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Abstract. Microgrids have become essential in modern power Guntur, Andhra Pradesh. India

systems, enabling reliable and sustainable energy distribution
while operating independently or with the main grid. The
growing integration of renewable sources like photovoltaic
(PV) and wind energy, along with battery storage, necessitates advanced control strategies for efficient power
management and grid stability. This paper presents an optimized power flow control strategy for a PV-Wind-
Battery hybrid microgrid using a Voltage Source Converter (VSC) to regulate active and reactive power while
maintaining DC link voltage stability. A Proportional-Integral (Pl) controller plays a crucial role in ensuring system
performance under varying conditions. However, conventional Pl tuning is challenging due to the nonlinear nature
of renewable energy sources. To overcome this, an optimized tuning approach based on the Grey Wolf
Optimization (GWO) algorithm is proposed. Inspired by the social structure and hunting behaviour of grey wolves,
GWO efficiently balances exploration and exploitation to determine optimal control gains. The PV system employs
Perturb and Observe (P&0) Maximum Power Point Tracking (MPPT), while an adaptive P&0O MPPT strategy is
used for wind energy to maximize power extraction. The battery storage system dynamically switches between
charging and discharging to maintain power balance. The GWO-based PI controller is compared with conventional
methods, including Ziegler-Nichols (ZN), Genetic Algorithm (GA), and Particle Swarm Optimization (PSO).
Simulation results demonstrate superior transient response, reduced steady-state error, and minimized power
fluctuations. Additionally, Total Harmonic Distortion (THD) analysis confirms lower harmonic distortion,
enhancing power quality and system reliability, making GWO a promising approach for microgrid optimization.
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Y uili pobomi 3arpornoHo8aHo oNMUMI308aHy CMPAMEzito KepyB8aHHA MOMOKOM MOMyHHOCMI| 045 2i6pudHOi mi-
Kpomepesci PV-8impo-aKymynamopHo20 murly 3 8UKOPUCMAHHAM nepemesoprosayva Hanpyau (VSC), akuli peay-
JIIDE AKMUBHY Ma peakmusHy romyxcHicme, @ maxkox cmabinizye Hanpyay nocmiliHoe2o AaHyroza. Knawyosy poss
y 3abe3neyeHHi cmabinbHoi pobomu cucmemu egidizpae nponopuyiliHo-inmezpaneHuli (M) peayasmop. Mpome
mpaduuiliHe HanawmyeaHHs [1l-peaysamopa € CKAadHUM Yepe3 HeniHilIHiCMb Xapakmepucmuk 8i0HOB8/1H08AHUX
Oxcepen. [ns supiweHHs yiei npobaemu 3anponoHo8aHo suKopucmamu anzopumm onmumizauii «Cipuli 08k »
(Grey Wolf Optimization, GWO), akuli ecpekmusHoO 8U3HAYAE ONMUMAsbHI KoegiyieHmu peayaamopa 30805Ku
MOEGHAHHIO MOWYKOBOI ma eKcrayamauiliHoi nogediHKU.

Y PV-cucmemi peanizoe8aHo memood 8i0cmexeHH MoYKU MaKcumansHoi nomymHocmi (MPPT) «36ypeHHAa ma
criocmepexceHHA» (Perturb and Observe, P&0), modi ak 0518 8imposoi cucmemu 3acmoco8aHo adanmusHy cmpa-
mezito P&0O MPPT 3 memoto Makcumizayii supobimky eHepeii. AKyMyaamopHa cucmema aemomamu4Ho repe-
MUKGEMbCA MiHC PercuUMamu 3apAOHAHHA Ma PO3PAOHAHHA 0418 NIOMPUMAHHA eHepaemu4Ho20 6anaHcy.
Pe3ynemamu mooento8aHHSA rnokasanu, wo [l-peaynamop, HasnawmosaHul 3a dornomozoro anzopummy GWO,
MQAE Kpawii nepexioHi xapakmepucmuKu, MeHWy noxubKy 8 cmanomy pexcumi ma 3HUXCEHI KOUBAHHA MOMY-
HOocmi nopieHAHO 3 mpaduyiliHumu memooamu HanawmyeaHHsa (Ziegler-Nichols, Genetic Algorithm, Particle
Swarm Optimization). AHani3 2apmoHiyHux criomeopeHs (THD) 3acgioyus Huxyuli piseHb 2apMOHIK, WO Cripuse
niosuWeHHr AKocmi enekmpoeHepeii ma HadiliHocmi cucmemu.

Takum YuHom, 3acmocysaHHsa anzopummy GWO MoxcHa esaxramu nepcrekmusHUM nioxoo0om 0o onmumizauii
MiKpomepex y cghepi 8iOHOBMHOBAHOI eHepaemuKu.

Knrouoei cnoea: anzopumm onmumizayii «Cipuli sosk» (GWO); l-peaynamop; Kepy8aHHA NOMOKOM MOMyH(HO-
CMi; pe2ynto8aHHA Harpyau rnocmiliHo2o AaHYt02a; MiKpomepexca PV-8impo-aKymyaamopHo20 murly; KepyeaHHA
nepemeoprogayem Hanpyau (VSC).

which are critical in real-world microgrid operations. The
use of a Genetic Algorithm (GA) for tuning Pl controllers in
The increasing penetration of renewable energy sources a PV-wind-battery microgrid was explored in [7]. The GA-
(RES), such as photovoltaic (PV) and wind energy, into mi-  optimized controllers exhibited better performance com-
crogrids has created new challenges in power flow control  pared to conventional Pl controllers, but the computational
due to their intermittent and stochastic nature [1]. Effec- time required for optimization was significantly high, limit-
tive energy management and control strategies are neces-  ing its practicality for real-time applications. In [8], the au-
sary to ensure the reliability, stability, and efficiency of mi-  thors employed a fuzzy logic-based approach to enhance
crogrids integrating PV-wind-battery systems. Traditional the performance of Pl controllers. The fuzzy-Pl controller
proportional-integral (Pl) controllers have been widely showed improved adaptability to system uncertainties, but
used in power systems due to their simplicity and ease of  the increased complexity of the design made it less suitable
implementation [2]. However, selecting optimal Pl control-  for large-scale microgrid implementations.

ler parameters is critical to achieving desired system per-
formance. Conventional tuning methods often fail to pro-
vide optimal performance under dynamic conditions,
leading to the exploration of optimization techniques for Pl
tuning [3]. Metaheuristic optimization algorithms have
gained significant attention in control system tuning due to
their ability to efficiently handle nonlinear, multi-objective,

1. Introduction

In [9], the authors investigated the application of Artificial
Bee Colony (ABC) optimization for tuning Pl controllers in a
microgrid. The study reported improved dynamic response
and reduced oscillations in power flow. However, the ABC al-
gorithm's sensitivity to initial parameters and its tendency to
converge to local optima were significant drawbacks. In [10],
) ] ) R the authors proposed a hybrid optimization technique com-
and hlg'h-dlmensmnal prot.)lem's. Grey'V\/.oIf.Optlmlza'\tlon bining GA and PSO for PI controller tuning. While the hybrid
(GWO) is one such nature-inspired optimization algorithm approach showed promising results, the computational com-
that mimics the hunting behaviour of grey wolves [4]. Ithas  ,jeyity and lack of scalability were major limitations. In [11],
demonstrated superior performance in various engineering  tha authors utilized a Simulated Annealing (SA) algorithm to
applications due to its exploration-exploitation balanceand  ,ptimize PI controllers for DC link voltage control. The study
fast convergence properties. A traditional Pl controller for  gemonstrated improved voltage stability but suffered from
power flow control in a hybrid PV-wind-battery microgridis  ¢jow convergence and high computational costs. In [12], the
proposed in [5]. The study demonstrated satisfactory per-  aythors focused on the use of Differential Evolution (DE) for
formance under steady-state conditions but showed limita-  p| controller optimization. The DE-based approach showed
tions in handling dynamic load variations and system uncer-  petter performance compared to traditional methods, but its
tainties. The lack of optimization techniques in this study  sensitivity to control parameters and difficulty in tuning were
resulted in suboptimal controller performance during tran-  notable drawbacks. The application of Ant Colony Optimiza-
sient conditions. A PSO-based approach to optimize Pl con-  tion (ACO) for tuning PI controllers in a microgrid is investi-
trollers for DC link voltage stabilization was proposedin [6].  gated in [13]. The ACO-optimized controllers exhibited im-
While the results showed improved voltage regulation, the  proved power flow control, but the algorithm's slow
study did not consider the impact of communication delays, convergence and high computational requirements were
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significant limitations. In [14], proposed a hybrid approach
combining fuzzy logic and PSO for PI controller optimization.
While the results were promising, the increased complexity
and computational overhead made it less practical for real-
time applications. In [15], the authors investigated the use of
a Teaching-Learning-Based Optimization (TLBO) algorithm
for PI controller tuning. The TLBO-based approach showed
improved performance in power flow control and DC link
voltage regulation, but its lack of robustness under varying
operating conditions was a major drawback. In [16], authors
proposed a Harmony Search (HS) algorithm for optimizing PI
controllers. The study reported improved dynamic response,
but the algorithm's sensitivity to parameter settings and slow
convergence were significant limitations.

The use of a Cuckoo Search (CS) algorithm for PI controller
optimization was explored in [17]. The CS-based approach
demonstrated better performance compared to traditional
methods, but its high computational cost and difficulty in
parameter tuning were notable drawbacks. In [18], a hybrid
approach combining GA and fuzzy logic for PI controller
tuning was proposed. While the results were promising, the
increased complexity and computational requirements
made it less suitable for real-time applications. In [19], the
use of a Firefly Algorithm (FA) for optimizing Pl controllers
was investigated. The FA-based approach showed im-
proved performance, but its sensitivity to initial parameters
and slow convergence were significant limitations. Despite

Rectifier DC-DC
Converter
DC-DC
Converter
i)
DC-DC
Converter
)

the contributions of these studies, many of the proposed
optimization techniques suffer from drawbacks such as
high computational complexity, slow convergence, sensi-
tivity to initial parameters, and lack of robustness under
varying operating conditions. In contrast, the Grey Wolf Op-
timization (GWO) algorithm offers a promising alternative
due to its simplicity, fast convergence, and ability to avoid
local optima. GWO-based approaches can efficiently opti-
mize Pl controllers for power flow control and DC link volt-
age regulation in microgrids with PV-wind-battery systems.
GWO's balance between exploration and exploitation,
along with its low computational requirements, makes it a
superior choice for real-time applications. By addressing
the limitations of existing optimization techniques, GWO
can provide a robust and efficient solution for enhancing
the performance of Pl controllers in microgrids. This paper
focuses on the application of GWO for optimizing PI con-
troller parameters to improve power flow control in a mi-
crogrid comprising PV, wind, and battery storage. The pro-
posed approach aims to enhance the stability, dynamic
response, and power-sharing efficiency of the system un-
der variable generation and load conditions.

2. HYBRID DG SYSTEM (HDGS)

Fig. 1 illustrates the schematic of the hybrid system, which
integrates a PV-Wind-Battery configuration.

DC-AC SPWM abe
Converter dgq

vdqref

. _ P
Iapc dgq igq Current

abe Controller Qe

Load Controller

Tuned by

WO
@

Fig. 1. Management Structure of HDGS with the Proposed Controller

This system comprises a wind turbine, a photovoltaic (PV)
system, and a battery, working together to enable efficient
energy transfer from the DC bus to the grid. The PV gener-
ation system is interfaced with the DC bus via a DC-DC con-
verter operated with Maximum Power Point Tracking
(MPPT). Similarly, the wind generation system is connected
to the DC bus through a rectifier followed by an MPPT-op-
erated DC-DC converter. The battery storage system is
linked to the DC bus through a bidirectional DC-DC con-
verter. The design of the power flow control and manage-
ment modules for the PV-Wind-Battery system is based on

the operational modes of the load and grid. In grid-con-
nected mode, the active and reactive power outputs of the
PV-Wind-Battery system are regulated to match their re-
spective reference values. To ensure optimal performance,
the voltage source inverter (VSI)-based control system
must select an appropriate power control mode. A sinusoi-
dal pulse width modulation (SPWM) technique is employed
to regulate the VSI. To meet varying load demands, the
power contribution from the main grid and the PV-Wind-
Battery system must be dynamically adjusted. Ensuring a
consistent supply of active and reactive power requires
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efficient control of power flow between the PV-Wind-Bat-
tery system, the grid, and the load. Furthermore, a reliable
integration of power from the main grid and the distributed
generation (DG) system is crucial to meeting the load de-
mand [20]. The power balance equation must be satisfied
at both the DC-link and the point of common coupling
(PCC). The total DC power available at the DC bus from the
energy sources in the microgrid is expressed as:

Pyc(t) = Pyr(t) + Ppy(t) + Ppqc(t) (1)

Pyr: Power generated by the wind generation system, Ppy,
: Power generated by the solar generation system, Pj,;:
Battery power measured at the output of the respective
DC/DC converters, P;.: Total available DC power at the DC
bus. The total power generated by renewable sources is de-
termined using Equation (1) and integrated into the overall
power flow model. The power balance is calculated by ac-
counting for the outputs of the hybrid energy sources and
the load demand at the AC bus.

Py(t) = [Pi(t) — Ppyes(t)] (2)
P(t) = [Prres(t) + Py (D)] (3)
Qg (t) = [Qu(t) — Qpres(B)] (4)
Qu(t) = [Qnres(t) + Qg (1)] (5)

F,: Active power supplied by the grid, Q,4: Reactive power
supplied by the grid, P;: Active power consumed by the
load, Q;: Reactive power consumed by the load, Py;-s: Ac-
tive power generated by the HDGS, Qy,..s: Reactive power
generated by the HDGS. The battery power of the storage
unit is affected by the discharge duration, during which it
serves as an energy source, and the charging duration,
when it operates as a load. However, maintaining a con-
sistent power balance is challenging due to nonlinear fluc-
tuations on the consumer side and the unpredictable na-
ture of renewable energy sources [21]. To address this
challenge, the system unit requires a high-performance op-
erating mode that facilitates efficient power regulation.
The active and reactive power, calculated using the direct
and quadrature axis voltages and currents, are given by the
equations (6) and (7).

Py(t) =2 [vg * i + v * ig] (6)

Qi) = 2[vg % iq +va * ig] (7)

Vg and v, represent the direct and quadrature axis load
voltages, while iy and i; denote the direct and quadrature
axis load currents.

3. Modelling of sources
3.1. Mathematical formulation of solar PV module

Fig. 2 shows the simplified circuit representation of a solar
panel. The PV cell can be modelled as an ideal current
source, denoted as Iph, with series and parallel resistances,
as illustrated in Fig. 2. The output current of an ideal solar
cell is expressed in Equation (8).

I=1I,— Iy (8)

[is PV output current, I is diode current, Iph photon cur-
rent. In semiconductor theory, the fundamental mathe-
matical equation that describes the |-V characteristics of
the PV cell is the Shockley diode current equation, as shown

in Equation (9).
Iy = I [exp (ﬁ) ~1] (9)

aVoc

Iy = Ipn — I [exp (m) ~1]

I is the saturation current, q is the electron charge, V,.is
the open-circuit voltage, N represents the number of se-
ries-connected cells per module, K is Boltzmann's constant,
and T, is the nominal cell temperature in Kelvin.

Iph] Idl tpl . +
ol AL

then
(10)

Fig. 2. Equivalent circuit of real model for PV panel

Due to the sensitivity of photovoltaic (PV) generation out-
put to weather conditions such as irradiance and tempera-
ture, the use of a DC-DC converter is essential for regulating
both the output voltage and power. Fig. 3 highlights the im-
portance of regulating the PV voltage to the maximum
power point voltage (V,,y), @ crucial factor in maximizing
the power output from the PV arrays using a DC-DC con-
verter. As shown in Fig. 3, controlling the PV voltage to
reach V,,,,,, is crucial for optimizing power extraction from
the PV arrays through the DC-DC converter. The P&0O MPPT
(Perturb and Observe Maximum Power Point Tracking) al-
gorithm is used to generate the duty cycle required for the
DC-DC converter to maximize power extraction. Fig.4
shows the DC-DC converter employed for the PV array.
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Fig. 3. I-V and P-V characteristics of PV Array
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The Perturb and Observe (P&OQ) algorithm is a commonly
used MPPT technique in PV systems. It is a straightforward
and effective method for continuously adjusting the operat-
ing point of a PV system to ensure it operates at its maximum
power point (MPP), where the power output is optimized.

I,

DC-DC Converter

To DC Bus

MPPT PWM

To Switch

Fig. 4. PV system with boost converter

3.2. PMSG and Wind Turbine

Output power from wind turbine (P,) is given as in Equa-
tion (11)

Py = 3PAC,(A, B3 (11)

p is the air density, A is the wind turbine swept area in m?,
A is the tip speed ratio, and B is the pitch angle. The tip
speed ratio A is defined as the ratio of the blade tip speed
w, the wind turbine blade radius r, and the wind speed V,
and it can be expressed by Equation (12).

A’ =

Tw

- (12)

Therefore, the mechanical energy generated by wind tur-
bines can be controlled by adjusting both A and B. For a
given B, there is a corresponding power coefficient (Cp,) vs
tip speed ratio (A) curve, where each curve has an optimal
Cp value, denoted as Cp opts which corresponds to the opti-
mal tip speed ratio, A,p;. By controlling these parameters,
the mechanical energy of the turbine can be adjusted to
align with the available wind speed, with the maximum
Cpachieved at the optimized rotational speed when
Bequals zero.

Vw

|

The power generated by the PMSG can be regulated using
a DC-DC converter, which is controlled by an MPPT algo-
rithm. Before the DC-DC boost converter takes over the
regulation, the PMSG's output is first connected to a diode
bridge rectifier. To enhance the dynamic performance of
the wind generation system, an adjustable step size (P&O)
algorithm is employed to control and manage the DC-DC
converter. This approach ensures that the system achieves
its peak power output. Unlike traditional P&O algorithms,
this adaptive method addresses several limitations that can
negatively impact the performance of the wind generation
system, particularly in systems with inertia. Traditional P&O
algorithms face significant challenges in selecting the opti-
mal step size for rotor speed adjustments.

The optimal rotor speed can be calculated using Equation

(13), as shown below:

_ AoptVw
Wopt.m = R

(13)

Aopt Optimal tip speed ratio, w,pe m is directly related to
wind speed expressed in Equation (14)

Uw

Ubase

wopt,mp = Wpgse_m (14)

Upase refers to the reference wind speed, wpgse mrepre-
sents the rotor speed at the reference wind speed,
wopt_mpindicates the current optimal generator speed, and

v, represents the current wind speed. The control system
will make substantial corrections to the rotor speed when
it deviates from the required optimal speed. As the rotor
speed approaches the desired level, the adaptive ratio R, 4,
will decrease until the optimal speed is reached and main-
tained, as shown in Equation (15).

The perturbation constant K,,..determines the accuracy in
achieving the maximum power output. Once the algorithm
determines the ideal rotor speed, a Pl controller is used to
generate a reference torque to maintain the PMSG rotor at
its optimal speed 7,,; . After that, the input current

Wopt._ —w
Radp = err( Ty T (15)

wopt_mp

T T
Ty

To DC bus

Wind Turbine

Rectifier

,, Dinopt Tonope I

12

©

Diode Bridge

wref

—s mpPT—> + —> PI; —» X ——+ —> P], = PWM — To Switch

d,

S e

View

Fig. 5. Wind generation system with boost converter

22



BiaHosntoBaHa eHepreTuka. Ne 4/2025 | KomniekcHi npobaemu eHepreTUYHUX cMCTEM Ha ocHosi HBJE

reference (I, ) for the DC-DC converter is calculated from  generates the required duty cycle to control the IGBT

the torque reference, as shown in Equation (16). switch. Fig. 5 illustrates the wind system with the DC-DC
om converter. The output of the PI;controller is the reference
Lyres = Topt_mm (16) torque Top: m, Which is given in Equation (17).

A DC current regulator with Pl control is used to maintain
the output voltage of the DC-DC converter. This regulator

Toptm = Kot (@opty, (8) = 0 (0)) + Kix [ (@ope,, (8) — w(8)) it (17)
Ky, and K;; are Pl controller gains

Output of the PI, controller is duty cycle (d,,) required by the converter which is given as

du = Kpz (Inrer () = Ly (©)) + Kiz [ (Iyrep () = Ly (8)) dit (18)
K, and K, are Pl controller gains

3.3. Battery energy storage system (BESS)

Bidirectional DC-DC
L. Converter

oh
e m '
4
A -I- Vacbar S
- E
Battery

Vicbae =>4 = PI; |——s+ —> PI, = PWM

V dcbat

dcbat
Bidirectional DC DC converter of battery storage system age to generate reference DC current. As shown in Fig. 6,
regulate the DC voltage across DC bus. DC bus voltage can  the output of the PI; controller is the reference battery
be taken as feedback and compared with reference DCvolt-  current I, 445, Which is given in Equation (19).

’bnt

Fig. 6. Battery storage system with DC-DC converter

Ibatref = Kp3 (Vbatref(t) - Vdcbat(t)) + Ki3 f (Vbatref(t) - Vdcbat(t)) dt (19)

K3 and K;5 are Pl controller gains, Vpq¢rep battery refer-  Output of the PI, controller is duty cycle of the switches in
ence voltage, V., actual battery voltage, bidirectional converter which is given as in Equation (20)

dbat = Kp4 (Ibatref(t) - Ibat(t)) + Ki4- f (Ibatref(t) - [bat(t)) dt (20)
K,4 and Ky, are Pl controller gains, I,q:rcr battery reference current, I,,,; actual battery current,
3.4. Current Control Strategy of DC-AC converter
Fig. 7 presents the control strategy of the DC-AC converter.

6
idrer l

Va
R o
Vabe dq vdq Active and P15 i 7 abc P
To VSI

Reactive Power i I_I d
abe Calculation — —! PI T+ Pl q
X + — 8
6 i a I_I Vqr.ef
PLL ] 'dI
idq
dq P ref Q.—.pf

abc

]iabc

Fig. 7. Control Strategy of the DC-AC converter
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Equations (21) and (22) show the reference current usedto  power controller work with the external control loop to
achieve the control goal. The two Pl controllers in the generate the reference current vectors igror and igref.

iarer = Kps (Prer(8) = P(©)) + Kis [ (Prep(t) — P(8)) dt (21)

iqrer = Kpe (Qrer (1) = Q(O)) + Kig [ (Qrer () = Q1)) dt (22)

K,s and K;5 are Pl controller gains, P, reference active voltage, improving both steady-state and dynamic perfor-
power, Qs reference reactive power, P actual active ~Mmance. The controller uses a PWM system to generate volt-
age vectors with reduced harmonic distortion. In addition
tothe PWM system, it includes a current feedback loop and
The controller's output is important for accurate tracking 3 grid voltage feedforward loop to enhance both steady-
and reducing inverter ripple. This is achieved by using two  state and dynamic performance. These loops help elimi-
Pl controllers to correct current errors, along with feedback  nate current errors, ensure precise tracking, and reduce in-
from the inverter current and feedforward from the grid  verter drift, as shown in Equations (23) and (24).

power and Q actual reactive power.

Varef = Kp7 (idref(t) - id(t)) + Ky f (idref(t) - id(t)) dt (23)

Varer = Ky (igrer (8) — iq(t)) + Ky (imf(t) — ig(®)) dt (24)

K7 and K;; are Pl controller gains, i4,.; reference directaxis ~ Multi Objective optimization can be defined as shown in
current, iq,..r reference quadrature axis current, iz actual di-  Equations (25) to (28)

rect axis current and i, actual quadrature axis current. min F(x, k) = [F,F, .. E,]” (25)
k) = .. E,

In grid-connected mode, the HDGS unit controls both the u(x, k) <0 (26)

size and phase of the inverter current to supply the re-

quired active and reactive power to the grid. The control v(x,k) =0 (27)

strategy for active and reactive power in the HDGS unit is Xy < % < X (i = 1,2 d) (28)

based on frequency and voltage regulation. To assess the

performance of the HDGS unit, the outputs from the PV ir-  Consider the objective function vector F, which depends on
radiance, wind turbine, and battery are considered. Tuning  the design vector x and a constant parameter vector p. The
the Pl controller gains is important for ensuring effective  inequality and equality constraints are represented by u
and stable control of a system. Pl controllers are oftenused ~ and v. Also, x;;;, and x;,,;, show the lower and upper limits
to regulate a process variable. Heuristic optimization algo-  for the ith design variable. The most common method for
rithms can be used to automate the process of tuning a Pl  multi-objective optimization is the weighted sum method.
controller. These algorithms search through the parameter ~ The most common method for multi-objective optimization
space to find the best controller settings that minimize per-  is the weighted sum method. In this approach, multiple ob-
formance issues like integral of time-weighted absolute er-  jectives are combined into one single objective by assigning
ror (ITAE), overshoot, or settling time. These algorithms  a weight to each objective and then adding them together.
search for the best controller settings to reduce perfor- Inshort, the combined objective function is a weighted sum
mance issues like ITAE, overshoot, or settling time. When  of the individual objectives, creating a unified optimization
using heuristic optimization algorithms for tuning a Pl con- ~ criterion represented as Fop, jectivein Equation (29).

troller, it's important to set the objective function based on
the specific performance goals of the control system. Also,
the algorithm parameters (like population size and muta-  Where a4, a, ..., a, are the weights for each objective func-
tion rate) need to be carefully chosen and adjusted for the  tion. If the sum of the weights equals 1 >, a; =1 and
application. Running multiple optimization trials and ana- 0 < a; < 1, the weighted sum is a convex combination of
lyzing the results can help ensure that the controller set- the objectives. In this case, each optimization of a single ob-
tings are both robust and reliable. jective finds a specific optimal solution along the Pareto
front. The weighted sum method then adjusts the weights
to explore different solutions, producing various optimal
points. In this study, the optimization of Pl controller gains
is performed by using the Integral of Time-weighted Abso-
lute Error (ITAE) as the sole objective function. The objec-
tive function to be minimized is defined as the sum of the
integral of the absolute error multiplied by time for each
individual Pl controller. The optimization aim is to minimize
the total ITAE, improving the dynamic response and overall
performance of the control system. The final objective
function to be minimized is expressed in Equation (30).

Fobjective = Fy +aF + -+ ayF, (29)

The goal of design optimization is to find the best design by
minimizing an objective function, adjusting design varia-
bles, and following given constraints. Sometimes, there are
multiple design criteria or objectives to consider at once. In
these cases, the design problem becomes a multi-objective
optimization challenge. Unlike traditional optimization
methods that focus on one objective, multi-objective opti-
mization is different. Traditional methods can't handle the
complexity of optimizing multiple conflicting objectives at
the same time. That's why specialized techniques for multi-
objective optimization are needed to deal with these com-
plex design problems. Fopjective = M ITAE; + ayITAE, + --- + a,ITAE, (30)
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The Grey Wolf Optimization is used to optimize the Propor-
tional-Integral (Pl) controller gains (proportional gain and
integral time constant). The goal of this optimization is to
improve the dynamic response of the system. The goal is to
optimize all eight Pl controller gains: two Pl controllers reg-
ulate the boost converter in the wind generation system,
another two control the bidirectional converter in the bat-
tery storage system, and the remaining four manage the
DC-AC converter. This optimization aims to improve control
overactive and reactive power, as well as enhance the reg-
ulation of DC and AC side voltages. The PI controller gains
to be optimized include Kpq, Kp3, ... Kpgrepresenting the
eight proportional gains, and K, Kj, ... Kigwhich repre-
sent the integral time constants.

4. Grey Wolf Optimizer

The Grey Wolf Optimizer (GWO) is a population-based me-
taheuristic algorithm inspired by the social behaviour of
grey wolves, first introduced by Mirjalili et al. in 2014 [22].
This algorithm simulates both the leadership structure and
the cooperative hunting strategies of grey wolves in their
natural habitat. Grey wolves typically live in packs with a
distinct hierarchy, as depicted in Fig. 8.

A

Fig. 8. Hierarchy of a grey wolf pack (Mirjalili et al., 2014)
[22]
4.1. Mathematical model
Let M represent the number of wolves in the pack and let
X; = [X4,X,, ..., Xi] denote the position vector of the i-th
wolf, where K is the dimensionality of the problem being
addressed. The model used to update each wolf's position
based on the encircling behaviour is given by Equations (31)
and (32).
D =[C.Xp(6) — x(0)]

x(t+1) = Xp(t) — A.D

(31)
(32)

Here, t represents the current iteration, x(t) denotes the
wolf's current position, and Xp (t) is the prey's position. The
vectors A and C are calculated using Equations (33) and
(34), respectively.

A=2.ar—a (33)

C=2rm (34)

a=2-— (iter X (Maj )) (35)
iter

Here, r; and 1, are random vectors with values in the range
[0,1], and a is a vector whose components decrease linearly
from 2 to 0 throughout the algorithm's execution. Fig. 9(a)
shows the encircling behaviour of wolves during a hunt in a

2D scenario. Each wolf updates its position based on the
estimated location of the prey and can move to various new
positions depending on the vectors A and C. However, the
precise location of the prey (i.e., the optimal solution to the
problem at hand) remains unknown. As previously noted,
the hunting process is directed by the a, B, and & wolves.
To model this characteristic, the GWO algorithm assumes
that the o, B, and 6 wolves—representing the candidate so-
lutions with the best fitness values—have a more precise
understanding of the prey's location. Consequently, the po-
sition of each wolf is updated based on the positions of the
o, B, and 6 wolves, as illustrated in Equations (36—42).

D, =1Cy. X, — X| (36)
Dg = |Cy. X — X| (37)
Ds = |C1. X5 — X| (38)
X, =X, —AD, (39)

X, = Xp — A;Dp (40)

X3 = X5 — A3Dg (41)
X(t+1) =X, +X, + X5 (42)

Possible new positions

Estimated Position of the Prey ]

1 (xp,yp) : (xy — xp)
O ? '
Initial positions
Yw —yp) (X Yow)
(a)
Estimated position of
swolf Bwolf awolf the prey
C; C ¢ )
v £ 41
O (. @

A,

/A3

Initial
Position

(b)
Fig. 9. (a) Encircling behaviour of a pack (b) Position up-
date in the grey wolf optimizer algorithm (adapted from

Mirjalili et al., 2014)

Fig. 9 (b) depicts the process of updating the positions of
the wolves. Algorithm 1 provides the pseudocode for im-
plementing the GWO algorithm.
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Grey Wolf Optimization (GWO) Algorithm

Calculate fitness of each wolf in the population

Start main optimization loop
for iter 1to Max_iter

for each wolf i in the population
for each dimension j
Compute coefficients a, A and C

end
end
Apply boundary constraints
Evaluate new fitness values

Replace old population with new positions
Store the best solution found so far
Best Solution = Alpha

end

Output the best solution

Return Best Solution

Initialize population (X) of grey wolves randomly in search space
Define maximum number of iterations (Max_iter), the number of wolves (n) and problem dimension (d)

Identify X, (best), Xz(second best), and X (third best) wolves

Update the positions of the remaining wolves for each wolf i in the population for each dimension j

Compute distances to @, § and § (D, Dg and Ds)
Compute new position X,,,,, using X;, X, and X5

Update X, (best), Xg(second best), and X (third best) based on new fitness values

5. Simulation Results

This section presents simulation results validating the ef-
fectiveness of the proposed GWO-based control method. A
key performance metric is maintaining DC bus voltage and
active/reactive power within specified ranges under differ-
ent Microgrid (MG) operating modes. Simulations are con-
ducted in MATLAB/SIMULINK, with system specifications
shown in Table 1. To demonstrate superiority, GWO is com-
pared with Genetic Algorithm [23], PSO [24], and Ziegler-
Nichols (ZN) [25]. The control strategy from Section 3 is ap-
plied to the system in Fig. 1, using optimized Pl gains. Table
2 presents these gains for different algorithms. Three test
cases evaluate the proposed method: (1) Irradiance, tem-
perature and wind speed changes, (2) reference active and
reactive power changes, and (3) Load changes. Fig. 10 (a)
presents the comparison of active and reactive power
tracking performance with proposed GWO and conven-
tional ZN, GA and PSO algorithms. Fig. 10 (b) presents the
comparison of DC link voltage tracking performance with
proposed GWO and conventional ZN, GA and PSO algo-
rithms. Tuned PI controller gains are presented in Table 2.
Comparison of performance indices between proposed al-
gorithm and conventional algorithms from literature is pre-
sented in Table 3.

Table 1. Parameters of the Hybrid DG system

Parameter Value
PV Array
Manufacturer and Model
Open Circuit Voltage (V)

Short Circuit Current (Is.)

LG, LG350N2W-B3
48,1V
9,74 A

Parameter Value
Maximum power point 37,9V
voltage (Vpp)

Maximum power point 9,24 A
current (Impp)

Series-connected modules | 43
per string

Parallel strings 10

PMSG
Stator Resistance 0,8634
Stator Inductance 0,8121 uH
Torque Constant 4,82
Inertia 0,0027

Wind Turbine
Mechanical output power | 150 kW
Base wind speed 11 m/s
Rotor diameter 24,5 m
Swept rotor area 480 m?

Battery
Nominal voltage 600
Rated capacity 800

Grid 11 kV, 50 Hz

6.1. Case 1: Analysis of Irradiance, Temperature, and Wind
Speed Variations

In this case, variations in irradiance, temperature, and wind
speed are analysed to assess their impact on the generated
power from the photovoltaic (PV) and wind energy sys-
tems. The power output from the PV system is directly in-
fluenced by the irradiance and temperature levels, while
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the power generated by the wind system depends on the
variations in wind speed. The irradiance and temperature
start at 200 W/m? and 30°C, respectively, from 0 to 4 sec-
onds. These values then increase to 400 W/m? and 32°C,

|—Reference —ZN —PSO GA —GWO

v

Active Power

0 0.1 02 03 04 05 06 07 08 09 1
Time(sec)

—Rcfcrcncc —ZN —PS0O GA —GWO

Reactive Power
(kVAr)

0 0.1 0.2 03 04 05 06 07 08 09 1
Time(sec)

(a)

followed by further increments to 600 W/m? and 34°C be-
tween 4 to 8 seconds. The irradiance continues to rise to
800 W/m? and 36°C between 8 to 12 seconds and finally
reaches 1000 W/m? and 38°C at 12 to 20 seconds.

250

—Reference —ZN —PSO — GA —GWO

200 |

150

100

DC Link Voltage
V)

50

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Time(sec)

(b)

Fig. 10. (a) active and reactive power comparison (b) DC link voltage comparison

Table 2. Optimized gains of Pl controllers using proposed and various algorithms

Algorithm Kpp Ky sz' K, Kp3' Ki3 szp Kiy KpSl Kis Kp6! Kig Kp7' Ki; KpB' Kig
Proposed 0,8221 1,8265 0,9588 1,7920 0,2962 1,0033 0,9098 0,5197
GWO 5,9568 4,4410 1,0731 2,2863 1,4625 1,4135 2,5126 2,2459
PSO 0,4517 2,1464 0,7417 1,6142 0,1328 0,7457 1,5295 1,1673
7,9595 5,1731 1,0570 2,.6405 1,5571 2,4346 1,9126 1,9816
GA 0,6283 2,0684 0,7837 1,0361 0,3039 0,49590 1,6852 1,3414
7,3236 5.0611 1,6274 2,5383 1.8097 2.09410 2.9816 2.7502
Ziegler Nich- | 0,6695 1,63765 0,7403 0,6690 0,33917 0,5989 1,4019 1,6861
olas 7,7959 4,4723 1,1844 2,9526 2,2928 2,0129 3,2008 2,7817

Table 3. Comparison of performance indices between proposed algorithm and previous algorithms from literature

Algo- DC Bus Voltage Active Power Reactive Power

rithm — f|ag ISE ITAE ITSE IAE ISE ITAE ITSE IAE ISE ITAE ITSE
Pro- 0,0514 |0,0279 |0,0167 |0,01264|0,0598 |0,0477 |0,0149 |0,0037 |0,0451 (0,0342 |0,0135 |0,0146
posed

GWO

PSO 0,0456 |0,0212 |0,0213 |0,0056 |0,0353 |0,0354 |0,0028 |0,0037 |0,0381 |0,01827 |0,01588 |0,01957
GA 0,04881|0,03369|0,01573 |0,01690 | 0,04378 |0,03715 | 0,01100| 0,00872 | 0,04631 | 0,02157 |0,01105 |0,01088
Ziegler |0,12596|0,052420,03170(0,02325|0,17925|0,09551 | 0,04475 | 0,00988 | 0,19109 | 0,096691 | 0,054999 | 0,01500
Nicho-

las

Similarly, the wind speed varies dynamically over time, be-
ginning at 8 m/s from 0 to 3 seconds, increasing to 9 m/s
between 3 to 6 seconds, and further rising to 10 m/s from
6 to 8 seconds. It continues increasing to 11 m/s between 8
to 12 seconds and peaks at 12 m/s from 12 to 15 seconds.
After this peak, the wind speed starts decreasing, first drop-
ping to 10 m/s between 15 to 18 seconds, and finally reduc-
ing back to 8 m/s from 18 to 20 seconds. These variations
in irradiance, temperature, and wind speed are illustrated
in Fig. 11 (a). The impact of these variations on the power
generated by the PV and wind systems is shown in
Fig. 11 (b). The power output from the PV system is directly

proportional to irradiance and temperature, while the wind
power is proportional to wind speed. As the irradiance and
temperature increase, the PV system generates more
power, and similarly, the wind system produces higher
power as wind speed increases. However, the battery
power output is governed by the reference active and reac-
tive power settings provided to the voltage source con-
verter (VSC). In the initial phase, when the total power gen-
erated by PV and wind systems is insufficient to meet the
reference power demand of the VSC, the battery discharges
to supply the shortfall. This is indicated by the positive bat-
tery terminal power before 8 seconds, which implies that
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the battery is in a discharging state. As the irradiance and
wind speed continue to increase, leading to higher power
generation from PV and wind sources, the total generated
power exceeds the reference value after 8 seconds. At this
point, the battery enters a charging state, and its terminal
power turns negative. The battery’s state of charge (SOC)
increases during this phase, as shown in Fig. 14, whereas
during the discharging phase, the SOC decreases.

The reference active and reactive power values provided to
the VSC control strategy are set at 150 kW and 100 kVAr,
respectively, as depicted in Fig. 12 (a). To maintain these
power levels at the VSC AC terminals, the sum of power
from PV, wind, and battery must match these reference

1
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=
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8 | ] |
0 5 10 15 20
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values. Up to 8 seconds, when PV and wind generation are
lower than the reference demand, the battery compen-
sates by discharging. After 8 seconds, as PV and wind gen-
eration exceed the reference requirement, the battery
starts charging. The effectiveness of the VSC in maintaining
the reference power levels is further validated through
Fig. 12 (b), which illustrates the active and reactive power
consumed by the connected load. The load power require-
ments are 250 kW of active power and 120 kVAR of reactive
power. However, the VSC provides only 150 kW and 100
kVAR, as dictated by the reference inputs. The remaining
power required by the load is sourced from the grid, as
demonstrated in Fig. 13 (a).

150 F

PV Power

20

Wind Power
(kW)

10 20

Battery Power

5 10
Time(sec)

(b)

Fig. 11. (a) Irradiance, temperature input to the PV system and wind speed input to the wind generation system (b)
generated power from PV, wind and terminal power of the battery

Maintaining a stable DC link voltage is crucial for the
proper operation of the VSC and the overall system.
Fig. 13 (b) shows the DC link voltage and its reference
value. The VSC control strategy effectively regulates the
DC voltage, ensuring that it remains within acceptable
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Fig.

1

limits despite fluctuations in power generation and de-
mand. Additionally, power quality is an essential aspect of
system performance. The total harmonic distortion (THD)
levels of different components in the system are pre-
sented in Fig. 15 (a—c).

300

200

(kW)

100

Active Power

150 T r

Reactive Power

10 20

Time(sec)

(b)

12. (a) Reference and actual active and reactive power converted by the VSC (b) Load active and reactive powers
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The THD of the load current is 1.99%, the THD of the VSC
current is 1.94%, and the THD of the grid current is 1.28%.
These values indicate that the proposed control strategy
ensures minimal distortion, thereby improving the overall
power quality of the system. The analysis of Case 1 demon-
strates the impact of irradiance, temperature, and wind
speed variations on a hybrid energy system comprising PV,

100

Active Power

10

20

Reactive Power

10
Time(sec)

(a)

20

wind, and battery storage. The system effectively balances
power generation and demand by utilizing battery storage to
compensate for generation shortfalls and surplus energy.
The VSC maintains reference active and reactive power lev-
els while ensuring stable DC link voltage. Moreover, the THD
values confirm the effectiveness of the control strategy in
maintaining power quality within permissible limits.
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Fig. 13. (a) Active and reactive powers provided by the grid (b) DC Link Voltage
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Fig. 15. (a) load current (b) VSC current and (c) grid current
THDs

6.2. Case 2: Analysis of reference active and reactive
power variations

In this case, the irradiance, temperature, and wind speed
are considered constant throughout the simulation. As a re-
sult, the power generated from both the photovoltaic (PV)
and wind energy systems remains unchanged. The primary
objective of this case is to evaluate the efficacy of the tuned
PI controller gains optimized using the GWO algorithm by
varying the reference active and reactive power inputs to
the control strategy of the VSC.As shown in Fig. 16 (a), the
system operates under a constant irradiance of 1000 W/m?,
a temperature of 34°C, and a wind speed of 12 m/s. These
constant environmental conditions ensure that the power
outputs from the PV and wind generation systems remain
stable, eliminating any fluctuations caused by external
weather changes. This allows for a focused assessment of
the PI controller’s performance under dynamically chang-
ing power reference conditions.
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Fig. 16. (a) Irradiance, temperature input to the PV system and wind speed input to the wind generation system (b) gen-
erated power from PV, wind and terminal power of the battery

The power outputs from the PV and wind systems, along with
the battery terminal power, are illustrated in Fig 16 (b). Since
the power generated from PV and wind remains constant, the
battery terminal power is adjusted dynamically based on the
reference power inputs to the VSC control strategy. The refer-
ence active and reactive power values are varied as follows: 0
to 3 seconds: 50 kW and 40 kVAr, 3 to 6 seconds: 80 kW and
60 kVAr, 6 to 9 seconds: 120 kW and 90 kVAr, 9 to 12 seconds:
150 kW and 140 kVAr, 12 to 15 seconds: 180 kW and 140 kVAr,
15 to 18 seconds: 240 kW and 200 kVAr, After 18 seconds: 150
kW and 120 kVAr. To achieve these reference power levels at
the AC terminals of the VSC, the battery's terminal power must
be adjusted accordingly, as depicted in Fig. 16(b). The battery’s
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operation depends on the relationship between the total
power generated from PV and wind and the reference power
demand. Before 15 seconds and after 18 seconds, the total
power generated by PV and wind exceeds the reference
power demand. As a result, the excess power is stored in the
battery, putting it in a charging mode. However, between 15
to 18 seconds, the reference power demand surpasses the
power generated by PV and wind. In this scenario, the battery
enters a discharging mode, supplying the additional required
power. This dynamic adjustment ensures that the system
maintains a balance between power generation and con-
sumption. The reference and actual powers converted by the
VSC are presented in Fig. 17 (a).
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Fig. 17. (a) Reference and actual active and reactive power converted by the VSC (b) Load active and reactive powers

The tuned PI controller ensures that the VSC closely tracks
the reference power values, demonstrating the effectiveness
of the GWO-optimized gains in achieving accurate power
conversion. The load's active and reactive power require-
ments are illustrated in Fig. 17 (b). Since the converted

power by the VSC exceeds the actual load demand, the sur-
plus power is directed to the grid, as shown in Fig. 18 (a).
This highlights the system’s capability to efficiently manage ex-

cess power and contribute it to the grid when required. The
State of Charge (SOC) of the battery, represented in
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percentage, is depicted in Fig. 18 (b). During the period be-
tween 15 to 18 seconds, when the battery is in discharging
mode, the SOC decreases as stored energy is used to compen-
sate for the additional reference power demand. At all other
time instances, the SOC increases as the battery remains in
charging mode, storing the surplus power generated by the PV
and wind systems. This controlled charging and discharging
operation ensures efficient energy management and en-
hances the stability of the system. This case demonstrates the
effectiveness of the GWO-optimized Pl controller gains in
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State of Charge

regulating the power flow within the system. By maintaining
constant environmental conditions, the impact of dynamically
changing reference power inputs on the system’s perfor-
mance was evaluated. The battery efficiently transitions be-
tween charging and discharging modes based on the power
demand, ensuring system stability. Furthermore, the VSC ef-
fectively tracks the reference power values, and any surplus
energy is successfully transferred to the grid. The results vali-
date the robustness of the control strategy, optimizing energy
utilization while maintaining system reliability.

50.45

10
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(b)

20

Fig. 18. (a) Active and reactive powers provided by the grid (b) State of charge of the battery in %

6.3. Case 3: Analysis of Load Variation and System Response

In this case, the impact of load variation on system perfor-
mance is analysed. The active and reactive power demands
of the load fluctuate over time, as illustrated in Fig. 20 (a).
The variation in load power demand is structured as fol-
lows: 0 to 3 seconds: 50 kW and 40 kVAr, 3 to 6 seconds:
120 kW and 90 kVAr, 6 to 9 seconds: 180 kW and 120 kVAr,
9 to 12 seconds: 250 kW and 240 kVAr, 12 to 15 seconds:
300 kW and 250 kVAr, 15 to 18 seconds: 220 kW and
190 kVAr, After 18 seconds: 200 kW and 180 kVAr. Unlike
the previous case, where power reference values were al-
tered, in this scenario, the irradiance, temperature, and
wind speed remain constant throughout the simulation, as
shown in Fig. 19 (a). Consequently, the power outputs from
the PV and wind generation systems remain constant, as
depicted in Fig. 19 (b).

For this case, the reference active and reactive power val-
ues are set to a constant 150 kW and 140 kVAr, respec-
tively. Since these values remain unchanged, the power
converted by the VSC also remains constant, as illustrated
in Fig. 20 (a). The VSC ensures that the power delivered to
the system remains at the specified reference levels, irre-
spective of fluctuations in the load demand. The actual ac-
tive and reactive power consumption of the load is illus-
trated in Fig. 20 (b). Since the load demand varies over time
while the VSC-converted power remains constant, a power
balance mechanism is established through the interaction
with the grid. The grid active and reactive power flows are
depicted in Fig. 21 (a), which illustrates how the power

exchange between the system and the grid occurs based on
the load demand.

When the load requirement is lower than the power con-
verted by the VSC, the surplus power is exported to the grid.
Conversely, when the load requirement exceeds the power
converted by the VSC, the grid supplies the additional power
needed to meet the demand. This dynamic power exchange
ensures that the system remains stable and that the load al-
ways receives the required power. The State of Charge (SOC)
of the battery is presented in Fig. 21 (b).

Since the reference power (150 kW and 140 kVAr) is set
lower than the combined power generated by the PV and
wind systems, the battery remains in charging mode
throughout the simulation. This results in a continuous in-
crease in the SOC over time, as excess energy from the gen-
eration sources is stored in the battery. The charging behav-
ior of the battery ensures efficient utilization of surplus
power, preventing unnecessary wastage and enhancing sys-
tem efficiency. This case demonstrates the response of the
system to load variations while keeping the generation con-
ditions constant. The VSC effectively maintains constant
power conversion based on reference values, ensuring a sta-
ble power supply. The grid plays a crucial role in balancing
the power demand by either absorbing surplus energy or
supplying additional power when needed. The battery re-
mains in charging mode due to the surplus energy generated
from PV and wind sources, leading to an increase in SOC over
time. These results highlight the system’s ability to manage
load fluctuations efficiently while optimizing energy utiliza-
tion through battery storage and grid interaction.
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7. Conclusion

This study presents the application of Grey Wolf Optimiza-
tion (GWO) for tuning Proportional-Integral (Pl) controllers
in a PV-Wind-Battery-based microgrid to enhance power
flow control and DC link voltage regulation. The integration
of renewable energy sources introduces dynamic and non-
linear variations in power generation, making conventional
Pl tuning methods inadequate for achieving optimal system
performance. To address this challenge, the GWO algo-
rithm is employed to optimize the Pl controller gains, lever-
aging its superior exploration and exploitation capabilities.
The proposed GWO-tuned PI controllers are implemented
in the Voltage Source Converter (VSC) control strategy,
where active and reactive power control is adopted for ef-
ficient energy distribution. Additionally, Perturb & Observe
(P&O) MPPT is used for PV power extraction, while an adap-
tive P&0O MPPT is applied to the wind generation system to
ensure maximum power tracking under varying environ-
mental conditions. The performance of the GWO-based PI
controller is evaluated through extensive simulations and is
compared with conventional Ziegler-Nichols (ZN), Genetic
Algorithm (GA), and Particle Swarm Optimization (PSO)
based tuning approaches. Simulation results demonstrate
that the GWO-optimized Pl controllers significantly im-
prove dynamic response, steady-state accuracy, and power
balance within the microgrid. The optimized controllers
achieve faster response times, reduced overshoot, and im-
proved DC link voltage stability, leading to enhanced sys-
tem reliability. Furthermore, battery charging and discharg-
ing behaviour is effectively regulated based on real-time
power generation and load variations, ensuring efficient
energy management. The GWO-based PI tuning approach
proves to be an effective optimization technique for power
flow control and DC link voltage regulation in microgrid sys-
tems with multiple renewable energy sources. The findings
of this study contribute to the advancement of intelligent
microgrid control strategies, enabling more resilient, sta-
ble, and efficient integration of renewable energy into
modern power systems. Future work can explore hybrid
optimization techniques and real-time hardware imple-
mentation to further validate the effectiveness of GWO-
based controllers in practical applications.
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