


technologies in wind energy conversion systems. Unlike
fixed-speed induction generators, such as the Squirrel
Cage Induction Generator (SCIG), the DFIG offers
variable-speed operation, enabling more efficient wind
energy extraction and improved system performance [4,5].

The DFIG architecture employs a pair of converters, the
Grid-Side Converter (GSC) and the Rotor-Side Converter
(RSC), which work in tandem to generate electricity
efficiently. The GSC ensures a consistent DC-link voltage
that serves as the RSC’s voltage source, and the RSC
controls the active and reactive power output by
modulating the magnetization currents in the rotor
windings, enabling precise regulation of the stator’s power
delivery [5,6]. Furthermore, the GSC is versatile in that it
can compensate for reactive power and manage unstable
conditions, such as the removal of reactive power pulses.
The complex cooperation of these converters, each with
unique features, underscores the importance of carefully
selecting control parameters for optimizing the
performance [5].

In the last few decades, a variety of control techniques,
including both conventional and stochastic models, have
made significant advancements in contemporary industry.
The most popular of these is the Proportional Integral-
Derivative (PID) regulator, which is recognised as a
reliable, simple-structured controller capable of adapting
to various operating circumstances [7]. Because PID
controllers are easy to install, they are widely used;
however, their limitations sometimes pose difficulties
when dealing with complex dynamics in industry [8].
Thus, researchers have been developing alternatives to
address these limitations.

In consideration of WECS, [9] tackled the issue of Sub-
Synchronous Interactions (SSI) in grid-connected DFIG
wind turbines. Leveraging an optimization model driven
by non-dominated sorting genetic algorithms and t-
distributed stochastic neighbour embedding, this study
explored optimal PI parameter ranges for oscillation
restraint and damping augmentation. Simulation and
practical experimentation underscored the efficacy of this
approach in quelling SSI, offering promise for power
system stability while integrating wind power. Expanding
on these advancements, [10] Prakash et al. employed
Bacterial Foraging Optimization (BFO) and Particle
Swarm Optimization (PSO) algorithms to optimize the
DFIG control system, furnishing invaluable insights and a
simulation-based performance analysis as a basis for
future advancements. With the same algorithms used in
the previous work, Bakir et al. [5] provided simulation
results and validated them with experiments. Similarly, a
metaheuristics-based design leveraging the Thermal
Exchange Optimization (TEO) algorithm for tuning PI
controllers in direct power control schemes, backed by
statistical analyses showcasing its competitive
performance in tackling global optimization problems,
was presented in [6].

In parallel with optimization-based tuning techniques,
intelligent control strategies have attracted considerable
attention for improving the performance of systems under

varying operating conditions. In this context, fuzzy logic
has been widely integrated with conventional controllers
to enhance adaptability and robustness. A fuzzy logic self-
adaptive PI controller was proposed in [11], where
comparative analyses with conventional PI and fuzzy logic
controllers demonstrated improved reduction of steady-
state errors, current fluctuations, and total harmonic
distortion, while maintaining satisfactory dynamic
performance under parameter uncertainties and random
wind variations. Similarly, a hybrid PID-Fuzzy Logic
controller was investigated for grid-connected DFIG
systems in [12], exhibiting superior tracking accuracy,
stability, and robustness compared with conventional PI-
based control structures. Moreover, advanced control
techniques such as Finite-Control-Set Model Predictive
Control (FCS-MPC) were explored. In [13], a comparative
study between FCS-MPC and a fuzzy self-adaptive PI
controller revealed that predictive control provided
enhanced accuracy, robustness, and reduced power
fluctuations over a wide range of operating conditions.
These developments highlight the ongoing efforts to
improve the dynamic performance and robustness of
DFIG control systems through the integration of
intelligent and advanced control methodologies.

Despite the widespread use and reliability of PID
controllers, their effectiveness can be limited when dealing
with complex dynamics [8]. In such scenarios, researchers
have sought to augment control methodologies to
overcome these limitations and achieve superior
performance. One notable advancement in this regard,
presented by Podlubny, is the FOPID controller [14]. By
integrating principles of fractional calculus into the
traditional PID framework, FOPID controllers offer
enhanced adaptability and precision, making them a well
suited alternative for modern industrial processes. This
innovation led to active exploration of FOPID control
strategies across various systems.

Within this framework, Asgharnia et al. [15] introduced
optimal fuzzy PID and fractional-order fuzzy PID
controllers for controlling wind turbine pitch angles above
rated wind speed, employing PSO and Differential
Evolution (DE) to achieve optimal parameterization. The
fractional-order fuzzy PID controller particularly showed
strong performance in minimizing error and control effort
while addressing inherent uncertainties in wind turbine
dynamics. Additionally, Li et al. [16] proposed a
fractional-order sliding mode control strategy to mitigate
sub-synchronous control interaction in wind farms, using
feedback linearization and genetic algorithm-based
parameter tuning to ensure robust stabilization under
disturbances and parameter variations. Furthermore, Yang
et al. [17] developed an adaptive FOPID control scheme
based on linear observers for perturbation estimation,
combined with adaptive mechanisms to enhance
robustness and power extraction efficiency in wind
turbines. In [18], an FOPI controller integrated with a
neuro-fuzzy PWM technique was applied to multi-rotor
wind turbine systems. Other studies reported theoretical
work and improved system performance in various
applications [19-22], including different WECS
configurations [23-25].
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Other work has further investigated metaheuristic and
intelligent optimization techniques for fractional-order
controller design. In particular, optimization-based
methods such as Ebola optimization search combined with
spiking neural networks (EOSA-SNN) [26], Grey Wolf
Optimization (GWO) [27], and Remora Optimization
Algorithm (ROA) [28] were applied to FOPID/FOPI
structures, demonstrating improved active and reactive
power regulation, reduced total harmonic distortion, and
enhanced dynamic response under variable wind
conditions. In addition, Particle Swarm Optimization
(PSO)-based fractional-order PI/FOPI controllers were
successfully implemented in grid-connected renewable
energy systems, achieving improved robustness, stability,
and power quality compared to conventional PI controllers
[29]. Moreover, modified control strategies such as
fractional-order-based direct power control applied to
multi-rotor wind turbine systems [30] have reported
significant reductions in power ripple, steady-state error,
and current harmonics. Finally, the comparative study by
Bingul and Karahan [31] evaluated PID and FOPID
controllers optimized using PSO and Artificial Bee
Colony (ABC) algorithms, providing useful insights into
dynamic response and robustness under disturbances in
wind turbine control systems.

Despite the progress made in the development of control
techniques for WECS, further research is essential to
establish a simple yet performant controller. The FOPI
controller introduces additional degrees of freedom,
offering improved flexibility and the potential to optimize
system dynamics. However, tuning such controllers is
challenging due to the high-dimensional and complex
nature of the system, where achieving stability,
maximizing power extraction, and maintaining simplicity
and efficiency are the objectives.

Motivated by these considerations, the main objective of
this work is to design and optimize a FOPI controller for a
DFIG-based wind energy conversion system and to
evaluate its performance. The principal contributions of
this study are summarized as follows:

 Development of a two-stage optimization strategy for
tuning both the proportional-integral gains and the
fractional-order parameters of the FOPI controller.
 Comparative evaluation of four metaheuristic
optimization algorithms: Grey Wolf Optimization (GWO),
Particle Swarm Optimization (PSO), Equilibrium
Optimizer (EO), and Harris Hawk Optimization (HHO),
for controller parameter tuning.
 Comprehensive performance assessment of
optimized PI and FOPI controllers based on dynamic
response.
 Demonstration that the optimized FOPI controller
improves reactive power regulation by reducing
oscillations and enhancing stabilization in both the stator
and rotor sides, thereby contributing to improved overall
system stability.

In this work, a modeling of the DFIG system adopting the
Direct-Quadrature (d-q) rotating reference frame is first

presented, providing a foundational understanding of the
system’s dynamic behaviour. Following this, the theory of
FOPID controllers is explored, and the relevant literature
is reviewed. Building upon that foundation, a feedback
control system for the DFIG is designed, and the
minimization problem is formulated to be addressed using
advanced metaheuristic algorithms. Finally, the results are
analysed and discussed, with an evaluation of the
performance improvements offered by the proposed
control strategy.

2. DFIG Modelling

The DFIG is appropriate for a wide range of applications
because of its exceptional dependability and endurance.
However, its complex equation system for analysis and
control is challenging. We address this complexity by
using the Park transformation and simplifying
assumptions to derive a more straightforward model. The
generator voltage equations, assuming that the d-q-axis
spins at the synchronous speed [32,33]:

vds=
dΨds
dt

+ Rsids−ωsΨqs

vqs=
dΨqs
dt

+ Rsiqs+ωsΨds

vdr=
dΨdr
dt

+Rridr−sωsΨqr

vqr=
dΨqr
dt

+Rriqr+sωsΨdr

(1)

The stator and rotor magnetic flux equations are given by:

Ψds=idrLm+idsLs
Ψqs=iqrLm+iqsLs
Ψdr=idsLm+idrLr
Ψqr=iqsLm+iqrLr

(2)

Where the stator and rotor voltages and currents (in dq-
axis) are represented by
vqs, vds, iqs, ids, vqr, vdr, iqr, and idr .

ωs is the synchronous reference frame's rotational speed;
s is the slip; sωs= ωs−ωe is the slip frequency, and ωe is
the generator electrical speed. Lm is the mutual
inductance,  Rs, Rr and Ls, Lr are the stator and rotor
resistances and inductances.

The active and reactive stator and rotor powers are given
by:

Ps=
3
2
vqsiqs+vdsids

Qs=
3
2
vdsiqs− vqsids

Pr=
3
2
vqriqr+vdridr

Qr=
3
2
vdriqr− vqridr

(3)

Where the power losses due to the rotor and stator
resistances are disregarded.
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3. Fractional Order Calculus & FOPID

In mathematics, Fractional Order Calculus (FOC) is an
area that deals with differentiation and integration with a
real integer. The differintegral operator, abbreviated
 a Dt

q is a fractional calculus operator is defined as
follows:

 a Dt
γ=

dγ

dtγ
if γ>0

1 if γ=0

a

t
 �  (dτ)−γ if γ<0

(4)

Where γ is a real number representing the fractional
order, and a and t are the limits.

One widely recognized form is the Riemann-Liouville
model:

aDt
γf(t)=

dγf(t)
d(t−a)γ

=
1

Γ(n−γ)
dn

dtn 0

t
 �  

f(τ)
(t−τ)γ−n+1

dτ (5)

where n is the lowest integer greater than or equal to γ
with Γ() is the gamma function and n ≥γ> n −1 .

Using these principles, these mathematical tools have
been effectively applied in control theory, most notably
in the development of the FOPID controller.

The FOPID is a versatile controller used for control
purposes [14]. It is characterized by five parameters: the
proportional gain (Kp) , the integrating gain (Ki) , the
derivative gain (Kd) , the integrating order (λ) and the
derivative order (µ). The block diagram for a PIλDµ

controller is shown in Figure 1 its transfer function is
presented as:

H(s)=Kp+
Ki
sλ
+Kdsμ (6)

Approximation and numerical methods have been
extensively used because most fractional-order
differential equations do not have exact analytic
solutions. Therefore, numerical approaches have been
developed to solve them.

The approximation for 0 < γ < 1, where γ represents the
fractional order parameter, is given as:

sγ≈K
l=−N

N

 �  
s+hz
s+hp

(7)

where:

hz=fl
fh
fl

l+N+12 1−γ
2N+1

(7.1)

hp=fl
fh
fl

l+N+12(1+γ)
2N+1

(7.2)

K=fh
γ (7.3)

The approximation is applicable within the specified
frequency range f= fl,fh , where fh is the specified high-
frequency limit, fl is the low-frequency limit and N is the
number of poles and zeros. The constant K denotes the
gain, and l is an index variable. For fractional order
where α≥1 , we have:

sα=snsγ (7.4)

where n=α − γ denotes the integer part of α and sγ is
obtained by equation 7.

The number of poles and zeros is predetermined; lower
values of N yield simpler approximations, however, this
comes at the cost of introducing ripples in both the gain
and phase responses.

To employ the fractional-order controller, the MATLAB-
based FOMCON (Fractional-Order Modelling and
Control) v1.50.4 toolbox is used. FOMCON is a
comprehensive software package designed for the
modelling, analysis, identification, and control of
fractional-order dynamical systems. The toolbox
provides dedicated modules for fractional-order system
analysis, controller design, and system identification
thereby facilitating the development and evaluation of
fractional-order control strategies [34,35]. In this work,
we used “Fractional PID Controller” Simulink block
only.

Figure 1. FOPID controller block diagram.
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