Eksploatacja i Niezawodnosc - Maintenance and Reliability
Volume 29 (2027), Issue 1
https://ein.org.pl

The Polish
Maintenance
Society

Optimization-based maximum power point tracking for wind
energy systems: a comparative study of gray wolf and whale
algorithms

Hasan Bektas Percin!”*

, Abuzer Caliskan'

! Electrical Electronics Engineering, Firat University, Turkey
* Corresponding Author: hbpercin@firat.edu.tr

Abstract

Maintaining high energy conversion efficiency under varying wind conditions remains a major challenge in wind energy
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systems. To address this issue, maximum power point tracking (MPPT) techniques have been widely employed Traditional
methods frequently depend on precise system parameters or fixed control structures, which may lead to performance
degradation. Conversely, optimization-based algorithms can operate under more favorable conditions without requiring
specific structures. In this study, two metaheuristic algorithms, the Gray Wolf Optimizer (GWO) and Whale Optimization

Algorithm (WOA), were implemented as MPPT controllers in the MATLAB/Simulink environment. The main contribution
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of this study is the evaluation of two metaheuristic optimization algorithms and provision of practical insights into their
suitability for wind energy systems. The simulation results showed that the GWO-based method outperformed its WOA

counterpart, achieving a higher tracking efficiency of 98.2% and a lower oscillation rate (<2%), indicating higher

effectiveness under dynamic wind conditions.
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Highlights
e MPPT strategies provide energy efficiency and system
durability.

e Comparison of different optimization methods for wind

energy systems.

e Simulation application in the MATLAB/Simulink

environment.

e Better performance than traditional MPPT methods.

1. Introduction
Concerns regarding the detrimental effects of fossil fuels and
global warming have prompted a shift in energy policies
towards the adoption of renewable energy sources [1,2]. Wind
energy stands out among these resources because of its
abundance, cost-effectiveness, and environmentally friendly
nature [3]. However, its intermittent and variable characteristics

lead to output fluctuations under changing operating conditions,

requiring maximum power point tracking (MPPT) techniques to
maximize energy capture, improve cost efficiency, and extend
system lifespan [4]. MPPT techniques regulate the operating
speed of wind energy conversion systems to continuously track
changes in wind speed and maintain optimal energy extraction.

MPPT implementation involves several challenges,
including maintaining efficiency, mitigating environmental
impacts, ensuring system stability, and addressing
implementation complexity. Consequently, researchers and
engineers continue to develop innovative solutions to overcome
these challenges. Various MPPT methods have been extensively
investigated in the literature and are generally classified into
direct, indirect, intelligent, and hybrid approaches. Indirect
approaches incorporate methods such as the tip-speed ratio
(TSR), optimal torque (OT), and power signal feedback (PSF)
algorithms [5-9]. These methods rely on the characteristics of

wind turbines. However, direct control approaches do not
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require prior system knowledge and use techniques such as
Perturb and Observe (P&O), Incremental Conductance (INC),
and Optimum Relation-Based (ORB) MPPT algorithms
[10-12]. The aforementioned methods have demonstrated
effective MPP tracking performance for wind energy
conversion systems (WECSs). However, each approach has
inherent limitations and drawbacks. Therefore, developing
a highly accurate and reliable MPPT algorithm remains
a significant challenge [13-15].

MPPT control can be executed using direct or indirect
approaches. However, these methodologies may suffer from
reduced effectiveness owing to the inherent nonlinearity of the
system [5,6,16,17]. Moreover, the need for additional devices
can increase the overall system cost. Consequently, intelligent
algorithms have emerged as a promising alternative to
overcome these limitations. They employ a variety of
computational techniques to improve system performance. The
term “intelligent” refers to their high adaptability and ability to
operate independently of system characteristics. Intelligent
control algorithms include fuzzy logic controllers (FLC)
[18-21], artificial neural networks [22—-25], and metaheuristic
optimization algorithms. A range of metaheuristic optimization
algorithms with various parameters and modifications have
been proposed for complex, nonlinear, and discontinuous
problems. Inspired by natural phenomena or physical laws,
these algorithms navigate nonlinear and discontinuous solution
spaces and explore them using diverse strategies to find optimal
or near-optimal solutions [26-30]. Various optimization
algorithms, such as particle swarm optimization (PSO), genetic
algorithm (GA), bat optimization (BO), artificial bee colony
(ABC), and cuckoo search algorithm, have also been proposed
as control techniques for various renewable energy sources
[31-34]. In addition to these methods, hybrid approaches that
combine two or more MPPT techniques have been developed to
overcome the inherent limitations of individual algorithms
[3,10,35-40].

Although a wide range of MPPT control strategies have been
proposed for WECSs, there is a notable gap in the literature
regarding the comparative evaluation of optimization-based
algorithms for MPPT control. The Grey Wolf Optimizer (GWO)
and Whale Optimization Algorithm (WOA) have gained

attention in renewable applications. Their efficiency and

simplicity have positioned these approaches at the forefront of
solving several engineering problems [41-43]. This study
presents a comparative evaluation of these MPPT methods for
maximizing energy extraction from WECSs under varying wind
conditions. Simulations were performed using specific wind
profiles, and the algorithms were evaluated based on key
performance indicators, including tracking efficiency, response
time, power stability, and adaptability. To assess the
effectiveness of the proposed metaheuristic algorithms, their
performance was benchmarked against conventional control
methods widely reported in the literature. The remainder of this
paper is organized as follows: Section 2 presents the
fundamental principles of WECSs and their components, along
with explanations of metaheuristic algorithms. Section 3
presents the simulation results of the proposed methods using
MATLAB/Simulink. The conclusions are presented in the final

section.
2. Material and method

WECSs comprise components that capture the kinetic energy of
the wind and convert it into usable electrical energy through
successive mechanical and electrical energy conversion
processes. The energy conversion scheme of WECSs is shown

in Figure 1.
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Figure 1. Basic working scheme of a WECS.
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Wind turbines (WTs) play a pivotal role in converting
kinetic energy into mechanical energy. WTs are generally
classified into horizontal-axis (HAWTs) and vertical-axis
(VAWTs) types. HAWTs are more common owing to their
simple configuration, efficiency, and long service life.
Permanent magnet synchronous generators (PMSGs) offer
significant advantages for direct-drive energy generation by
eliminating the need for a gearbox, thereby reducing
maintenance costs and overall losses. Finally, the generated
energy is delivered to either the grid or a stand-alone load via

power electronic interfaces. These interfaces are implemented
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as power converter units in various configurations, depending
on factors such as power level, control objectives, and cost-
effectiveness. MPPT strategies are integrated into these

interfaces to ensure efficient and stable system operation [44].
2.1. WECS modelling

To analyze and design suitable control techniques for various
WECS control objectives, the basic WECS parameters must be
mathematically expressed. The mechanical power ( Py )

produced by a wind turbine is expressed as in Equation (1).
PM=§><C,J><p><A><VW3 1

In Equation (1), A represents the area swept by the turbine
blades, p denotes the air density, typically taken as a constant
value of 1.225 kg/m?, and V},, signifies the instantaneous wind
speed. Cp stands for the power coefficient, serving as a measure
of the efficiency of energy conversion [45]. In MPPT control,
the primary goal is to maintain this coefficient within an optimal
range. This coefficient is derived as a function of the tip-speed

ratio (A) and pitch angle (B), as expressed in Equation (2).
AR =C(F-CxB—C)e @0 +Cox (2)
1

C (1-6) are characteristic values for turbine designs. § (pitch
angle) is adjusted to prevent the turbine from damage especially
at higher wind speeds. The coefficients C (1) are used to
approximate the power coefficient curve. In this study, the
commonly used parameter values reported in [45] are adopted
as €,=0.5176, C,=116, C3=0.4, C, =5, C5 =21, and Cz=0.00068.
These coefficients are widely used to represent the acrodynamic
behavior of variable speed wind turbines. The tip speed ratio (1)
and A; parameters in Equation (2) are defined as shown in

Equation (3).

vw | A = 2+0088  B3+1 &)

WXR 1 1 0.035
1=

In Equation (3), R is the radius of the area swept by the
turbine blades and ® is the mechanical speed of the WECS
(rad/s). The relationship between Cp and A based on various
beta (angle) values for a specific wind speed is illustrated in
Figure 2. Typically, the pitch angle is set to a minimum value
below the nominal wind speed. Consequently, C, depends only
on A. Figure 2 shows that the power coefficient (Cp) and
maximum power are attained at a specific value of the tip-speed

ratio (A), referred to as the optimum tip-speed ratio (Aopt).

The tip speed ratio (A) can be regulated by adjusting the
mechanical speed (o) in response to variations in wind speed,
as expressed in Equation (3). Maintaining the power coefficient
at its optimal value (C, op) by regulating the mechanical speed
and tip speed ratio is the fundamental principle of MPPT control
in WECSs [45,46]. To achieve these objectives, different control
strategies must be implemented across the operating regions
defined by the wind speed ranges of WECSs. The four primary

operating regions are illustrated in Figure 3.
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Figure 2. Variation of C, with A at different angle values.
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Figure 3. The operating regions of the WECS.

The operational limits of wind speed in Figure 3 are defined

by the cut-in (Vcu-in) and cut-out (Veueou ) Wind speeds. The
wind turbine is configured to automatically shut down beyond
these thresholds. When the wind speeds range between V cyin
and rated values (Vratwed), the MPPT controller is activated by
adjusting the rotational speed and setting the pitch angle of the
turbine blades to a minimum value [47—49]. Based on this

operating principle, the relationship between the mechanical
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output power (Pr) and mechanical (rotor) speed at different

wind speeds is illustrated in Figure 4.
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Figure 4. Mechanical output power variation at different wind
speeds.

Each wind speed in Figure 4 generates a distinct power

curve. The objective of the MPPT controller is to adjust the rotor

speed to maintain the operating points of the system at the

maximum power value for varying wind speeds.
2.2. Power electronic interface

MPPT controllers are implemented using power-electronic
interfaces. Many different configurations have been used in the
literature for energy conversion systems [45,50]. This study
utilized an interface incorporating a rectifier integrated with
a boost converter, which offers advantages such as compactness,
high reliability, and ease of controllability. A circuit diagram of

the proposed interface is presented in Figure 5.
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Figure 5. The diagram of the proposed interface.

In the circuit diagram, the rectifier converts the variable-

frequency AC output into a DC power. This rectifier is followed
by a boost converter, which adjusts the DC output voltage level
and facilitates the implementation of the MPPT algorithm by
dynamically regulating the duty cycle (d) to track the maximum
power point (MPP). the relationship between the output voltage
(Vo), the input voltage (Vdc), input current (Idc), and output
current (Io) for a boost converter, is defined by Equation (4)

and Equation (5) [45, 51].

o= 1% @)
lo = lae X (1= d) (5)

According to Equation (4), the adjustment of the duty cycle
enables the control of the input and output parameters of the
boost converter. The relationship between the input resistance
(R;) and output load resistance (R) is expressed as in Equation
(6).

R; =R x (1-d)? (6)

Based on Equation (6), a change in the input resistance can
alter the output current and electromagnetic torque, thereby
affecting the rotor speed. Thus, adjusting the duty cycle enables
MPPT control by regulating the system speed. The effectiveness
of this control strategy also depends on the proper design of the
boost converter. In addition to the control principle, the
appropriate calculation and selection of the converter
parameters directly affect the dynamic response, efficiency, and
power quality of the system. These parameters include the
switching frequency (f;), inductance (L), and capacitance (C) of
the boost converter [45,51]. Incorrect sizing of these parameters

can lead to power loss, inefficient tracking, and system failures.
2.3. Grey Wolf Optimization

The Grey Wolf Optimization (GWO) algorithm is
a metaheuristic algorithm inspired by the hierarchical order and
hunting behavior of grey wolf packs. The pack is organized by
a leader named Alpha (a); this wolf is supported by another
group member called Beta (), who supports the leadership of
the Alpha and also has the potential to replace the leader in the
pack. The other members of the group are named Delta (3) and
Omega (o), which obey other dominant wolves [52—-54]. To
evaluate the GWO algorithm, the most optimal solution is
identified as alpha. Subsequently, the next two best solutions are
defined as beta (B) and delta (5). These wolves lead the pack,

guiding the rest of the members, known as omega, in their
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hunting behavior. In the first stage, the wolves surround their

prey during the hunt. This behavior is expressed in Equations
(7-8).

D = C x (X,(t) =X(D)) (7)

X(t+1) = (X,(t) —AxD) (8)

In Equations (7-8), t is the current iteration, A and C are

coefficiency values, X, is the prey position, and X represents

the grey wolf position. A and C are vectorial values, which are

determined as in Equation (9).

A=Q2a)x(r)—(a), C=2x(r) )
Daipha = €1 X (Xalpha(t) —-X(1)) (10)
Dpeta = C2 X (Xpera(t) =X (1)) (11)
Dgerta = C2 X Xgera(t) =X (1)) (12)
X, = (Xalpha(t) —A; X Dalpha) (13)
Xa = (Xpeta(t) —Az X Dpera) (14)
X3 = Xaera(t) —Az X Dyerra) (15)
X(t+1) =222% (16)

The a value in Equation (9) decreases linearly from 2 to 0
throughout the iterations, whereas r/ and r2 are randomly
generated vectors within the interval [0, 1]. The coefficients A
and C determine the exploration and exploitation capabilities
of the algorithm. The alpha, beta, and delta wolves represent the
three best candidate solutions and guide the remaining wolves
during the search process. Their position update mechanism is
described by Equations (10—16). The distances between each
search agent (Dgipna, Dpetas Daerra) and the three leading wolves
are calculated, whereas Equations (13—16) update the wolves’
positions based on these leaders (X3, X, X3) [47]. As the value
of a decreases, the search gradually shifts from exploration to
exploitation. The coefficient A varies within the range [—2a,2a],
where |4|<1 promotes exploitation around the prey, while |A|>1
encourages exploration by moving search agents away from the
current best solutions. The assigned C value is utilized to
optimize GWO stages (exploration, exploitation) through all the
iterations [53]. The optimization flowchart is shown in Figure 6.

The process shown in Figure 6 is repeated through all
iterations. The GWO algorithm is characterized by its simplicity,
adaptability, and effective global search capability, which helps
prevent premature convergence to local optima. These attributes
make it highly effective for tackling nonlinear and dynamic

optimization problems, such as MPPT control.

initialize basic

parameters and wolf
population

1
Calculate fitness
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record the best

solutions
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max iteration

Yes

'
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5 ) Update the position of
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Figure 6. The optimization process of GWO.
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2.4. Whale Optimization Algorithm

The Whale Optimization Algorithm (WOA) simulates the
hunting behavior of humpback whales using a bubble-net
hunting strategy. In nature, humpback whales engage in bubble-
net feeding by diving to a certain depth beneath a school of fish
and creating bubble spirals while swimming upward in a helical
pattern, effectively trapping their prey in a shrinking circle

[54,55]. This strategy is depicted in Figure 7.

Figure 7. Bubble-net hunting behavior.

The modeling process of the WOA is defined by the

following equations:

X(t+1) = Xrng —A X Dyna) 17
Drng = (C X Xpng =X (1)) A>1 (18)
X(t+1) = (X" —AX Dyng) (19)
D=(CxX" —X() A<1 (20)

The positions of the whale (X) and prey (X*) are key
variables in Equations (17-20). The optimization process is

organized into two stages: exploration (encircling) and

Eksploatacja i Niezawodno$¢ — Maintenance and Reliability Vol. 29, No. 1, 2027




exploitation (spiral bubble-net attack). The transition between
these stages is controlled by the parameter A. When |A[>1, the
algorithm focuses on exploration, allowing the whale to search
for food by randomly moving in the search space as expressed
in Equation (17). For |AI<1, the whales create a spiral-shaped
path around the prey, mimicking the bubble-net hunting
behavior. The position update equation for this stage is
expressed in Equation (19). The update and calculation of 4, C,
the distance to the optimal solution (D), and the next iteration

position X(t+1) are expressed as follows:

A=Q@a)xr-2a=2-2(-—) 21)
C=2xr (22)

X(t+1) = (X*+D' x eb x cos(2ml)) (23)
D' = (X*—=X(t) X D' x e % cos 2ml) (24)
l=(a,—1)xrnd +1 (25)

a = (1= () (26)

In Equations (21-26), the parameters are defined as follows:
A is randomly adjusted within the range [-2,2], while "I" is
a random constant in the interval [—1,1]. Similarly, rnd is
a random variable distributed within [—1,1]. The parameters t
and t,,,4, denote the current and maximum iteration numbers,
respectively, whereas b is a predefined constant within the
range [0,10]. Finally, r is a uniformly distributed number within
[0,1]. The proper configuration of these parameters enhances
the convergence behavior and improves the robustness of the
optimization process under varying operating conditions. The

flowchart of the WOA is shown in Figure 8.
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Calculate fitness function
to detect best agent

Update optimazation
constants and vectors to
search for global optimum ]

Exploitation stage | Exploitation stage
%

Yes No

Yes

No
Use this global optimum
for solution

e

Figure 8. The flowchart of WOA.

Figure 8 illustrates a probability value, designated as "p" in
this study, which represents the probability that whales exhibit
a specific behavior during the optimization stages. The
probability value determines the likelihood of two behaviors:
spiraling around the target or direct hunting. This mechanism
ensures balanced exploration and exploitation, preventing
premature convergence and local optimum stagnation in

multimodal search spaces.
3. Findings and discussion

Before proceeding to the simulation phase, the implementation
framework of the optimization-based MPPT algorithms is
presented in Figure 9. The proposed configuration illustrates the
integration of these algorithms into the MPPT control scheme
to maximize energy capture while maintaining system stability
under varying wind conditions.

For the selected algorithms, the problem was defined as the
process of searching for an optimal solution, guided by an
objective function within a defined solution space, aiming to
either minimize or maximize the function to effectively address
the problem. The power value is calculated using the input
current (Idc) and the input voltage (Vdc) of the boost converter.
The (MPPT) control is performed by modulating the duty cycle
(d) of the switching device in the boost converter. In both
algorithms, the duty cycle serves as the population variable,
whereas the power value represents the objective function. The
duty cycle was constrained between 0.1-0.9. The iterations for
both algorithms continued until the maximum power value was
reached, or a specified termination criterion was met. Among
the termination criteria, power variation tolerance (t) is a critical
parameter for implementing MPPT strategies. This parameter

can be expressed as follows:

PnrazPn o 27)

Pn

The power variation tolerance (1) defines the acceptable
range of (MPP) fluctuation in the output power and does not
require further adjustment. The power variation tolerance ()
could be defined between 5%-15% to adjust the control
sensitivity. By tuning it, system designers can balance the
tracking accuracy and system stability in real-time conditions.
The parameters used for the WECS and optimization algorithms

are listed in Table 1.

Eksploatacja i Niezawodno$¢ — Maintenance and Reliability Vol. 29, No. 1, 2027




Idc

L

¥

PMSG
Wind Turbine
| ] L
Uncontrolled Rectifier
m Optimaziton
based MPPT _@
contrals | Wind
PWM Generator+duty cycle nstant Win
speed

o Performance :
comparison ¢
] 2

Whale Optimization GWO0

—

Boost Converter Load

I et convol IR "
control

Duty cycle
control

Figure 9. The overall control scheme of MPPT controls.

Table 1. Parameters of WECS and optimization algorithms.

WECS parameters GWO parameters WOA parameters
Air density (p) 1.2 kg/m? Population (wolf) size 20 Population size 20
Turbine radius (R) 2m Iteration number 100 Iteration size 100
Rated wind speed 10 m/s a (randomly adjusted coefficient) 0<a<2 a (randomlx adjusted 0<a<2
coefficient)
Optimal tip speed ratio (Aep) 8.1 r (Random vector) 0<r<1 r (Random vector) 0<r<1
Optimal Power coefficient (C; o) 0.48 p value 0.5
Rated turbine power 4 kW

Since both GWO and WOA are stochastic population-based
algorithms, each simulation was repeated 30 times to minimize
the effects of random initialization and improve the reliability
of the results. The parameter settings listed in Table 1 were
adopted from widely accepted configurations reported in the
[53,56,57]. These

performance while maintaining consistency with previous

literature values ensured optimal

studies. Simulations were performed for the variable wind speed

model, as shown in Figure 10.

12

Mr

-
o
T

Wind speed (m/s)

1.5 2 2.5 3 3.5 4
Time (s)

Figure 10. Variable wind speed profile.

The purpose of using the selected profile model was to test
the responsiveness and robustness of the proposed MPPT-based
control scheme under challenging operating conditions. For the
proposed model, the variations in the turbine power coefficient

(Cp) using each algorithm are shown in Figure 11.
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Figure 11. Power coefficient variations for the both algorithms.
In Figure 11, it can be seen that the proposed algorithms
maintained the instant Cp values close to the optimal value of

0.48 (blue curve). The Cp waveform in the GWO algorithm
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(orange curve) has fewer oscillations and exhibits more stable
variations than that in the WOA (green curve). Furthermore, the
Cp value of GWO is closer to the optimal value. The
fluctuations observed in the WOA-based MPPT control can be
attributed to the selected probabilistic value (p), which can lead
to inconsistent or less precise convergence to the MPP. Unlike
the GWO algorithm, which updates the position based on the
three best solutions (o, B, and §), the WOA typically focuses
only on the best solution found through iterations. This single-
point guidance can result in oscillations. The relationship
between the turbine output power (Pm) for each algorithm at

different wind speeds is shown in Figure 12.
4000
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Figure 12. Output Power variations for both algorithms.

In Figure 12, the maximum output power obtained by the
GWO-based MPPT control exhibited higher stability and
tracked the rated-power curve more efficiently. Compared with
the WOA-based MPPT controller, the GWO-based controller
demonstrated lower oscillation levels, faster convergence, and
higher tracking efficiency in all comparisons, indicating a more
stable response under dynamic conditions.

A key aspect of evaluating the selected algorithms is
benchmarking their performance against other non-
optimization-based MPPT methods widely reported in the
literature. Table 2 presents a detailed comparison summary of
the different MPPT techniques based on criteria such as the
power coefficient, convergence time, tracking efficiency, and
oscillation percentage.

The tracking efficiency of the MPPT controller is defined as

follows:

Pmppr(t) (28)

Pymax(t)

Nrrack (%) =

Where Pyppr(t) represents the instant output power
obtained by the MPPT controller and Py ,x(t) denotes the
theoretical maximum power point of the WECS. In Table 2, the
WOA method has more oscillations than the GWO method,
which lowers the conversion efficiency and degraded
performance in the evaluated metrics. Compared to techniques
such as Perturb and Observe (P&O) and Fuzzy Logic Controller
(FLC), optimization-based methods exhibit superior
performance across nearly all metrics, including enhanced
tracking accuracy, faster convergence times, and reduced
steady-state oscillation. These results make optimization-based
methods more robust to nonlinearities, parameter variations,
and uncertain wind profiles than conventional methods.

Table 2. Comparison summary of the MPPT optimization

algorithms.
MPPT Power Convergence Tracking  Oscillation
Controls Coefficient time (s) efficiency percentage
GWO 0.471 0.12 98.2% <2%
WOA 0.442 0.14 90.4% <10%
P&O 0.39 0.22 78.3% <22%
Method [9]
FLC 0.41 0.17 82.1% <18%
Method

[18]

4. Conclusion

This study presents a comparative analysis of two optimization-
based MPPT controllers for a WECS using MATLAB/Simulink.
The MPPT controllers aim to maximize energy harvesting by
regulating the system converter. The performance of both
algorithms was comparatively evaluated under a variable wind
speed profile. The numerical results demonstrate that both
optimization algorithms effectively tracked the maximum
power point under varying wind conditions. However, the
GWO-based approach outperformed WOA by achieving
a higher power coefficient (0.471) and a shorter convergence
time (0.12 s), whereas WOA reached a power coefficient of
(0.442) with a convergence time of (0.14 s). In addition, the
tracking efficiency of the GWO-based controller reached 98.2%,
compared to 90.4% obtained with the WOA method. Another
important performance indicator is the oscillation level, where
the GWO algorithm maintains oscillations below 2%. The
performance fluctuations of WOA-based MPPT control are

mainly associated with the probabilistic parameter (p), which
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may affect decision consistency under rapidly varying operating strategies that integrate complementary optimization techniques

conditions. In future research, the proposed algorithms can be to overcome the limitations of single-algorithm approaches and
evaluated through hardware implementation under multiple enhance the adaptability and reliability of MPPT systems under
wind scenarios to assess their robustness. Furthermore, future dynamic operating conditions.

research should focus on developing hybrid optimization
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