wj
k =

wj
k−1+wj

k
2 rand

(35)
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where wi
k denotes the updated position obtained through the fish-schooling strategy. The

complete formulation of this mechanism is implemented according to the original WSO
algorithm [32].

This mechanism enables the WSO algorithm to maintain a balance between global
exploration and local exploitation, thereby enhancing convergence speed and solution
quality. The WSO flowchart is shown in Figure 9.

 

Figure 9. WSO flowchart.

The parameter settings adopted for the investigated optimization algorithms are
summarized in Table 2. Unless otherwise stated, the parameters were selected according to
the standard implementations of the corresponding optimization algorithms to ensure a
consistent comparative evaluation.
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Table 2. Parameter settings of the optimization algorithms investigated.

Algorithm Parameter Symbol Value

All Algorithms Population size N 20
Maximum iterations Tmax 100

PSO Inertia weight w Linearly decreased from 1.0 to 0.1
Cognitive coefficient c1 2
Social coefficient c2 2
Maximum velocity Vmax 0.2 × (ub − lb)
Minimum velocity Vmin −Vmax

GA Crossover probability Pc 0.8
Mutation probability Pm 0.2
Mutation step size µ 0.1

GWO Control parameter a Linearly decreased from 2 to 0

WSO Control parameter a Linearly decreased from 2 to 0

GOA Control parameter c Linearly decreased from 3 to 0

The comparative evaluation presented in the following section serves two comple-
mentary purposes. First, it validates the effectiveness of the proposed multi-error ITAE
optimization framework by applying different metaheuristic optimization algorithms under
identical optimization settings and performance criteria. Second, it identifies the optimiza-
tion algorithm that provides the most effective PI controller tuning for the investigated
FOC-controlled PMSM drive. Therefore, the comparative results presented in the following
section evaluate both the general applicability of the proposed optimization framework
and the relative performance of the investigated optimization algorithms.

5. Results and Discussion
To validate the proposed multi-error ITAE optimization framework, comprehensive

MATLAB/Simulink simulations were carried out on the FOC-controlled PMSM drive.
Five metaheuristic optimization algorithms, namely Genetic Algorithm (GA), Particle
Swarm Optimization (PSO), Gray Wolf Optimizer (GWO), Gazelle Optimization Algorithm
(GOA), and White Shark Optimization (WSO), were employed to determine the optimal
PI controller parameters. The motor parameters are illustrated in Table 3. Five simulation
scenarios were considered to assess reference speed tracking capabilities, load disturbance
rejection performance, and variable-speed operations representative of practical electric
vehicle driving conditions.

Table 3. Parameters of PMSM [33].

Parameter Symbol Value and Units

Inertia moment J 3.5 × 10−5 kgm2

Nominal voltage v 200 V
Stator resistance rs 2.6 Ω
Stator inductance d Ld 6.73 mH
Stator inductance q Lq 6.73 mH
Magnetic flux λm 0.319 Wb
Pole pairs np 4

The PMSM parameters were adopted from the benchmark model reported in [33].
The referenced benchmark model does not explicitly specify rated operating conditions;
therefore, controller optimization and the original comparative evaluation were performed
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using predefined reference-speed and load profiles. To further address the validation under
rated operating conditions, an additional validation case was subsequently considered
using the rated speed and load torque reported in [34], as described in Section 5.2. These
rated operating values are used solely to define the additional validation condition and do
not modify the PMSM parameters adopted from the benchmark model in [33].

5.1. Reference Speed Tracking Performance

The optimization process was carried out using a step reference speed of 150 rad/s un-
der a constant load torque of 9.5 Nm. The PI controller gains were obtained by minimizing
the proposed ITAE-based objective function under this operating condition. Subsequently,
the optimized controller parameters were validated and comparatively evaluated under ad-
ditional operating scenarios, including reference speed tracking, load disturbance rejection,
and variable-speed operation, to assess their overall dynamic performance.

The convergence characteristics of the objective function for all optimization algo-
rithms are presented in Figure 10. It can be observed that WSO achieved the lowest
objective function value and demonstrated the fastest convergence among all investigated
algorithms, indicating its superior optimization capability for the proposed ITAE-based
objective function. The optimized PI controller gains obtained from each optimization algo-
rithm are listed in Table 4, while the resulting dynamic performance indices are summarized
in Table 5.

Figure 10. Convergence characteristics of the ITAE-based objective function for different optimiza-
tion algorithms.

Table 4. Optimal PI gain values generated by different metaheuristic optimization algorithms.

KpÑ KiÑ Kpq Kiq Kpd Kid

GA 0.7000 36.227 11.743 6649.323 14.6232 6648.44

GOA 0.697 35.657 11.435 6645.566 3.1648 4489.715

GWO 0.699 37.497 13.34 6632.062 14.144 6302.037

WSO 0.5617 40.285 19.445 6649.998 19.032 5256.780

PSO 0.589 37.0287 14.335 6598.180 10.137 5322.597
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Table 5. Comparative dynamic performance of the PMSM drive during reference speed tracking.

Row Rise Time (s) Settling Time (s) Overshoot SSE RMSE ITAE Peak Torque (Nm) Run Time (s)

WSO 0.00052 0.00705 0 1.95 × 10−9 4.83887 0.00022697 16.77848 11,605.47236

GOA 0.0009 0.00485 0 7.88× 10−8 5.97404 0.00023389 14.76209 11,686.16107

GWO 0.00077 0.00521 0 4.75 × 10−8 5.589851 0.00023569 15.11135 11,726.18469

GA 0.00087 0.00482 0 6.29 × 10−8 5.899549 0.00036663 14.81693 11,776.36758

PSO 0.00072 0.00592 0 7.11 × 10−8 5.468193 0.00027116 15.32205 11,626.15679

In addition to the convergence characteristics, the computational runtime of each
optimization algorithm was also recorded. As summarized in Table 5, all investigated
algorithms required comparable execution times because they were implemented using
the same high-fidelity MATLAB/Simulink model, objective function, population size, and
maximum number of iterations. The observed runtime differences were therefore relatively
small and mainly attributed to the inherent search behavior of each optimization algorithm.

The dynamic performance indices were calculated offline from the exported Simulink
responses using a dedicated MATLAB 2022b (9.13.2049777) post-processing script. The
rise time was defined as the time required for the speed response to increase from 10% to
90% of the reference value, while the settling time was determined using a ±2% settling
band. The overshoot was computed from the maximum speed deviation relative to the
reference value.

The corresponding speed and electromagnetic torque responses are illustrated in
Figures 11 and 12, respectively.

Figure 11. Rotor speed tracking responses under step reference input.

Table 5 demonstrates the effectiveness of the proposed multi-error ITAE optimiza-
tion framework in improving the reference speed tracking performance under identical
optimization settings. All optimized controllers successfully tracked the reference speed
with zero overshoot and negligible steady-state error, confirming the effectiveness of the
proposed framework, regardless of the selected optimization algorithm. However, notice-
able differences were observed in the transient and tracking performance. Among the
investigated optimization algorithms, WSO achieved the best overall tracking performance,
yielding the lowest RMSE (4.83887 rad/s), minimum ITAE (2.2697 × 10−4), and shortest
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optimization runtime (11,605.47 s). These results correspond to RMSE reductions of 18.39%,
13.43%, 17.98%, and 11.51% relative to the GOA, GWO, GA, and PSO, respectively. Like-
wise, the ITAE was reduced by 2.96%, 3.70%, 38.09%, and 16.30%, respectively. Although
the GA and GOA exhibited slightly shorter settling times (0.00482 s and 0.00485 s, respec-
tively), WSO provided the fastest rise time (0.00052 s) while maintaining excellent tracking
accuracy and stable dynamic performance. These findings demonstrate that the proposed
multi-error ITAE optimization framework provides accurate and reliable reference speed
tracking, with White Shark Optimization representing the most effective optimization
algorithm among the investigated methods for implementing the proposed framework
under nominal operating conditions.

Figure 12. Electromagnetic torque responses during reference speed tracking.

5.2. Load Disturbance Rejection Performance

The disturbance rejection capability of the optimized controllers was investigated
using successive load torque variations applied during operation. Specifically, the load
torque was sequentially varied from 0.5 Nm to 9.5 Nm, then increased to 15 Nm, and
finally reduced to 5 Nm to evaluate the controllers’ ability to reject external load distur-
bances under different loading conditions. Figure 13 presents the rotor speed responses,
while Figure 14 illustrates the relationship between the applied load torque and the de-
veloped electromagnetic torque. Figure 15 shows the corresponding three-phase stator
current responses.

Table 6 summarizes the disturbance rejection performance of the investigated con-
trollers. Speed Dip 1 and Speed Dip 2 denote the maximum speed reductions following the
first and second load disturbances, respectively. Speed Overshoot represents the maximum
positive speed deviation after the third disturbance, while Recovery Time 1–3 denote the
corresponding recovery times required for the speed response to re-enter and remain within
the ±2% settling band (the electrical performance indicators are provided in Table 7). A
comparative visualization of the disturbance rejection indices is presented in Figure 16.
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Figure 13. Rotor speed responses under successive load torque disturbances.

Figure 14. Three-phase stator current responses during load disturbance rejection.

Table 6. Load disturbance rejection performance metrics.

Row Speed Dip1
(rad/s)

Speed Dip2
(rad/s) Overshoot Recovery

Time 1 (s)
Recovery
Time 2 (s)

Recovery
Time 3 (s) ITAE

WSO 27.67945 16.66863 30.30685 0.01435 0.00737 0.01582 0.410616

GOA 33.02933 19.54793 34.32776 0.01556 0.0061 0.01801 0.484694

GWO 30.51469 18.1272 32.20118 0.01486 0.00572 0.01706 0.454006

GA 32.5538 19.26819 33.90137 0.0153 0.00607 0.01769 0.476392

PSO 31.11792 18.69682 33.83977 0.01557 0.00752 0.01733 0.454348
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Figure 15. Comparison of peak torque and rms current under load disturbance conditions.

Table 7. Electrical performance metrics under load disturbance conditions.

Row Peak Torque (Nm) Torque RMS (Nm) RMS Current (A) Peak Current (A)

WSO 18.42466 8.303905 4.338694 9.629696

GOA 19.06636 8.304331 4.339581 9.970108

GWO 18.93363 8.304133 4.338841 9.89801

GA 19.04568 8.304283 4.338905 9.956574

PSO 18.7824 8.304048 4.338909 9.81874

Tables 6 and 7 further demonstrate the effectiveness of the proposed multi-error ITAE
optimization framework under load disturbance conditions. All optimized controllers
maintained stable operation and successfully recovered from the applied load disturbances,
confirming the robustness of the proposed framework under identical optimization set-
tings. Among the optimization algorithms investigated, WSO achieved the best overall
disturbance rejection performance, recording the lowest ITAE of 0.4106, corresponding to
reductions of 15.28%, 9.56%, 13.81%, and 9.62% compared with the GOA, GWO, GA, and
PSO, respectively. Furthermore, WSO produced the lowest peak current of 9.63 A, repre-
senting reductions of 3.41%, 2.71%, 3.28%, and 1.93%, respectively, together with the lowest
peak electromagnetic torque, torque RMS, and RMS current, indicating reduced electrical
stress on the PMSM drive. These results demonstrate that the proposed multi-error ITAE
optimization effectively enhances disturbance rejection while minimizing electrical stress,
with White Shark Optimization providing the most effective implementation among the
optimization algorithms investigated.
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Figure 16. Quantitative comparison of load disturbance rejection performance.

5.3. Variable-Speed Tracking Performance

To emulate realistic electric vehicle operating conditions, the PMSM drive was eval-
uated under multiple speed transitions while maintaining a constant load torque of
9.5 Nm. The reference speed profile consisted of four successive operating points, namely
150→100 rad/s, 100→175 rad/s, 175→125 rad/s, and 125→150 rad/s. The resulting speed
responses are shown in Figure 17, while the corresponding performance metrics are sum-
marized in Table 8.

Figure 17. Rotor speed responses under multiple variable-speed reference transitions.
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Table 8. Performance comparison of optimization algorithms under variable-speed tracking conditions.

RMSE ITAE ISE Peak Torque (Nm) RMS Current (A) Rank

WSO 0.959877 0.171589 2.257343 19.33465 4.964852 1

GOA 1.139918 0.223556 3.183561 16.93308 4.965042 5

GWO 1.077007 0.199575 2.841866 17.58638 4.964905 3

GA 1.126147 0.218095 3.10711 17.05643 4.964911 4

PSO 1.055766 0.197525 2.730874 17.86442 4.964832 2

Table 8 confirms the effectiveness of the proposed multi-error ITAE optimization
framework under variable-speed operating conditions. When implemented using different
optimization algorithms under identical optimization settings, the proposed framework
consistently provided accurate and stable controller performance. Among the investigated
optimization algorithms, WSO achieved the lowest RMSE (0.96 rad/s), ITAE (0.1716), and
ISE (2.2573), corresponding to RMSE reductions of 15.82%, 10.97%, 14.07%, and 9.08%
relative to the GOA, GWO, GA, and PSO, respectively. Similarly, the ITAE was reduced
by 23.55%, 14.03%, 21.76%, and 12.99%, respectively. Furthermore, WSO maintained a
comparable RMS current while achieving the best overall performance ranking, confirming
that the proposed optimization framework provides superior variable-speed tracking,
with White Shark Optimization representing the most effective optimization algorithm for
implementing the proposed framework.

No instability was observed in any of the controllers in response to the different
reference commands. However, there were some significant variations in the quality of
tracking between the algorithms. As highlighted through these results, the performance of
WSO, under variable-speed operating conditions, is the most favorable one with respect
to the other considered techniques in terms of tracking accuracy, dynamic response, and
control effort.

5.4. Validation at the Rated Operating Point

To further assess the performance of the optimized controller under rated operating
conditions, an additional validation case was conducted at a reference speed of rad/s
(1800 rpm) and a load torque of 4 Nm. The WSO-based PI controller gains obtained during
the optimization process at a reference speed of 150 rad/s and a constant load torque
of 9.5 Nm were retained without any retuning. Therefore, this test evaluates the ability
of the optimized controller to maintain satisfactory speed regulation under an operating
condition different from that used during the optimization process. The corresponding
rotor-speed response is presented in Figure 18, while the resulting dynamic performance
indices are summarized in Table 9. As shown in Figure 18, the actual rotor speed rapidly
converges to the reference value of 188.5 rad/s and remains closely regulated around the
desired operating point throughout the simulation. As reported in Table 9, the controller
achieves a rise time of 0.00044 s and a settling time of 0.00386 s, with an overshoot of
2.0755%. The steady-state error is practically negligible at rad/s, while the RMSE and ITAE
are 1.98615 rad/s and, respectively. The peak electromagnetic torque reaches 14.8351 Nm
during the transient response. These results demonstrate that the optimized WSO controller
maintains stable and accurate speed regulation at the rated validation operating point
without requiring controller retuning.
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Figure 18. Rotor speed response of the WSO-based PMSM drive at the rated point.

Table 9. Dynamic performance of the WSO-based PMSM drive at the rated operating point.

Performance Metric WSO

Reference speed (rad/s) 188.50
Reference speed (rpm) 1800.04
Load torque (Nm) 4
Rise time (s) 0.00044
Settling time (s) 0.00386
Overshoot (%) 2.0755
SSE (rad/s) 1.5335 × 10−8

RMSE (rad/s) 1.98615
ITAE 1.1783 × 10−3

Peak electromagnetic torque (Nm) 14.8351

5.5. Validation Under WLTC Class 3 Driving Cycle

To further demonstrate the applicability of the proposed multi-error ITAE optimization
framework to electric vehicle propulsion systems, an additional validation was conducted
using the standardized WLTC Class 3 (Low phase) driving cycle [35]. Since the developed
model represents the PMSM drive rather than the complete vehicle longitudinal dynamics,
the WLTC speed profile was normalized and scaled to the maximum reference speed of
180 rad/s while preserving its original temporal characteristics. This validation complements
the previously presented step-response, load disturbance, and variable-speed investigations
by assessing the controller under a representative electric vehicle driving cycle.

Figure 19 illustrates the reference and actual motor speed profiles under the WLTC
Class 3 driving cycle. The WSO-tuned PI controller accurately tracks the continuously
varying reference throughout the entire 589 s driving cycle with negligible tracking devia-
tion, demonstrating excellent dynamic performance under representative electric vehicle
operating conditions.

The quantitative performance indices are summarized in Table 10. The proposed
controller achieved an RMSE of 0.0340 rad/s and an ITAE of 0.1296, indicating highly accu-
rate speed tracking throughout the complete driving cycle. The close agreement between
the reference and actual speed trajectories, together with the low accumulated tracking
error, further confirms the effectiveness of the proposed multi-error ITAE optimization
framework for electric vehicle drive applications under realistic operating conditions.
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Figure 19. Speed tracking performance under the WLTC Class 3 driving cycle.

Table 10. Performance metrics under the WLTC Class 3 driving cycle.

Performance Metric Value

Drive Cycle WLTC Class 3 (Low Phase)
Duration (s) 589
Maximum Reference Speed (rad/s) 180
RMSE (rad/s) 0.0340
ITAE 0.1296

5.6. Robustness Analysis Under Parameter Uncertainties

To further assess whether the optimized WSO-based PI controller remains stable and
effective beyond the nominal conditions used during the optimization process, a parameter
sensitivity analysis was conducted by introducing ±20% variations in stator resistance (Rs)
and rotor inertia (J), while maintaining the optimized controller parameters unchanged
and without any retuning. These parameter variations represent possible modeling uncer-
tainties, parameter deviations due to manufacturing tolerances, and changes caused by
thermal or mechanical operating conditions. The objective of this analysis is to evaluate
whether the resulting closed-loop system can preserve stable operation and accurate speed
tracking when the PMSM parameters deviate significantly from their nominal values used
during the optimization process.

Figure 20 illustrates the speed responses obtained under ±20% variations in stator
resistance. It can be observed that the proposed controller preserves excellent tracking per-
formance for all investigated cases. The three speed responses almost overlap throughout
the entire operating interval, while the zoomed view confirms only negligible differences
during the initial transient period. The corresponding quantitative performance indices
are summarized in Table 11. The maximum variation in RMSE is only 0.22%, whereas
the settling time remains approximately constant around 7.55 ms. These results indicate
that the proposed controller exhibits very low sensitivity to electrical parameter variations,
confirming its robustness against stator resistance uncertainties.

https://doi.org/10.3390/machines14090959

https://doi.org/10.3390/machines14090959


Machines 2026, 14, 959 28 of 33

0 0.5 1 1.5 2 2.5

Time (s)

0

50

100

150

S
pe

ed
 (r

ad
/s

)

Reference

Nominal

Rs +20%

Rs -20%0 0.002 0.004 0.006 0.008 0.01
0

50

100

150

Figure 20. Robustness analysis of the proposed controller under ±20% stator resistance (Rs) variations.

Table 11. Performance metrics under stator resistance variations.

Case RMSE ∆RMSE (%) ITAE ∆ITAE (%) Settling (ms)

Nominal 1.5297 0.00 0.0004816 0.00 7.552
Rs +20% 1.5330 +0.22 0.0004702 −2.37 7.531
Rs −20% 1.5266 −0.20 0.0004928 +2.33 7.571

Figure 21 presents the robustness evaluation under ±20% variations in the rotor
inertia. As expected, changes in the mechanical inertia produce slightly larger deviations
than those observed for the stator resistance because the inertia directly influences the
mechanical dynamics of the drive system. Nevertheless, all responses remain stable with
fast convergence and accurate reference tracking. As summarized in Table 12, the maximum
variation in RMSE is below 5%, while the settling time changes only slightly, remaining
within the range of 7.24–7.76 ms. These results demonstrate that the proposed controller
maintains stable closed-loop operation and satisfactory dynamic performance, even under
considerable mechanical parameter uncertainties, without requiring any modification of
the optimized controller gains.
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Figure 21. Robustness analysis of the proposed controller under ±20% rotor inertia (J) variations.
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Table 12. Performance metrics under rotor inertia variations.

Case RMSE ∆RMSE (%) ITAE ∆ITAE (%) Settling (ms)

Nominal 1.5297 0.00 0.0004816 0.00 7.552
J +20% 1.6050 +4.92 0.0003988 −17.20 7.243
J −20% 1.4659 −4.17 0.0005342 +10.92 7.755

Overall, the robustness analysis confirms that the proposed WSO-based tuning ap-
proach provides a controller capable of maintaining stable and accurate speed regulation
despite significant electrical and mechanical parameter variations. In conjunction with the
additional rated-operating-point validation presented in Section 5.4, these results demon-
strate that the optimized controller is not limited to the nominal optimization condition
and remains effective when the operating condition and PMSM parameters deviate from
those used during controller tuning. No retuning of the optimized gains was performed in
these additional validation and robustness cases.

5.7. Performance Assessment

The comparative evaluation conducted across the three simulation scenarios demon-
strates the effectiveness of the proposed multi-error ITAE optimization framework for
simultaneous PI controller tuning in FOC-controlled PMSM drives. When implemented
using different metaheuristic optimization algorithms under identical optimization settings,
the proposed framework consistently achieved accurate reference tracking, effective load
disturbance rejection, and satisfactory variable-speed operation, confirming its applicability
for high-performance electric vehicle drive systems.

Among the investigated optimization algorithms, White Shark Optimization (WSO)
provided the most effective implementation of the proposed framework, achieving the
best overall performance in terms of tracking accuracy, disturbance rejection, and dynamic
response. WSO consistently produced the lowest tracking errors and superior performance
indices while maintaining reduced electrical stress on the PMSM drive. These results indi-
cate that the proposed optimization framework is capable of improving overall controller
performance, with WSO representing the most suitable optimization algorithm among the
investigated methods for implementing the proposed framework.

6. Limitations and Future Research Directions
While the proposed optimization framework demonstrated promising performance

under various operating conditions, several aspects remain open for further investigation
to broaden the scope and practical applicability of the present study.

Although all optimization algorithms were evaluated using the same objective func-
tion, decision variables, search bounds, population size, and maximum number of iterations,
each optimizer retained its original search and population initialization mechanisms ac-
cording to its standard implementation. Consequently, the convergence curves may start
with different initial objective function values. Future studies may adopt identical fitness
evaluation budgets and common initial populations to further strengthen the fairness and
consistency of algorithmic benchmarking.

The present comparative evaluation was conducted using a single optimization run for
each investigated metaheuristic algorithm. Although all algorithms were evaluated under
identical optimization settings, additional statistical validation based on multiple indepen-
dent runs would further strengthen the reliability of the comparative assessment. Owing
to the use of a high-fidelity MATLAB/Simulink model of the complete FOC-controlled
PMSM drive, each optimization run requires repeated time-domain simulations of the
entire drive system, resulting in a substantial computational burden. Consequently, com-
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prehensive statistical analyses involving multiple independent runs and significance tests
(e.g., Wilcoxon rank-sum or Friedman tests) were beyond the scope of the present study
and are considered an important direction for future research.

Although the proposed controller demonstrated stable operation under comprehen-
sive time-domain validation, including the WLTC driving cycle and robustness analysis,
explicit frequency-domain stability analysis (e.g., Bode or Nyquist) was beyond the scope
of this study and will be considered in future work.

Furthermore, the present study employs an average-value inverter model within
a speed-controlled FOC architecture to evaluate the proposed optimization framework.
Consequently, inverter switching dynamics are not represented, and switching-induced
torque quality metrics, such as electromagnetic torque ripple, cannot be evaluated within
the adopted simulation model. In addition, since the primary control objective is rotor
speed regulation rather than direct torque tracking, torque RMS error is not considered
an appropriate performance metric for the adopted control architecture. Future work will
therefore extend the proposed framework to a detailed switching-inverter model to enable
comprehensive torque quality assessment under practical operating conditions.

Although the proposed ITAE-based optimization framework demonstrated promising
performance under comprehensive MATLAB/Simulink simulations, the present study
has not yet been validated through real-time implementation. To clarify the practical
implementation pathway of the proposed methodology, a basic DSP-based implementation
scheme is presented in Figure 22. The optimized PI controller parameters, obtained offline
through the MATLAB/Simulink-based optimization process, can be transferred to the DSP
controller for real-time execution. As illustrated in Figure 22, the DSP receives the measured
phase currents through the current-sensing and A/D interfaces, while the rotor position
and speed are obtained through the encoder interface. The measured phase currents are
transformed into the reference frame, and the control algorithm generates the required
voltage references based on the speed and current control loops. The resulting control
commands are then converted into PWM signals and applied through the gate-driver and
inverter stages to the PMSM. WSO remains an offline stage, whereas the DSP is responsible
for the real-time execution of the optimized control law.

 

Figure 22. Basic DSP implementation scheme of the proposed WSO-tuned FOC PMSM drive.
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Future work will focus on experimental verification using Hardware-in-the-Loop
(HIL), DSP-based control platforms, and a laboratory PMSM testbench to further evalu-
ate the practical applicability, robustness, and implementation feasibility of the proposed
controller tuning strategy under realistic operating conditions. Such experimental valida-
tion would also enable the assessment of practical issues, including measurement noise,
parameter uncertainties, computational delays, and hardware nonidealities, which cannot
be fully captured by simulation alone.

7. Conclusions
This paper presented a multi-error ITAE-based optimization framework for simul-

taneous tuning of the speed and current PI controllers in a field-oriented control (FOC)
PMSM drive intended for electric vehicle applications. Unlike conventional tuning ap-
proaches that optimize a single performance index, the proposed framework minimizes a
composite objective function that simultaneously considers the rotor speed, q-axis current,
and d-axis current tracking errors, thereby improving both dynamic response and control
accuracy. To validate the proposed framework, five metaheuristic optimization algorithms
(GA, PSO, GWO, GOA, and WSO) were employed under identical optimization settings
and evaluated through three representative operating scenarios, namely reference-speed
tracking, load disturbance rejection, and variable-speed operation. The simulation results
demonstrated that the proposed optimization framework consistently produced stable
and effective controller tuning, regardless of the selected optimizer, confirming its appli-
cability for high-performance PMSM drive systems. Among the optimization algorithms
investigated, White Shark Optimization (WSO) achieved the best overall performance.
It produced the lowest tracking errors, superior disturbance rejection, reduced electrical
stress, and the best dynamic response across the investigated operating conditions. In
particular, WSO achieved the lowest RMSE of 0.96 rad/s during the variable-speed oper-
ating scenario, confirming its suitability as the most effective optimizer for the proposed
optimization framework. Overall, the obtained results demonstrate that the proposed
multi-error ITAE optimization framework provides an effective and systematic approach
for PI controller tuning in FOC-controlled PMSM drives, while WSO represents the most
suitable optimization algorithm among the investigated methods for implementing this
framework. Future work will focus on real-time experimental validation using Hardware-
in-the-Loop (HIL), DSP-based control platforms, and laboratory PMSM test benches to
further investigate robustness, implementation feasibility, and practical performance under
realistic operating conditions, including parameter uncertainties, measurement noise, and
computational delays. This future direction is consistent with the limitations identified in
the present study.
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