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Abstract

This research evaluates the performance of six metaheuristic algorithms in the active and reac-
tive power management of wind turbines (WTs) integrated into an AC microgrid (MG). The
population-based genetic algorithm (PGA) is proposed as the primary optimization strategy
and is rigorously compared against five benchmark techniques: Monte Carlo (MC), particle
swarm optimization (PSO), the JAYA algorithm, the generalized normal distribution optimizer
(GNDO), and the multiverse optimizer (MVO). This study aims to minimize, through inde-
pendent optimization scenarios, the operating costs, power losses, or CO, emissions of the
microgrid during both grid-connected and islanded modes. To achieve this, a coordinated con-
trol strategy for distributed generators is proposed, offering flexible adaptation to economic,
technical, or environmental priorities while accounting for the variability of power generation
and demand. The proposed optimization model includes active and reactive power con-
straints for both conventional generators and WTs, along with technical and regulatory limits
imposed on the MG, such as current thresholds and nodal voltage boundaries. To validate
the proposed strategy, two scenarios are considered: one involving 33 nodes and another
one featuring 69. These configurations allow evaluation of the aforementioned optimization
strategies under different energy conditions while incorporating the power generation and
demand variability corresponding to a specific region of Colombia. The analysis covers
two-time horizons (a representative day of operation and a full week) in order to capture both
short-term and weekly fluctuations. The variability is modeled via an artificial neural network
to forecast renewable generation and demand. Each optimization method undergoes a sta-
tistical evaluation based on multiple independent executions, allowing for a comprehensive
assessment of its effectiveness in terms of solution quality, average performance, repeatability,
and computation time. The proposed methodology exhibits the best performance for the three
objectives, with excellent repeatability and computational efficiency across varying microgrid
sizes and energy behavior scenarios.
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1. Introduction
1.1. Problem Description

In recent years, the global shift towards renewable energy sources and distributed
generation technologies has significantly accelerated the transformation of electrical sys-
tems, driving improvements in sustainability, efficiency, and resilience [1]. In this evolving
landscape, microgrids (MGs) have emerged as a key solution, given their ability to integrate
a wide variety of distributed energy resources and operate flexibly in both grid-connected
and islanded modes. This flexibility entails more efficient energy management, balances
local generation and demand, improves system reliability, and contributes to reducing
environmental impacts [2,3]. Moreover, the growing global energy demand, in addition
to the technical, economic, and environmental constraints of conventional power systems,
further highlights the need for innovative and decentralized paradigms (e.g., MGs) to
address the challenges of operating modern power systems [4,5].

MGs are small- to medium-scale systems that coordinate multiple distributed gener-
ators (DGs) to optimize the use of locally available energy resources [5]. Depending on
system configuration and operational criteria, MGs can seamlessly transition between grid-
connected [6] and islanded [7] operations. Among the renewable technologies integrated
into MGs, wind turbines (WTs) play a prominent role due to their widespread availability,
their ability to generate power around the clock, their low maintenance costs, and their lack
of greenhouse gas emissions [8,9]. These attributes align closely with global sustainability
goals, particularly with those aimed at reducing dependence on fossil fuels and mitigating
environmental degradation.

The intelligent operation of renewable energy sources has been widely studied in
recent years, with a particular emphasis on photovoltaic systems (PVs). Numerous opti-
mization strategies have been proposed in this regard, often yielding high-quality solutions
with low computational effort [10-12]. However, most of these studies lack a rigorous
statistical evaluation of performance and repeatability, which is essential for ensuring
operational reliability in real-world applications. Optimization strategies applied to MGs
must guarantee the best possible performance in every execution while maintaining short
processing times in order to effectively respond to the inherent variability of both gen-
eration and demand. Ultimately, these strategies should aim to enhance the economic,
technical, and environmental performance of power systems.

In contrast, wind generation has received less attention in the development of intelli-
gent operation strategies despite its high potential to address emerging challenges, particu-
larly the curtailment of renewable energy in countries with high levels of penetration [13].
Unlike PVs, WTs can operate continuously throughout the day, and when active power
injection is not possible, their power converters can be leveraged to supply reactive power,
thereby enhancing voltage support and improving system stability [14]. Nowadays, this
characteristic is especially valuable in the global energy context, where the need to maximize
the utilization of renewable resources is more urgent than ever. In this vein, the efficient
operation of WTs within electrical networks, particularly in MGs, has become a critical
research focus necessary for progressing toward more flexible, resilient, and sustainable
power systems.
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1.2. Literature Review

To enable the effective integration and intelligent dispatch of WTs in MGs, it is essential
to develop advanced power management strategies [15]. These strategies must ensure
the optimal utilization of generation resources while observing the fundamental technical
constraints, such as the active and reactive power balance, voltage and current limits,
and the operational boundaries of generation units [16].

Below is a review of the most relevant studies that address the optimal operation of
WTs, with a specific focus on strategies involving the coordinated control of active and
reactive power.

In [17], the authors aim to reduce energy loss in 84- and 32-node test systems by
implementing a PSO-based energy management strategy for the intelligent integration and
operation of WTs. Different case scenarios are analyzed by varying the number of installed
turbines—each with a heuristically assigned nominal power. This study reports energy loss
reductions of up to 50.72% in the 84-node system and approximately 73% in the 32-node
system. However, the WTs are operated at their maximum power point while considering
a fixed power factor without adjusting the active and reactive power according to system
demand, which limits the adaptability and practical applicability of the approach.

In [18], the focus shifts to minimizing operating costs, emissions, and losses in
a 30-node system by replacing diesel generators with wind farms at specific nodes. The pro-
posed strategy includes fixed-step active and reactive power control, considering the
network’s technical constraints. Despite achieving substantial improvements, the fixed-step
nature of the control limits the responsiveness of generation units. A continuous control
framework could enhance adaptability to load variations and better support the technical,
economic, and environmental performance of the system.

The authors of [19] address the optimal power dispatch problem through a day-ahead
WT power injection strategy based on the NSGA-II algorithm [20]. Their multi-objective
formulation accounts for a detailed hourly power flow analysis and multiple operational
constraints, including voltage profiles, transformer tap positions, and harmonic distortion.
Implemented on 33-, 69-, and 29-node test systems, the methodology consistently improves
technical performance but leaves room for future work on economic and environmental
optimization, as well as on the exploration of alternative metaheuristic algorithms.

In [21], a multi-objective approach is proposed to enhance the technical performance
of networks integrating PV, WT, and electric vehicle resources. Using the cooperative
dual population evolutionary algorithm (c-DPEA), collective cell migration optimization
(CCMO), and the weighted optimization framework (WOF), the authors optimize the
reactive power dispatch of systems with 14, 33, 39, and 118 nodes. The results demonstrate
that intelligent reactive power control significantly reduces losses and voltage deviations,
with the CDPEA outperforming other methods in dynamic environments.

In the work by [22], the objective is to reduce the operating costs and energy losses of
an MG. To this effect, a Monte Carlo algorithm is used in conjunction with an interval-based
optimal power flow model that accounts for wind variability. The test system considered is
the IEEE 118-node benchmark feeder, which includes eight WTs. The power injection of
each turbine is managed through the intelligent adjustment of their corresponding power
output intervals. The results demonstrate that the proposed strategy effectively addresses
the problem, although performance could be further improved by directly optimizing the
WTs’ power injections rather than merely managing their allowable power intervals through
the Monte Carlo approach. This could lead to higher efficiency and increased benefits.

The study presented in [23] focuses on minimizing the operating costs of a 30-node
MG. To this effect, several scenarios are analyzed that involve different combinations of PVs
and WTs while accounting for the inherent uncertainty of these renewable technologies.
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A genetic algorithm (GA) is employed to manage the active power injected by renewable
generators. While this approach delivers a satisfactory performance, it could be enhanced
by incorporating the PGA variation of this methodology. Additionally, the framework
could be expanded by introducing objective functions aimed at improving the system’s
technical conditions.

In [24], a GNDO algorithm is implemented to improve the economic performance
of a power system that includes thermal units, PVs, and/or WTs within the framework
of four case studies. The proposed strategy outperforms other benchmark techniques
presented in the paper, but it does not consider technical constraints such as line current
limits or nodal voltage variations.

To reduce power losses in a 28-node test system, the work by [25] employs the JAYA
algorithm, which achieves this goal through the strategic placement and intelligent manage-
ment of PVs and WTs. Although the approach exhibits improvements in terms of technical
performance compared with other benchmark techniques and the base case, it does not
account for line current constraints or reactive power injection from the WTs.

In [26], the authors aim to minimize the operating costs and energy losses of a 30-node
power network. To this effect, an MVO for managing its PVs and WTs is applied. The pro-
posed strategy outperforms all other benchmark methods under study. However, this
paper does not specify the technical constraints considered in the analysis.

To provide a comprehensive and critical overview of prior research focused on improv-
ing MG performance through intelligent wind generation management, Table 1 compiles
some key studies, outlining the methodologies adopted, the test systems utilized, the indi-
cators considered for optimization, and the type of power managed—be it active, reactive,
or a combination of both.

Table 1. Summary of recent research on optimization problems involving intelligent WTs management.

Power Management

Research Proposed Methodology Test System Objective Function Approach
[27] Effective whale optimization IEEE 6-, 14-, 30-, Operating costs, Active power
algorithm (EWOA) 118-node systems voltage stability P
Chaotic-based big bang-big crunch g Energy losses, . .
[28] algorithm (CBCA) IEEE 37-node system voltage stability Active and reactive power
[22] Monte Carlo algorithm (MC) IEEE 118-node system Operating costs, Active and reactive power
energy losses
[23] Genetic algorithm (GA) IEEE 30-node system Operating costs Active power
. T Operating costs, . .
[29] Particle swarm optimization (PSO) IEEE 30-node system Active and reactive power
energy losses
Generalized normal distribution . .
[24] optimization (GNDO) IEEE 14-node system Operating costs Active power
[25] JAYA algorithm IEEE 28-node system Energy losses Active power
[17] IEEE 32-, 84-node systems Energy losses Active power
[26] Multiverse optimizer (MVO) IEEE 30-node system Operating costs, Active power

[30]

energy losses
Operating costs,

IEEE 14, 30 node systems
energy losses

Active power

1.3. Identified Research Needs and Opportunities

Our review of the most relevant works on the optimal operation of WTs in MGs
(Table 1) reveals several common patterns in the existing methodologies. Most proposals
employ well-established metaheuristic algorithms such as PSO, GAs, and variants of evolu-
tionary techniques that are primarily focused on active power control. The widespread use
of these strategies is due to their ease of implementation, their ability to handle multiple de-
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cision variables, and their strong performance when solving complex problems in contexts
where exact methods or commercial tools often fail or show limited effectiveness [31].

Additionally, the test systems commonly used in these studies feature small-scale
topologies, e.g., 14-, 33-, 34-, or 69-node networks, mostly under grid-connected conditions.
Regarding the objective functions considered, there is a strong emphasis on minimizing
operating costs and technical losses, with a limited integration of environmental indicators.
Moreover, the validation methods employed are generally deterministic, with little or
no consideration of statistical repeatability and, in many cases, with no assessment of
computation times. This limits the understanding of the robustness and applicability of
these methodologies in real-world scenarios.

The key gaps observed in this comparative analysis have motivated this study. Firstly,
only a few works address the coordinated control of both active and reactive power in
WTs within MG environments, despite these devices” great potential for providing voltage
support through power electronic converters, especially in scenarios where active power
injection is limited or curtailed (i.e., renewable energy curtailment events). Secondly, most
of the existing methodologies fail to simultaneously consider the three fundamental pillars
of energy system performance: technical indicators (e.g., voltage quality and power losses),
economic indicators (e.g., operating costs), and environmental indicators (e.g., CO, emis-
sions). This limits their applicability in addressing the multifaceted challenges currently
faced by modern power systems.

Furthermore, it is evident that operational strategies must be adaptive and capable
of effectively responding to the shifting priorities of grid operators and asset owners,
which can vary depending on system conditions and external factors. At times, economic
efficiency may be the main concern. In other situations, technical reliability becomes critical,
and during environmental crises, minimizing the environmental impact associated with
energy consumption takes precedence. Therefore, it is essential to develop a strategy that
delivers optimal performance regarding economic, technical, and environmental aspects,
allowing for intelligent and efficient energy management that is aligned with the real-world
operational requirements of MGs in both grid-connected and islanded modes.

1.4. Proposed Optimization Methodology and Performance Validation

In light of the research opportunities identified in the literature, this study addresses
current challenges by proposing a novel optimization framework for WT-based MGs that
is capable of managing the active and reactive power outputs from WTs while considering
their operation in both grid-connected and islanded modes. The optimization objectives
include the minimization of operating costs, energy losses, and CO, emissions (critical
performance indices in AC MG operation) while considering key technical constraints
such as power balance, generator capacity limits, current thresholds, and voltage bounds,
all of which reflect the real operational behavior of AC MGs. Due to the nonlinear and
high-dimensional nature of the problem, metaheuristic algorithms are employed, given
their proven ability to efficiently solve large-scale and complex tasks involving power
systems optimization.

To solve the proposed mathematical model, a two-stage optimization methodology is
implemented. In the first stage, the PGA is used to determine the optimal dispatch of active
and reactive power from WTs over a 24-hour horizon. In the second stage, the successive
approximations (SA) method is applied to perform hourly power flow analyses, assessing
the feasibility and quality of candidate solutions through a fitness function that aims to
fulfill the established objectives while observing the problem’s constraints. The choice of
the PGA as the core optimization strategy is driven by its robust global search capability,
resilience to premature convergence, and adaptability to highly constrained, nonlinear
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problems [32]. Its population-based approach enables a broad exploration of the solution
space, which is particularly advantageous for high-dimensional tasks such as the joint
control of active and reactive power in WTs. Moreover, although the PGA has been
successfully applied in related contexts involving PVs and battery storage, its use in wind-
based MG scenarios remains largely unexplored [31,33,34], which makes it a promising
and technically justified candidate for addressing the multi-criteria energy management
problem under study.

In grid-connected mode, the MG assumes the presence of a main grid at the slack
node, which is capable of supplying or absorbing power as required. In islanded mode,
the slack node is replaced by a diesel generator, introducing generation constraints that
must be observed to ensure long-term system reliability. The reverse power flow at the
slack node is also restricted in this mode.

To ensure a fair and thorough evaluation, several well-established metaheuristic
algorithms were selected, adapted, and tuned as comparison methodologies, including
PSO, MC simulation, the GA, the JAYA, the GNDO, and MVO. As summarized in Table 1,
most of these algorithms have primarily focused on active power control, and only a few
(notably PSO and MC) have been used to address active and reactive power regulation.
Moreover, current studies tend to optimize economic and technical objectives, such as
operating costs and energy losses, while often neglecting environmental impact as a key
optimization criterion.

For our comparison, the parameter types reported by the original authors (e.g., popu-
lation size, number of iterations, learning rates) were preserved to ensure methodological
consistency. These parameters were then tuned within literature-supported ranges to
maximize the performance of each algorithm for the studied problem. Furthermore, all
optimization methods employed the same SA load flow model to evaluate the feasibility
and system-level impact of the proposed solutions. This ensured that the comparison was
carried out under homogeneous technical conditions, making the benchmarking process
both fair and technically sound.

To validate the proposed approach, a literature-reported 33-node MG model was
adapted and tested in both operating modes. The system incorporated variable generation
and demand profiles based on the typical conditions of Colombia. A statistical analysis was
performed in order to evaluate the solution quality, repeatability, and processing times of
each algorithm. Additionally, the adapted version of a 69-node system was used to model
a more dynamic seven-day operation scenario. Daily demand and renewable generation
profiles were generated using artificial neural networks (ANNSs), allowing for a realistic
representation of temporal fluctuations.

1.5. Main Contributions

This research makes significant contributions to both the academic field and the electri-
cal power sector. From an academic perspective, it introduces the PGA to the coordinated
active and reactive power control of WTs within MGs while optimizing economic, tech-
nical, and environmental performance indicators. This novel application addresses clear
gaps in the existing literature, as most studies have primarily focused on active power
management or on isolated objectives, often neglecting a comprehensive assessment of
system performance. The proposed optimization methodology is designed to be flexible
and adaptive to changing operational priorities. As previously mentioned, its effectiveness
is validated through testing on 33- and 69-node MGs, performing statistical analyses regard-
ing solution quality, repeatability, and computational performance. A comparative study
against six well-established metaheuristic algorithms is also conducted under standardized
evaluation conditions, ensuring fairness and reliability in the benchmarking process.
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From the perspective of the electrical power sector, this study provides a practical
and intelligent tool for improving MG operation under real-world conditions while in-
tegrating wind energy. The proposed strategy enhances decision-making in dynamic
environments by addressing key challenges such as renewable energy curtailment and the
need for reactive power support. By simultaneously minimizing operating costs, technical
losses, and CO; emissions, our methodology supports sustainability goals and the global
transition to cleaner energy systems. In addition, the optimization framework accounts
for realistic technical constraints (e.g., voltage, current, and generation limits), as well as
for specific considerations regarding islanded operation. These characteristics ensure its
applicability within regulatory and operational settings, contributing to the advancement
of next-generation energy management solutions for distributed renewable systems.

1.6. Document Structure

This document is structured as follows. Section 2 presents the three objective functions,
which aim to minimize operating costs, energy losses, and CO, emissions, along with their
corresponding constraints, which ensure that the implemented strategies remain within the
technical limitations of the MG. Then, Section 3 outlines the solution methodology, which
consists of two stages: one that applies metaheuristic techniques and another that utilizes
SA to perform hourly load flow analysis and thus form the fitness function. Section 4 intro-
duces the test systems considered, i.e., the aforementioned 33- and 69-node MGs, which can
operate in both grid-connected and islanded modes. Section 5 presents the results obtained
for each of the techniques used in relation to all objective functions and modes of operation.
Finally, Section 6 provides an analysis of the results and outlines the conclusions of this
study, along with potential directions for future research.

2. Mathematical Formulation

This section presents the mathematical formulation employed to define the opti-
mization problem addressed in this study. First, a graphical representation of the MG
components is provided. Then, the mathematical models of the objective functions (the
minimization of operating costs, power losses, or CO, emissions, as applicable) are intro-
duced. Additionally, the technical constraints associated with the system components are
detailed, with the purpose of providing realistic and feasible solutions.

Figure 1 presents a simplified schematic of the MG architecture, illustrating the intelli-
gent operation of the WTs considered in this study. The diagram depicts a representative
AC MG with five nodes. This grid incorporates WTs equipped with their corresponding
power electronic converters, which enable the injection and control of both active and
reactive power, as well as loads, distribution lines, and conventional generators, allowing
for grid-connected and islanded operation. This configuration facilitates the visualization
of the main components involved in our intelligent energy management strategy and its
corresponding mathematical model, as it considers the steady-state operation of the MG.
This includes the main grid or the diesel generator at the reference node (i.e., the slack node),
the loads, and the WTs, as well as the most relevant operational constraints (i.e., voltage
and current limits, generation capacities, and converter ratings). The figure identifies the
system’s key variables and their interactions within an optimized operation framework
aimed at minimizing three fundamental objective functions: operating costs, energy losses,
and CO, emissions. These functions are modeled independently to allow for flexible selec-
tion by the system operator, and they are analyzed in the context of an intelligent generator
management strategy that ensures efficient operation within the permitted technical limits.

The three objective functions adopted in this study represent essential performance
criteria from economic, technical, and environmental perspectives. Rather than applying
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a multi-objective optimization scheme with weighted aggregation, the proposed method-
ology follows a flexible single-objective formulation in which each objective is indepen-
dently defined and optimized. This design allows microgrid operators to prioritize spe-
cific goals—such as cost minimization, energy efficiency improvement, or CO, emissions
reduction—based on real-time operational needs or strategic requirements. Such flexibility
reflects practical microgrid operation, where priorities may shift over time due to varying
constraints, regulations, or energy policies [35].

Power Generation Limits
prtmax pwtmin
Qutmin

Wind Turbine

jQum:

Power

Nominal Power Limit
Converter

Swt

‘ . Nodal Voltage Limit
‘ - | Vimax-Vimin|

Electrical
Network

Diesel Generator
o >y
Power Generation ___ . @ N
Limits : B8
Load &

Line Current Limit Control signal
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- |
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Smart Ve ) Objective Functions * \ ° o
Operation $ S Co,

Figure 1. Architecture of a WT-based MG.

This formulation enhances the practical applicability of the proposed approach, en-
abling tailored decision-making in both grid-connected and islanded modes. Additionally,
it guarantees a technically sound and efficient dispatch of both active and reactive power
from wind-based distributed generation in alignment with the selected operational crite-
rion. The objective functions and constraints used to formulate the optimization problem
are described in the following sections.

2.1. Operating Costs Minimization (FO1)

The objective function FO; seeks to minimize the daily operating costs of the MG. This
function incorporates the cost of both energy purchasing and maintenance associated with
the WT, as detailed in Equation (1).

FO; —min<CkWh Y. Y PuAh+Coem Y, ), Pﬁ,fAh) (1)

heQy i€Qyr heQy i€Qyr

In this equation, Cyyy;, denotes the unit cost of the energy produced by conventional
generators, while Cpg s corresponds to the operation and maintenance cost of the WTs.
The variable P}, indicates the active power supplied by conventional generators at node
i and hour i, whereas Pz%t represents the active power generated by the WTs at node i
during hour k. The summation is performed for all hours /1 € ()4, within the 24 h operation
horizon and across all nodes i € Q) within the MG. The parameter Ah represents the
duration of each time interval—1 h in this case. In this objective function, the power
supplied by conventional generators may correspond to energy purchased from the main
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grid during grid-connected operation or to energy produced by diesel generators within
the MG in islanded mode.

2.2. Energy Losses Minimization (FO,)

The objective function FO; aims to minimize the total energy losses associated with
power transmission within the MG. This is expressed in Equation (2).

FO; =minEjpes = min| Y ¥ Ry|[;|?Ah )
heQy, i€Qy

In this equation, Q; denotes the set of lines in the system, while R; and I? represent
the resistance of line / and the squared current flowing through it, respectively, as a result
of power management within the MG.

2.3. Minimizing CO, Emissions (FO3)

The third objective function (FO3) aims to reduce the MG’s CO, emissions associated
with energy production by conventional generators. This is illustrated in Equation (3). Un-
like the economic objectives, emissions are not monetized in the objective function. Instead,
they are used as an environmental performance indicator to support decision-making, espe-
cially in environmentally sensitive areas like the city of Medellin, Colombia. This approach
allows operators to evaluate trade-offs between economic, technical, and environmental
goals based on changing priorities without assigning a fixed monetary value to emissions.

FO3 = min Eco, = min< Y Y CE PShAh> 3)

hGQH i€Qn

Most of the terms in this function have been explained in Equation (1), with the
exception of CE;, which represents the emissions associated with the conventional generator
installed at node i. It is important to note that this function does not account for emissions
from the WTs, as this technology, similar to PVs, does not produce emissions related to
energy production [36,37].

2.4. Constraints

The operation of WTs within MGs is governed by a series of constraints associated
with the technical limitations of the grid’s equipment, as well as with its operational
requirements. These include the line loading limits, the allowable nodal voltage variations,
the overall power balance, and the minimum and maximum active power generation limits
of both the conventional generators and the WTs.

The active power balance in an MG for each hour of operation is represented by the
following equation:

Plg; P h— zhz hCOS 1h 991]) (4)
jEN

In Equation (4), Plg; represents the active power supplied by the conventional generator
at node i during hour ki, while Pf,lh denotes the active power demanded by the loads at the
same node and hour. V; , and V; , represent the voltage magnitudes at nodes i and j at the
same hour, respectively, and Y; ; is the magnitude of the admittance between nodes i and j.
In addition, 6;, and 6, , correspond to the voltage phase angles at these nodes for hour h.
Finally, the term ¢; ; refers to the phase angle of the admittance between nodes i and j.
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Equation (5) defines the reactive power balance, ensuring that, at each node and every
hour, the reactive power of the system remains within equilibrium.

Ol — QY = Vi T YigVisin (61— 630 — o) ©
jeEN

Here, Qﬁ represents the reactive power injected by the conventional generators,
and Qfl’h denotes the reactive power demanded by the loads connected to the MG, both at
node i during hour 1. Meanwhile, Q) ! corresponds to the reactive power supplied by the
WTs at the same node and hour. This equation ensures proper management and reactive
power balance at each node in the system.

In order to limit the active power output of the conventional generators and thereby
prevent overloading, Equation (6) is employed.

P;gc,mm < Plg:'; < Pigc,max (6)

Here, Plgc’min and Pl.gc’max represent the minimum and maximum active power gen-
eration limits of the conventional generators at node i. It should be emphasized that,
in grid-connected mode, these power limits are determined by the energy export capa-
bilities of the grid at the connection point, which is the typical scenario. In contrast,
during islanded operation, these limits are defined by the power constraints of the diesel
generators, which generally range from 40% to 80% of the fossil fuel-based generation
plant’s nominal capacity.

In addition, as shown in Equation (7), it is crucial to establish a constraint on the
reactive power of conventional generators in order to ensure that their operation stays
within the nominal capacity limits.

Q(igc,min th < Qgc ,max (7)

where Q‘fc’mm and Q?C’max represent the minimum and maximum reactive power limits for
each conventional generator at node i.

Furthermore, for the islanded operation mode, two additional constraints are incorpo-
rated to ensure that the diesel generator installed at the slack node only injects active and
reactive power into the system. In this study, the mathematical model considers both the
main grid and the diesel generator as conventional generation sources. These constraints,
presented in Equations (8) and (9), explicitly prevent power absorption at the slack node.
This is crucial because, unlike the grid-connected mode, where the main grid can absorb
surplus energy, the diesel generator lacks energy storage or absorption capabilities. As a re-
sult, these restrictions are necessary to reflect the physical limitations of the MG and ensure
a feasible operational strategy under isolated conditions.

0< Pf,j 8)
0 < Qf, )
The active power injection of the WTs can be represented using Equation (10).

Pwt ,min < P < Pwt maxth (10)

where P*/™" and PP"™® denote the minimum and maximum power limits of the WTs,
respectively, while GZ” denotes the wind generation factor at hour /. This factor is deter-
mined by the wind speed and the technical characteristics of the wind turbine, i.e., the
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power generated by the WTs is constrained by both wind availability and the installed
capacity of the turbines.

Additionally, the reactive power injection capabilities of wind turbines (WTs) within
the microgrid must be explicitly considered to ensure realistic operational constraints.
The electrical configuration for the connection of the WT in the microgrid is presented in
Figure 2. As shown, the wind turbine is connected to the grid through a full-scale power
converter system consisting of a back-to-back converter with a DC-link capacitor. This
architecture enables both voltage and frequency regulation, as well as decoupled control of
active and reactive power. In particular, the grid-side converter independently regulates
the injection of active power (Pl-’f;f) and reactive power (Q% ) at each time interval, ensuring
that both remain within the converter’s apparent power limit (5**). This capability allows
the WT to flexibly manage active power delivery and provide voltage support to the grid,
which is crucial for improving the flexibility and operational reliability of the microgrid,
especially under variable generation and demand conditions. Equation (11) ensures that
the total power injected by the converter remains within its rated apparent power capacity.

(i) +(Q)? < 5 an
. ?‘;f Power converter systems Wind generator
Grid Lh B e R 3
-— ' 1
I 1
LT ek AN
wi ‘= :
ih
g

Figure 2. Active and reactive power control of WTs [38].

In this context, Equation (12) defines the maximum allowable reactive power Q?‘Z’max

that a WT can inject at node i during hour / as a function of its active power output.
This limitation arises from the control strategy implemented through the turbine’s power
converter, whose capacity restricts the range of reactive power support. The converter
enables reactive power compensation, particularly in scenarios of low wind generation
or when active power injection is curtailed due to the operational constraints of the grid,
allowing for better utilization of the converter’s capacity to support voltage regulation and

overall system stability [39].
Qi ™™ = /15wt = P12 (12)

This expression is derived from the apparent power triangle, where the square of the
apparent power S is the sum of the squares of the active power P and the reactive power Q,
i.e., % = P?2 4 Q?, which is described in Equation (11).

Physically, this equation reflects a fundamental inverter limitation: the converter can
only handle a certain maximum current, which translates into a maximum apparent power.
As more active power is dispatched, a lower capacity remains for reactive power. This
creates a circular constraint in the P-Q plane, where the feasible operating region lies
within a circle of radius Sy.

By enforcing this relationship, the model ensures that the WTs operate within the
safe and feasible region of the power converter’s capability curve, which is essential for
maintaining voltage stability and preventing overloading, especially in scenarios of high
renewable penetration.
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This relationship allows defining the reactive power injection limits of the WTs, as ex-
pressed in Equation (13).
qut,min < Qwht < Qz'uht,max (13)
1 - Lh — 1,

zyt,min
1
for the WTs at node i. In this study, this value is assumed to be zero, as reactive power

consumption by the WTs is not considered. The upper bound Q"™ is time-dependent

In this equation, Q represents the minimum reactive power injection allowed

and varies according to the active power output at each hour /, as defined by Equation (12).

This dynamic bounding ensures that the reactive power injection remains within the
feasible limits imposed by the converter’s apparent power capability. This bounding is
adapted on an hourly basis according to the active power dispatch. Such constraints are
critical for accurately modeling the operational flexibility of WTs in supporting voltage
regulation and overall MG stability.

Equation (14) introduces a constraint to ensure that the voltage magnitude at each
node remains within predefined operational limits, a necessary condition for maintaining
the stability and reliable operation of the system. These voltage limits are established in
accordance with the national regulations applicable to the distribution system operator,
ensuring compliance with local technical standards and regulatory frameworks. In this
equation, V™" and V™2 denote the minimum and maximum permissible voltage levels at
node i, respectively.

Vimin S Vi,h S Vimax (14)

As the final constraint, Equation (15) ensures that the current flowing through each
line of the MG does not exceed its nominal capacity, thus preventing overloading and
contributing to the secure operation of the system. This current limit is determined by
the constructive characteristics of the MG, as defined during its design and construction
phases, and reflects the thermal and operational capacity of the distribution infrastructure.

Lijn| < L™ (15)

Here, I;;;, refers to the current in the line between nodes i and j at hour h, while
Il-r]’-laX denotes the maximum current capacity of the line, beyond which its integrity may
be compromised.

These constraints, together with the objective functions designed to minimize op-
erating costs, energy losses, and CO, emissions, constitute the core of the proposed op-
timization framework. This mathematical model allows for a realistic and technically
sound representation of the operation of wind-based MGs under both grid-connected and
islanded conditions. The formulation captures the essential dynamics and operational
decisions associated with active and reactive power dispatch. Moreover, the inclusion of
detailed technical constraints, such as power balance, voltage and current limits, and gen-
eration capabilities, ensures that all optimization results remain within the real physical
and regulatory boundaries that govern the operation of practical AC MGs. As such, this
framework constitutes a robust tool for analyzing and improving the performance of MGs
while respecting their actual operational limitations.

3. Solution Methodology

This section of the paper presents the methodology employed to address the optimiza-
tion problem under study, including the solution’s encoding, the algorithms used, and the
parameter tuning approach adopted to maximize their performance.
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3.1. Encoding for Solving the Proposed Optimization Problem

To address the studied optimization problem, six metaheuristic techniques were im-
plemented, with the PGA as the primary strategy. As previously mentioned, the remaining
methods used for comparison included the MC algorithm, PSO, JAYA, GNDO, and MVO.
These techniques were selected due to their proven effectiveness in previous research,
particularly when it comes to solving nonlinear and multi-nodal problems.

Figures 3 and 4 illustrate the encoding scheme adopted for the active and reactive
power injection of the WTs, respectively. These are per-unit values (p.u.) and are bound by
the technical operating limits of both the turbines and their power electronic converters,
as defined in Equations (10), (12) and (13). The active power range is determined by the
wind profile at each hour and the rated capacity of the turbines, with the minimum value
typically set to zero, representing shutdown conditions. The reactive power is constrained
by the converter’s remaining capacity after satisfying active power requirements. This
ensures that the total apparent power does not exceed the converter’s nominal rating.

| .
[ > Active Power <€

h=1 h=2 h=23 h=24 h=1 h=2 ... h=23 h=24 h=1 h=2 ... h=23 h=24
[021]033] .. Jo71]069]037]041] .. [1.10]1.01]0.11]023] .. [1.20]1.25]

|—> Wind Turbine 1 <—|—> Wind Turbine 2 <—|—> Wind Turbine 3 €——

Figure 3. Active power component of the WTs.

| . |
I > Reactive Power € |

h=1 h=2 ... h=23 h=24 h=1 h=2 h=23 h=24 h=1 h=2 ... h=23 h=24
[0.04]011] .. J0.29]0.21[0.10[0.09] ... [0.05]0.54]0.08[0.15] ... [0.64]0.03]

> Wind Turbine 1 <—F—> Wind Turbine 2 «<—F—> Wind Turbine 3 «—]

Figure 4. Reactive power component of the WTs.

Figure 5 presents the complete encoding structure used in the optimization process.
This structure integrates both active and reactive power decision variables into a single vec-
tor of size 2 X (NH x NWT), where NH denotes the number of hours in the optimization
horizon (24 in this case) and NWT the number of WTs. In the case under study, this results
in a total of 144 continuous variables. Each individual (candidate solution) generated by
the metaheuristic algorithm is initialized and constrained within the feasible power limits
defined for the WTs and their converters, ensuring that the operational boundaries are
respected from the outset of the optimization process.

| > Codification of Wind Turbines < |

| AG1 | AG2 | aAc3 | aAc1t | Ac2 | AG3 |

|—> Active Power < I > Reactive Power <—|

Figure 5. Complete encoding of the optimization problem.

This codification is essential for maintaining solution feasibility throughout the process
and guiding the search toward realistic and implementable results. Moreover, the nonlinear
and high-dimensional nature of the problem arising from the interdependence between
power injections and grid constraints makes it particularly challenging to solve using
conventional optimization techniques. In light of this, advanced metaheuristic algorithms
are employed to efficiently explore the solution space and identify high-quality operational
strategies for the MG.
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To assess the performance of the metaheuristic methods used, a comparative analysis
was conducted. This analysis evaluates how well each method minimized the operating
costs, energy losses, and CO; emissions of the MG, which helped to identify the most suit-
able optimization approach for systems of this type and for specific operational scenarios.

3.2. Population-Based Genetic Algorithm (PGA)

The PGA is based on the evolutionary process observed in humans, animals,
and other living organisms, which involves selection, recombination, and random mutation
processes [40]. Unlike the traditional GA, the PGA employs evolution rules based on
descendant populations, allowing the entire parent population to be replaced by fitter de-
scendants that contain the best genetic information within their encoding, which accelerates
the convergence of the algorithm and improves the quality of its solutions.

The solution process for the proposed optimization problem is primarily divided into
two stages. First, the PGA must search for the operation scheme that achieves the best
impact on the defined objective function. Each individual in the population represents
a candidate schedule in terms of active and reactive power injection by the WTs.

In the second stage, the impact of each candidate solution is evaluated through
an hourly power flow analysis, which calculates the corresponding values of the objective
function and the system constraints based on the dispatched active and reactive power
of the WTs. These results are then processed by a fitness function, which penalizes the
objective function whenever any constraint is violated. This penalization strategy enhances
the exploration capability of the optimization method and contributes to reducing the
overall processing times [41].

The hourly power flow analysis conducted in this work was based on the SA method,
a numerical technique that allows for the efficient load flow analysis of electrical sys-
tems with low processing times and excellent convergence performance [42]. Specifically,
the method performs 24 load flow calculations, adjusting the generation and demand
profiles according to the data for each time period, and it evaluates the corresponding
impact on the objective function and system constraints for each hour.

With the nodal voltage values obtained from the load flow analysis and the system
parameters, it is possible to compute the effect on the objective function for each hour in the
analyzed day of operation while considering, through the adaptation function, the penalty
value applied when any constraint is violated. After analyzing all 24 h, the effects on the
objective function for each hour are summed, which yields the result for one day of MG
operation for each individual provided by the PGA.

The iterative process used to implement the PGA for efficiently solving the studied
optimization problem is as follows:

e  Step 1. The initial population is randomly generated, with active power values ranging
from zero (i.e., the minimum power output of the WTs) to the maximum power levels
produced by the turbines operating at their maximum power point during an average
day of operation. Similarly, the reactive power values to be supplied by the WTs are
randomly generated while considering the available capacity of the power converters.
Each individual in the population is encoded, as illustrated in Figure 5.

*  Step 2. The fitness function values of each individual in the population are evaluated
via an hourly power flow analysis based on the SA method, which will be described
later in this section. This evaluation depends on the selected objective function, which,
in this case, may involve minimizing operating costs, energy losses, or CO; emissions,
as applicable.

*  Step 3. After evaluating all individuals in the population, the best solution is stored as
the incumbent for the optimization problem.
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Step 4. Through selection, recombination, and mutation processes, a new offspring
population is generated in each iteration. During the selection process, four parents
are randomly chosen from the population. These parents compete against each other
to identify the two fittest candidates for recombination. Recombination generates
offspring by averaging the information contained within the parents, which is pos-
sible thanks to the continuous nature of the optimization problem. Then, mutation
introduces changes in the offspring by randomly generating values between the mini-
mum and maximum power limits assigned to the time periods selected for this effect.
The time periods for mutation and the number of periods dedicated to this process are
defined as PGA parameters, and they generally affect the proposed encoding.

Step 5. The fitness function of the offspring population is evaluated using the afore-
mentioned hourly power flow method.

Step 6. Based on the fitness values of the offspring and parents, a comparison is
made, and the parents with lower fitness than the best offspring are replaced. It is
possible that, in a given iteration, the entire parent population is replaced without
affecting convergence since the offspring’s encodings contain the information from
the best parents.

Step 7. The incumbent solution is updated.

Step 8. If the maximum number of iterations is reached, the incumbent solution is
selected as the optimal solution to the problem, and the iterative process is terminated.
If the maximum number of iterations is not reached, the process returns to Step 4,
and the iterations continue from there.

The pseudocode presented in Algorithm 1 is associated with the above-presented

process is as follows:

Algorithm 1: Iterative process of the PGA

Data: Read the parameters of the MG and the PGA

fort =1:itery,, do

if iter == 1 then

1. Randomly generate the initial population 2. Evaluate the fitness function
for each individual in the population using the hourly power flow 3.

Select the best solution as the incumbent
else
4. Generate the offspring population using selection, recombination,

and mutation processes 5. Evaluate the fitness function of the offspring
population using the hourly power flow 6. Replace parents with offspring
that improve the fitness function 7. Update the incumbent with the best
solution

8. if Has the stopping criterion been met? then
8.1 Terminate the iterative process and select the incumbent as the final

solution Break;

else
| 8.2 Return to Step 4

In this methodology, the fitness function is responsible for evaluating the impact of

each individual on the operating costs, energy losses, or CO; emissions of the MG, as well
as on its set of constraints. This function processes the data provided by the PGA and
ensures that each solution complies with the technical and operational constraints of the
MG. The evaluation allows the PGA to operate efficiently, ultimately guiding the search
toward the optimal solution for the MG.
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The process implemented for evaluating each of the individuals generated by the PGA
for each hour of the day is as follows:

e Step 1. The power demand of the users connected to the MG during hour / is entered.

*  Step 2. The active and reactive power supplied by the WTs in the system is entered
for hour h.

* Step 3. The system’s load flow for hour & is executed using the SA method. This
method calculates the magnitude of the nodal voltages in the network, which are
necessary for calculating the objective function and system constraints [42].

Vit = =Y diag ™ (V1) San + Yag Ve ] (16)

Equation (16) is used to calculate the nodal voltages, where thf represents the

voltages at all demand nodes during the h-th period of iteration ¢ 4 1. In addition,

Ydjl is the admittance matrix relating the demand nodes, and S, corresponds to the
power demand and the WTs’ generation. Yy , and V, j, represent the connection to the
reference node and its voltage, respectively. The recursive process converges when
the stopping criterion reaches a convergence tolerance of ¢ = 1 x 107 10.

*  Step 4. Using the previously obtained information, the objective function is calculated.
Depending on the case, this may refer to operating costs, energy losses, or CO;
emissions. Subsequently, the violations of the previously established constraints are
calculated. All of this is done for the hour & under analysis.

*  Step 5. Using the outcomes of the preceding evaluations, the fitness function inte-
grates the original objective function with penalty terms that are activated when key
constraints are violated. In this case, this has to do with the nodal voltage limits, line
current capacities, and diesel generator output bounds. As the problem is formulated
as a minimization task, constraint violations increase the objective function value,
discouraging the selection of infeasible solutions.

This penalization strategy not only enforces constraint compliance but also enhances
the optimizer’s ability to explore near-infeasible regions. This improves population
diversity, accelerates convergence, and often yields higher-quality solutions with
reduced computational effort [31]. The corresponding formulation of the fitness
function is presented below:

FF = FO + Pen (17)

Equation (17) represents the fitness function (FF), which is composed of the objective
function (FO) to be minimized and a penalty (Pen) that is applied if the established
loading and voltage constraints are violated. In this particular case, the best solution
of the FF corresponds to the smallest value found.

As penalty in the grid-connected case, the following is considered:

Pen = fPl ’ Vlload Jrpr : Vlvoltage (18)

In Equation (18), Vljpsg and Vlyojtsg, correspond to loading and voltage violations,
respectively, and fp; and fp, are penalty factors implemented when the aforemen-
tioned violations occur. These penalty factors were heuristically set as 1000, thereby
increasing the value of the associated objective function. This implies that the solution
quality will be reduced as a consequence of the penalties incurred due to violations.
On the other hand, for the islanded operation, two additional constraints must be
added, as shown in the following equation:

Pen = fPl : Vlload + pr : Vlvoltuge +]CPB: ) VlPslack + fP4 ’ Vldiesel (19)
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Here, Vijoqq and Viyjtaqe are the same as those mentioned in Equation (18), while
Vipsiack and Vljjeser correspond to the violations associated with energy sales at the
slack node and with generation outside the established limits of diesel generators.
It is worth emphasizing that, in this study, certain constraints are not included in the
fitness function since they are inherently satisfied through structural aspects of the
model that guarantee feasibility by design.
Specifically, the active and reactive power limits of the WTs are inherently satisfied
through the adopted encoding strategy (see Figures 3-5). Each candidate solution is
constructed within admissible power ranges determined by wind resource availability
and by the rated capacity of power converters. This approach ensures that the genera-
tion limits of the WTs are respected at all times without the need for penalization in
the adaptation function, which reduces the computational burden while improving
search efficiency.
Moreover, the active and reactive power balance within the MG is addressed through
a power flow analysis executed on an hourly basis. This analysis, based on the SA
method (Equation (16)), solves the Nonlinear Balance Equations (4) and (5), ensuring
that each candidate solution satisfies the physical laws governing power injection,
demand, and network behavior. As such, the power balance constraint is not handled
through penalty terms but rather through explicit calculation, which makes it an
intrinsic part of the model evaluation.
By managing these constraints in a structural fashion via encoding and power flow
analysis, the model avoids unnecessary penalization and enhances computational
efficiency, allowing the fitness function to focus solely on dynamic and system-
dependent constraints.
e Step 6. The fitness functions for each hour / are then summed to obtain a single value.
e  Step 7. Finally, the fitness function is sent to the PGA. This entire process is repeated
for each iteration performed by the algorithm, providing new parameters every time.

3.3. Algorithms Used for Comparison

To evaluate the effectiveness of the proposed approach, five widely used metaheuristic
algorithms (MC, PSO, JAYA, GNDO, and MVO) were employed to solve the same op-
timization problem. These methods were selected for their previous use in the optimal
operation of WTs within MGs. However, none had been applied to the specific challenge
addressed in this study: the coordinated control of active and reactive power in WTs to
improve economic, technical, and environmental performance indicators. All algorithms
were implemented in their standard form—as commonly reported in the literature—and
carefully tuned through a dedicated parameter optimization process to ensure optimal
performance under identical conditions. This ensured a fair and consistent comparison
framework. The main characteristics of each of the methods used for comparison are
summarized below and detailed in the cited references.

e The MC algorithm operates by generating a list of elite solutions obtained by evalu-
ating random populations that are independently generated in each iteration. In the
context of this research, each individual proposed by MC corresponds to a solution
for the operation of WTs within the analyzed MG. In each iteration, MC generates
a population, evaluates the fitness function of each solution, and stores the best one in
an elite list. Finally, the best solution from the elite list is selected as the solution to the
analyzed problem [43].

e The PSO is a bio-inspired optimization method based on the behavior of swarms or
herds [44]. This algorithm considers both the individual behavior of each particle and
that of the leader, i.e., the particle currently holding the best position in the solution
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space. By employing random values in each step of the particle swarm’s evolution,
the algorithm avoids local optima. Once the convergence criterion (typically defined
by a maximum number of iterations) is met, all particles converge to the same location,
which corresponds to the best solution. This behavior mirrors natural swarming,
where the group converges to the most abundant food source in the environment.

*  JAYA, named after the Sanskrit translation for victory [45], is a metaheuristic algorithm
that combines features of evolutionary algorithms and swarm intelligence. This
algorithm seeks the global best solutions within the populations it generates and
discards the worst individuals. Its main difference from other population-based
algorithms is that it does not rely on manually set parameters, which could potentially
affect its efficiency.

¢ The GNDO, belonging to the family of mathematics-inspired techniques, operates
based on a Gaussian distribution, and it features both local and global exploration
phases [46]. In the former, the search for a new solution involves analyzing the mean
and standard deviation of the population, while in the latter, a variety of random
variables is used to explore a wider search space in pursuit of the optimal solution.

e The MVO is based on multiverse theory and emulates the presence of black and
white holes for the exchange of information between multiple universes. Additionally,
wormholes are employed to move the solution space from one universe to a location
closer to the best universe [47].

Each of these methods is applied following the same approach as the PGA; specifi-
cally, they are used to determine the active and reactive power dispatch scheme for the
WTs installed within the MG. The same hourly power flow analysis based on successive
approximations is employed to evaluate the objective functions related to operating costs,
energy losses, and CO, emissions, as well as the problem constraints. These elements
are integrated through the proposed fitness function, which returns the impact of each
individual generated during the iterative process of the optimization methodologies.

3.4. Tuning the Optimization Algorithms

To ensure optimal performance and fair comparison between the analyzed optimiza-
tion methodologies, a parameter tuning process was carried out. This was done via PSO,
following the meta-optimization approach described in [48]. Note that the PSO was not
used to solve the MG optimization problem itself but rather to identify the best-performing
internal parameters (e.g., population size, number of iterations, inertia weight, and learning
coefficients) for each algorithm.

The PSO algorithm used for tuning was configured with eight particles, a maximum of
300 iterations, cognitive and social acceleration coefficients of 1.494, and an inertia weight
that linearly decreased from 0.7 to 0.001. Each candidate parameter set was evaluated
over 100 independent runs on a representative test case in order to minimize the aver-
age value of the objective function and the variability of the results, thereby ensuring
statistical robustness.

It is important to note that the tuning process was performed independently for
each operating mode (grid-connected and islanded) to account for the specific technical
constraints and characteristics of each scenario. The final set of tuned parameters for
each algorithm, objective function, and system configuration is summarized in Table 2.
While the specific parameters of each algorithm were tuned within the ranges reported
in the specialized literature, all methods shared a common search space for the general
parameters. Specifically, the number of individuals was allowed to vary between 4 and
1000, and the maximum number of iterations ranged from 2 to 15,000. This consistent
configuration created a fair benchmarking scenario, where each methodology was given
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the opportunity to adjust its internal settings to achieve the best possible performance
under the same general constraints.

This systematic tuning procedure improved the overall performance and consistency
of each method, ensuring that all algorithms operated under optimized and reproducible
conditions throughout the study.

It is important to clarify that the results presented in Table 2 correspond to a prelimi-
nary parameter tuning process applied to each metaheuristic algorithm rather than to the
final solutions obtained from solving the main optimization problem. This auxiliary proce-
dure, based on established methodologies in the specialized literature, was carried out to
ensure fair comparison conditions and optimal performance in the subsequent application
of each algorithm.

Table 2. Tuned parameters for the optimization methodologies implemented in the 33- and 69-node
MGs (grid-connected and islanded modes).

Methodology Parameter Grid-Connected Islanded
MC No. of individuals 1000 1000
No. of iterations 1000 1000
PGA No. of individuals 103 80
No. of iterations 5000 6000
No. of mutations 1 2
PSO No. of individuals 413 295
No. of iterations 1326 3571
Minimum inertia 0.4179 0.3863
Maximum inertia 0.4855 0.5580
Cognitive factor 2 2
Social factor 1.6871 1.6105
Velocity limit factor 0.0689 0.0526
JAYA No. of individuals 45 45
No. of iterations 9870 15000
GNDO No. of individuals 491 311
No. of iterations 1440 1500
MVO No. of individuals 178 109
No. of iterations 2500 7700
Min. WEP 0 0.0043
Max. WEP 0.0381 0.0684
p 8.3440 1.7483

4. Test Systems

This section provides the technical parameters of the two MGs used in this study,
which comprised 33 and 69 nodes. Each MG was evaluated in both grid-connected and
islanded modes. Additionally, the generation and demand scenarios defined for each
case are described, outlining the conditions under which the proposed methodology
was assessed.

4.1. Test System: 33-Node AC MG

This test system is a 33-node AC MG capable of grid-connected and islanded operation.
This system was selected since it has been previously used in the literature to validate
intelligent optimization strategies [49]. It is composed of 33 nodes and 32 distribution lines,
operating with a base voltage of 12.66 kV and a base power of 1000 kVA.

Figure 6 presents the electrical diagram of the 33-node MG. This system includes
electrical loads at each node, all of which have both active and reactive power demands,
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as detailed in Table 3. Node 1 serves as the slack bus and can be energized either by the
main electrical grid (during grid-connected operation) or by a 4000 kW diesel generator
(when operating in islanded mode or during grid failures or planned disconnections). This
generator operates within a power limit range of 40-80% of its rated capacity. Moreover,
the red markers in the figure indicate the WTs connected at nodes 12, 15, and 31, each with
an installed capacity of 1300 kW. In this test system, the power converters used for each
WT featured a power capacity of 1300 kW.

Table 3 [49] presents, from left to right, the line number /, the sending node i, the re-
ceiving node j, the line resistance between nodes i and j, the line reactance between nodes i
and j, the active power demand at node j, the reactive power demand at node j, and the
maximum current capacity of the line connecting nodes i and j. Additionally, it is im-
portant to note that the maximum allowable voltage variation for the MG is £8 of the
nominal voltage.
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Figure 6. Electrical diagram of the 33-nodes MG [49].

Table 3. Technical parameters of the 33-node MG.

Line [ Sending Nodei Receiving Node j R;; (Q) Xij (Q) P; (kW) Q; (kvar) I{;‘ax (A)
1 1 2 0.0922 0.0477 100 60 385
2 2 3 0.4930 0.2511 90 40 355
3 3 4 0.3660 0.1864 120 80 240
4 4 5 0.3811 0.1941 60 30 240
5 5 6 0.8190 0.7070 60 20 240
6 6 7 0.1872 0.6188 200 100 110
7 7 8 1.7114 1.2351 200 100 85
8 8 9 1.0300 0.7400 60 20 70
9 9 10 1.0400 0.7400 60 20 70
10 10 11 0.1966 0.0650 45 30 55
11 11 12 0.3744 0.1238 60 35 55
12 12 13 1.4680 1.1550 60 35 55
13 13 14 0.5416 0.7129 120 80 40
14 14 15 0.5910 0.5260 60 10 25
15 15 16 0.7463 0.5450 60 20 20
16 16 17 1.2890 1.7210 60 20 20
17 17 18 0.7320 0.5740 90 40 20
18 2 19 0.1640 0.1565 90 40 40
19 19 20 1.5042 1.3554 90 40 25
20 20 21 0.4095 0.4784 90 40 20
21 21 22 0.7089 0.9373 90 40 20
22 3 23 0.4512 0.3083 90 50 85
23 23 24 0.8980 0.7091 420 200 85
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Table 3. Cont.
Line / Sending Nodei Receiving Node j R;; (QO) Xij () P; (kW) Q; (kvar) Ig‘ax (A)
24 24 25 0.8960 0.7011 420 200 40
25 6 26 0.2030 0.1034 60 25 125
26 26 27 0.2842 0.1447 60 25 110
27 27 28 1.0590 0.9337 60 20 110
28 28 29 0.8042 0.7006 120 70 110
29 29 30 0.5075 0.2585 200 600 95
30 30 31 0.9744 0.9630 150 70 55
31 31 32 0.3105 0.3619 210 100 30
32 32 33 0.3410 0.5302 60 40 20

Table 4 presents the cost and CO; emission values associated with the operation of
the MG in its two operating modes. In this table, Cyyyj, represents the energy purchase or
generation cost stemming from the conventional generators, ch denotes the CO, emissions
factor resulting from the MG’s operation, and Cpg refers to the operation and maintenance

costs of the WTs [50].

Figure 7 illustrates the generation curves of the WTs and the demand profile of the MG
for a typical day of operation. These curves were obtained based on the wind generation

patterns and electricity demand behavior of a specific region in Colombia [31].

Table 4. Cost, maintenance, and emissions level parameters for the grid-connected and islanded

operating modes.

Parameters

Grid-Connected Operation Value

Islanded Operation Value

Ckwh
Ceg

Cogm

0.1302 [USD/kWHh]
0.1644 [kg/kWh]
0.0048 [USD/kWh]

0.2913 [USD/kWh]
0.2671 [kg/kWh]
0.0048 [USD/kWh]
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Figure 7. Average daily generation of WTs located in a region of Colombia.

4.2. Test System: 69-Node AC MG

Figure 8 shows the electrical diagram of 69-node MG, while Table 5 presents the
technical parameters of the 69-node MG used in this study. The explanation of these
parameters is the same as that provided in Table 3. The maximum allowable voltage

variation for this MG is +8% of the nominal voltage.
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The load profile used in this study was sourced from a Colombian distribution utility,

whereas the wind generation profile was synthesized using an ANN trained on climatic data

from a specific region in Colombia [31]. This ANN was trained using real meteorological
variables (time, temperature, humidity, and pressure) and was used to generate hourly
wind generation and power demand profiles over a representative seven-day period.
Figure 9 depicts the load variation over a typical week. The “regular” curve reflects the
demand behavior that is commonly observed on Monday, Tuesday, Thursday, and Friday,
while the other curves capture the characteristic patterns of the remaining days. Figure 10,
on the other hand, illustrates the wind generation profiles corresponding to each day of

the week.
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Figure 8. Electrical diagram of the 69-node MG [51].

Table 5. Technical parameters of the 69-node MG.

Line [ Sending Nodei Receiving Node j R;j (Q) Xij () P; (kW) Q; (kvar) I{;‘ax (A)
1 1 2 0.0005 0.0012 0 0 410
2 2 3 0.0005 0.0012 0 0 410
3 3 4 0.0015 0.0036 0 0 410
4 4 5 0.0251 0.0294 0 0 266
5 5 6 0.366 0.1864 2.6 2.2 266
6 6 7 0.3811 0.1941 40.4 30 266
7 7 8 0.0922 0.047 75 54 266
8 8 9 0.0493 0.0251 30 22 266
9 9 10 0.819 0.2707 28 19 99
10 10 11 0.1872 0.0619 145 104 99
11 11 12 0.7114 0.2351 145 104 99
12 12 13 1.03 0.34 8 5 99
13 13 14 1.044 0.345 8 5 99
14 14 15 1.058 0.3496 0 0 99
15 15 16 0.1966 0.065 45 30 99
16 16 17 0.3744 0.1238 60 35 99
17 17 18 0.0047 0.0016 60 35 99
18 18 19 0.3276 0.1083 0 0 99
19 19 20 0.2106 0.069 1 0.6 99
20 20 21 0.3416 0.1129 114 81 99
21 21 22 0.014 0.0046 5 3.5 99
22 22 23 0.1591 0.0526 0 0 99
23 23 24 0.3463 0.1145 28 20 99
24 24 25 0.7488 0.2475 0 0 99
25 25 26 0.3089 0.1021 14 10 99
26 26 27 0.1732 0.0572 14 10 99
27 3 28 0.0044 0.0108 26 18.6 99
28 28 29 0.064 0.1565 26 18.6 99
29 29 30 0.3978 0.1315 0 0 99
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Table 5. Cont.

Line / Sending Nodei Receiving Node j R;; (QO) Xij () P; (kW) Q; (kvar) Ig‘ax (A)

30 30 31 0.0702 0.0232 0 0 99
31 31 32 0.351 0.116 0 0 99
32 32 33 0.839 0.2816 10 10 99
33 33 34 1.708 0.5646 14 14 99
34 34 35 1.474 0.4873 4 4 99
35 3 36 0.0044 0.0108 26 18.55 99
36 36 37 0.064 0.1565 26 18.55 99
37 37 38 0.1053 0.123 0 0 99
38 38 39 0.0304 0.0355 24 17 99
39 39 40 0.0018 0.0021 24 17 99
40 40 41 0.7283 0.8509 102 1 99
41 41 42 0.31 0.3623 0 0 99
42 42 43 0.041 0.0478 6 4.3 99
43 43 44 0.0092 0.0116 0 0 99
44 44 45 0.1089 0.1373 39.22 26.3 99
45 45 46 0.0009 0.0012 39.22 26.3 99
46 4 47 0.0034 0.0084 0 0 99
47 47 48 0.0851 0.2083 79 56.4 99
48 48 49 0.2898 0.7091 384.7 274.5 99
49 49 50 0.0822 0.2011 384.7 274.5 99
50 8 51 0.0928 0.0473 40.5 28.3 99
51 51 52 0.3319 0.114 3.6 2.7 99
52 9 53 0.174 0.0886 4.35 3.5 195
53 53 54 0.203 0.1034 26.4 19 195
54 54 55 0.2842 0.1447 24 17.2 195
55 55 56 0.2813 0.1433 0 0 195
56 56 57 1.59 0.5337 0 0 195
57 57 58 0.7837 0.263 0 0 195
58 58 59 0.3042 0.1006 100 72 195
59 59 60 0.3861 0.1172 0 0 195
60 60 61 0.5075 0.2585 1244 888 195
61 61 62 0.0974 0.0496 32 23 99
62 62 63 0.145 0.0738 0 0 99
63 63 64 0.7105 0.3619 227 162 99
64 64 65 1.041 0.5302 59 42 99
65 11 66 0.2012 0.0611 18 13 99
66 66 67 0.0047 0.0014 18 13 99
67 12 68 0.7394 0.2444 28 20 99
68 68 69 0.0047 0.0016 28 20 99
Regular Wed Sat
—— Sun

Power demand [p.u]

I S S S B A
10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

| | | | |

0.2

Jy
N
w [
gy .
S =
o -
g -
oo |-
O [

Time [h]

Figure 9. Hourly power demand for a week of operation.
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Figure 10. Hourly power generated by the WTs for a week of operation.

5. Results and Discussion

This section presents the results obtained when solving the proposed optimization problem,
which aims to reduce operating costs, energy losses, and CO, emissions through the coordinated
management of active and reactive power from WTs. The simulations were conducted using
MATLAB R2024a software on a computer equipped with an Intel(R) Core(TM) i9-14900HX
processor at 2.20 GHz, 32 GB of RAM, and a 64-bit version of Windows 11. Each metaheuristic
technique was executed 100 times for every objective function in both operating modes. The ef-
fectiveness of each method was evaluated by analyzing the best solution, the average solution,
the standard deviation, and the average processing time. Subsequently, the best-performing
strategy was implemented in the 69-node MG with seven different combinations of generation
and demand profiles. Each combination was evaluated under both grid-connected and islanded
conditions while considering all the objective functions.

5.1. Results for the 33-Node AC MG Operating in Grid-Connected Mode
In Table 6, the results obtained for the 33-node MG in grid-connected mode are presented.

Table 6. Solutions obtained for the 33-node AC MG in grid-connected mode.

33-Node System

System FO, (Usb) FO, (kWh) FO3 (kgCO»)
Base case 9931.6423 3378.9199 12541.1958
Minimum solution Average solution

Methodology FOq FO, FOs FOq FO, FOs5
MC 6898.1643 1259.3313 8520.3698 | 7053.5557 1297.7625 8711.3661
PGA 3662.0385 501.8682 4278.8723 | 3663.4676  502.0790  4285.0896
PSO 3709.2343 537.5821 4394.2414 | 3838.3024 549.4910 4538.2036
JAYA 3679.5321 538.7517  4320.7720 | 3736.4867 560.0407 4396.4464
GNDO 4349.9992  717.1074 5460.4126 | 5026.8300 756.5518  6097.6509
MVO 3687.9348 553.8841 4661.0236 | 3697.1972  569.6751  4904.3664

Standard deviation (%) Processing time (s)

Methodology FOq FO, FOs3 FOq FO, FOs3
MC 0.6892 1.2083 0.7403 3119070 162.5012  297.7965
PGA 0.0187 0.0197 0.0673 256.7073  231.4558  235.4538
PSO 1.5546 2.1192 2.2691 278.5144  261.9630  282.1282
JAYA 1.7091 2.8791 1.7861 2254094  296.7241  227.4124
GNDO 6.5663 2.2209 6.0938 393.0044  360.0060  369.1405
MVO 0.1210 1.3288 1.9594 296.7664  273.4631  260.6834
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5.1.1. Statistical Analysis for the Objective Function FO; (Operating Costs)

An analysis of the best solutions obtained for FO; (operating costs minimization)
reveals that all methods achieved reductions with respect to the base case (USD 9931.6423),
with an average reduction of 56.3904%. To assess the effectiveness of each methodology,
the average solutions obtained after 100 executions were also evaluated. This is illustrated
in Figure 11, where PGA stands out for its effectiveness, achieving an average reduction of
63.1132%. This corresponds to average reductions of 34.1342%, 1.7604%, 0.7352%, 13.7275%,
and 0.3396% compared with MC, PSO, JAYA, GNDO, and MVO, respectively.
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Figure 11. Average cost reduction in the 33-node AC MG operating in grid-connected mode.

The standard deviation of each methodology had to be examined in order to eval-
uate the dispersion observed in the results. Figure 12 illustrates this analysis, where
PGA achieves a standard deviation of 0.0187%, reflecting reductions of 0.6705%, 1.5359%,
1.6904%, 6.5476%, and 0.1023% when compared with MC, PSO, JAYA, GNDO, and MVO.
An analysis of both the average solution and the standard deviation clearly indicated that
PGA provides the best performance in terms of cost reduction.
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Figure 12. Boxplot of the solutions for FO; in the 33-node AC MG in grid-connected mode.
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According to the processing times reported in Table 6 for FO1, JAYA exhibits the fastest
performance, completing the optimization process in 225.4094 s, while GNDO is the slowest
method (393.0044 s). The proposed PGA reports a processing time of 256.7073 s, ranking
second among the six strategies evaluated.

The average processing time of all methods is approximately 293.7181 s, which is
relatively short considering that the optimization covers a full 24-h period of operation.
Although PGA is not the most time-efficient method, it offers a favorable balance between
speed and consistency, making it computationally efficient and well-suited for practical
MG operation scenarios.

5.1.2. Statistical Analysis of the Objective Function FO; (Energy Losses)

Regarding the reduction in energy losses, the implemented methodologies achieved
outstanding results, with the best solution reporting a maximum average reduction of
79.7345% when compared with the base case (3378.9199 kWh). Figure 13 illustrates the
average values obtained by each methodology, highlighting PGA’s 85.1408% reduction.
This reduction corresponds to improvements of 23.5485%, 1.4032%, 1.7154%, 7.5312%,
and 2.0005% relative to MC, PSO, JAYA, GNDO, and MVO, respectively.

Figure 14 corresponds to a boxplot showing the 100 solutions obtained by each method-
ology, with the aim of analyzing the dispersion of the results in the context of the loss
reduction problem for the 33-node MG operating in grid-connected mode. This analysis
indicates that the methodology exhibiting the best performance is PGA, with a standard
deviation of 0.0197%. This improvement corresponds to reductions of 1.1886%, 2.0995%,
2.8594%, 2.2012%, and 1.3092% relative to the standard deviations obtained by MC, PSO,
JAYA, GNDO, and MVO.
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Figure 13. Average loss reduction in the 33-node AC MG operating in grid-connected mode.

In terms of computational performance regarding FO,, MC reported the shortest
average processing time for the 100 runs, completing the optimization in 162.5012 s. How-
ever, it is important to highlight that the proposed PGA demonstrated a highly efficient
performance, ranking as the second fastest (231.4558 s) among all evaluated strategies.

Although not the absolute fastest, PGA significantly outperformed several other
advanced metaheuristics, such as PSO, JAYA, and GNDO, which required notably longer
times to complete the same task. In particular, GNDO exhibited the highest processing time
(360.0060 s). The average value for all methods was approximately 264.3522 s, meaning
that PGA performed well below the average, which confirms its computational efficiency
and practical suitability for the optimization of technical performance in MGs.
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Figure 14. Boxplot of the solutions for FO; in the 33-node AC MG operating in grid-connected mode.

5.1.3. Statistical Analysis of the Objective Function FO3 (CO, Emissions)

When comparing the analyzed metaheuristic techniques regarding CO, emissions
in the 33-node MG during grid-connected operation, an average decrease of 57.9576% is
observed among the best solutions provided by each algorithm in relation to the base case
(12541.1958 kgCO,). Figure 15 presents the average reductions achieved by each technique
after 100 executions. In this analysis, PGA stands out with a reduction of 65.8319%, repre-
senting improvements of 35.2939%, 2.0183%, 0.8879%, 14.4529%, and 4.9379% compared
with MC, PSO, JAYA, GNDO, and MVO.
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Figure 15. Average emissions reduction in the 33-node MG operating in grid-connected mode.

Figure 16 presents the 100 solutions obtained by each methodology, with the purpose of
analyzing their dispersion. PGA achieves a standard deviation of 0.0673%, which translates
into improvements of 0.6723%, 2.2018%, 1.7188%, 6.0265%, and 1.8921% compared with
MC, PSO, JAYA, GNDO, and MVO, respectively. These results, along with the average
solutions obtained, position the PGA as the most effective technique for CO, emissions
reduction in this case, standing out not only for the quality of its solutions but also for its
repeatability and consistency.

For FO3, JAYA reported the best computation time, completing the optimization in
227.4124 s. Close behind, the proposed PGA achieved a processing time of 235.4538 s,
positioning it among the fastest and confirming its consistently efficient performance
across all objective functions. Once again, GNDO registered the highest processing time
(369.1405 s), reinforcing the advantages of more lightweight and stable algorithms such as
PGA for this type of optimization problem.
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Figure 16. Boxplot of the solutions for FOj3 in the 33-node AC MG operating in grid-connected mode.

In general terms, the average processing time of all strategies with regard to FO3 was
approximately 278.7691 s, making PGA’s performance not only competitive but clearly
below the average, which reinforces its potential as a reliable and time-efficient tool for
tasks involving the environmental optimization of MGs.

Furthermore, it was essential to ensure that the results obtained with each methodology
adhered to the technical constraints of the MG, particularly regarding voltage levels and
line loading capacity. This compliance is demonstrated in Figures 17 and 18, which illustrate
the evolution of the worst voltage variation and the maximum current level throughout the
24-hour operation period. In both figures, it is graphically verified that all methodologies
respect the established technical limits for the analyzed MG.
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Figure 17. Maximum voltage variations for the 33-node AC distribution network operating in
grid-connected mode.

Incorporating the reactive power injected by the WTs into this MG requires ensuring
that their apparent power does not exceed the nominal capacity. To this effect, Figure 19
presents the active power dispatch of the three WTs for each of the objective functions
considered. In parallel, Figure 20 shows the reactive power of the WTs under the same
scenarios. Finally, Figure 21 illustrates the apparent power of the WTs, as calculated from
the previously presented active and reactive powers. This final analysis was only conducted
for PGA since our proposal achieved the best performance. In this figure, it can be observed
that at no point during the 24 h period does the apparent power exceed the nominal
capacity of the power converters (1300 kW for each of the WTs).
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Figure 18. Line loadability for the 33-node AC MG operating in grid-connected mode.
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Figure 19. Active power dispatched by the WTs within the 33-node AC MG operating in grid-
connected mode.
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Figure 20. Reactive power dispatched by the WTs within the AC MG with 33 nodes during grid-
connected operation.
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Figure 21. Apparent power dispatched by WTs for the 33-node AC MG during grid-connected operation.

5.2. Results for the 33-Node AC MG Operating in Islanded Mode

Table 7 presents the results obtained after optimizing the three objective functions in
the 33-node MG during islanded operation through the coordinated dispatch of active and
reactive WT power. The table includes the best solutions achieved by each methodology,
along with their average values, standard deviations, and average processing times.

Table 7. Solutions obtained for the 33-node MG operating in islanded mode.

Minimum Solution Average Solution
Methodology FO4 FO, FO3 FO4 FO, FOs3
MC 15529.0698 1256.2840 14066.4777 | 15809.7272 1315.5942 14365.8213
PGA 11447.2650 545.5987  10265.1927 | 11454.6395 547.3763  10267.4865
PSO 11431.9460 577.7305 10259.5220 | 11553.4068 603.2329  10384.9829
JAYA 11386.6170 588.5812 10261.8013 | 11647.2806 682.1490 10511.3615
GNDO 12903.9259 811.2136 11589.6865 | 13547.2663 867.7252  12206.0300
MVO 11416.4589 618.8671 10262.3398 | 11465.3359 656.2798  10282.4269
Standard deviation (%) Processing time (s)
Methodology FOq FO, FOs5 FO4 FO, FOs3
MC 0.6233 1.3077 0.6455 319.3222 318.3969  299.5148
PGA 0.0189 0.1703 0.0079 217.3473  216.7334  218.1240
PSO 0.9641 3.5881 1.2165 525.5258 502.6614  529.7702
JAYA 1.9563 6.8158 1.9286 196.3772  195.5680  200.7937
GNDO 1.4679 2.6803 1.8065 229.1272  219.8673  224.7762
MVO 0.3911 2.2502 0.2401 470.7246  536.7649  547.4273

5.2.1. Statistical Analysis of the Objective Function FO; (Operating Costs)

When analyzing the islanded mode, it is not possible to evaluate a base case, as the
system cannot operate under the generation and demand curves representing a typical
day without violating the power limits imposed on the diesel generator. This highlights
that, in this mode of operation, the smart management of the WTs installed in the MG is
essential to prevent load disconnections. Upon evaluating the best solutions obtained by
the analyzed methodologies with regard to FO1, it was observed that all of them achieved
outstanding performance, reaching an average minimum cost of USD 12,352.5471 while
fully complying with the operational constraints imposed on the MG in islanded mode.
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As with the analysis conducted for the MG in grid-connected mode, the best-
performing metaheuristic technique was primarily identified based on its average solution
and standard deviation since these indicators reflect both the effectiveness and consistency
of each strategy. In this context, PGA achieved an average solution of USD 11454.6395,
representing improvements of 27.5469%, 0.8549%, 1.6540%, 15.4469%, and 0.0933% over
MC, PSO, JAYA, GNDO, and MVO. This behavior is clearly illustrated in Figure 22. It
is important to note that, for the islanded operation mode, the performance of the PGA
was directly compared against the other methodologies rather than the base case. This is
because considering a base case for the islanded mode without implementing intelligent
WT management would result in violations of the injection limits at the slack node during
certain hours of the day.

In Figure 23, a boxplot illustrates the 100 solutions obtained by each technique with
regard to the operating costs of the MG in islanded mode. The plot clearly shows that the
algorithm with the lowest standard deviation is PGA, with a value of 0.0189%. This result
translates into improvements of 0.6044%, 0.9452%, 1.9374%, 1.4490%, and 0.3722% when
compared with MC, PSO, JAYA, GNDO, and MVO.
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Figure 22. PGA'’s operating cost reductions relative to other methodologies in the 33-node MG
operating in islanded mode.
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Figure 23. Boxplot of the solutions for FO; in the 33-node AC MG operating in islanded mode.
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When minimizing operating costs during islanded operation, JAYA reported the low-
est processing time, completing the optimization in 196.3772 s. The proposed PGA followed
close behind with 217.3473 s, which makes it the second-fastest strategy. In contrast, PSO
required 525.5258 s, i.e., it was the slowest among all the evaluated methods. The average
processing time for all approaches was 326.4040 s, placing PGA significantly below the
threshold. These results confirm PGA’s strong computational efficiency, which is particu-
larly relevant in isolated scenarios where timely decision-making is critical for MG stability
and cost-effectiveness.

5.2.2. Statistical Analysis of the Objective Function FO; (Energy Losses)

Regarding loss minimization in islanded mode, all the analyzed techniques demon-
strated outstanding performance, achieving an average minimum solution of 733.0458 kWh.

An assessment of the average solutions for each technique revealed that the PGA pro-
vides the best performance (547.3763 kWh) when it comes to minimizing losses in islanded
mode. The reported value is 58.3932%, 9.2595%, 19.7571%, 36.9182%, and 16.5941% higher
than the results obtained with MC, PSO, JAYA, GNDO, and MVO. This improvement is
clearly depicted in Figure 24.
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Figure 24. Loss reduction reported by PGA compared with other methodologies in the 33-node MG
during islanded operation.

Figure 25 corresponds to a boxplot showing the 100 executions of each technique used
for minimizing losses in the 33-node MG. In this case, PGA stands out once again for its ef-
fectiveness, showing a standard deviation of 0.1702%. Our proposal outperforms MC, PSO,
JAYA, GNDQO, and MVO by 1.1375%, 3.4178%, 6.6455%, 2.5100%, and 2.0800%, respectively.

In this evaluation, JAYA once again demonstrated remarkable speed, finalizing its
execution in 195.5680 s, the shortest time among all tested strategies. Close behind, the pro-
posed PGA required 216.7334 s, outperforming most competitors and reinforcing its effi-
ciency across diverse operational criteria. On the opposite end, MVO recorded the highest
computation time (536.7649 s), more than doubling that of PGA. The overall average
processing time for the objective function associated with energy losses was 331.6653 s,
positioning PGA well below the benchmark.
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Figure 25. Boxplot of the solutions for FO, in the 33-node AC MG during islanded operation.

These results confirm that PGA is not only competitive in terms of solution quality;
it also boasts a high computational efficiency, which is essential for scenarios that require
a continuous, real-time re-evaluation of operation plans.

5.2.3. Statistical Analysis of the Objective Function FO3 (CO, Emissions)

As for FO3; during islanded operation, all techniques yielded promising results;
each of them reached optimal solutions, leading to an average minimum value of
11,117.5033 kgCO,. This demonstrates the overall effectiveness of the studied meth-
ods. Figure 26 illustrates the average solutions obtained by each metaheuristic tech-
nique, with PGA once again showing superior performance, exhibiting an average of
10,267.4865 kgCO,. Compared with MC, PSO, JAYA, GNDO, and MVO, this represents
improvements of 28.5284%, 1.1314%, 2.3201%, 15.8819%, and 0.1453%, respectively.
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Figure 26. Reduction in emissions by PGA compared with other methodologies in the 33-node MG
during islanded operation.

A detailed analysis of the standard deviations reveals PGA’s exceptional repeatability,
as shown in Figure 27, with a remarkably low standard deviation (0.0079%). This value is
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lower by 0.6376%, 1.2086%, 1.9206%, 1.7986%, and 0.2322% than the deviations recorded by
MC, PSO, JAYA, GNDO, and MVO for this specific optimization case.

JAYA exhibited the shortest execution time (200.7937 s), closely followed by the pro-
posed PGA, which completed the optimization in 218.1240 s. At the other end of the
spectrum, MVO was the slowest approach, requiring 547.4273 s. The average processing
time of all six methods was approximately 336.7343 s, i.e., less than six minutes. This
confirms that all techniques, including PGA, can be executed efficiently within practical
time constraints. Note that PGA once again demonstrates a consistently low computa-
tion time, reinforcing its suitability for real-time or near-real-time energy management in
islanded MGs.

To demonstrate compliance with technical constraints regarding voltage and load
capacity in the islanded 33-node MG, Figures 28 and 29 are presented. These figures depict
the optimal solutions obtained by each technique for FO1, FO,, and FOs. It is evident that
the voltage limit (0.08 p.u.) and the maximum load capacity of the lines are not exceeded.
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Figure 27. Boxplot of the solutions for FO3 in the 33-node AC MG operating in islanded mode.
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Figure 28. Maximum voltage deviation for the 33-node AC MG operating in islanded mode.
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Figure 29. Line loadability for the 33-node AC MG operating in islanded mode.

Figure 30 presents the power injection of the diesel generators for each of the applied
techniques, with the aim of demonstrating compliance with these units’ dispatch limits in
the islanded MG. Note that these limits range between 1600 kW and 3200 kW and that all

strategies successfully maintained the generator outputs within the specified bounds at
all times.
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Figure 30. Power supplied by the diesel generator within the framework of each analyzed meta-
heuristic technique

Finally, it was essential to verify that the power injection limits of the WTs, as defined
by their rated power capacity, were not violated when implementing the proposed PGA.
To this effect, Figure 31 presents the active power injected by each WT within the framework
of the best solutions obtained. In addition, the reactive power outputs are shown in
Figure 32. Subsequently, using the information from both curves, the apparent power
profile of the WTs is depicted in Figure 33 for each objective function as optimized by the
best technique. The results clearly confirm that the nominal power limit of 1300 kW is not
exceeded at any point.
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Figure 32. Reactive power dispatched by the WTs in the 33-node AC MG during islanded operation
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Figure 33. Apparent power delivered by the WTs in the 33-node AC MG during islanded operation

5.3. Validating the Proposed Methodology on a 69-Node MG

Although the PGA demonstrated a strong performance in the 33-node MG, it is
essential to assess its robustness and adaptability to larger systems and more complex
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generation and demand scenarios. To this effect, the algorithm was applied to a 69-node MG,
considering a full week of operation under both grid-connected and islanded conditions.

5.3.1. PGA Performance in the Grid-Connected 69-Node MG

Table 8 presents the results obtained by applying the PGA to the 69-node MG operating
in grid-connected mode. This table includes the different objective functions used in
this work, along with the base cases for each of the seven days of the week and the
corresponding results achieved by PGA on each day.

Regarding FO1, PGA achieved a weekly average cost reduction of USD 8180.6846.
When compared with the base case, this corresponds to an average economic improvement
of 114.8964%, with daily absolute reductions ranging from USD 8122.9397 to USD 8315.0187.
The standard deviation throughout the week is approximately 1.9558%, indicating PGA’s
stable and consistent performance under varying operating conditions.

It is worth noting that reduction values exceeding 100% indicate that the MG not only
satisfies its own energy demand but also generates surplus energy that can be exported to
the main grid. This surplus leads to additional economic benefits, thereby enhancing the
overall profitability of wind-based MG operations. Such outcomes are directly related to
the interaction between power demand patterns and the availability of wind generation
within the MG, which, under favorable conditions, allows for both self-sufficiency and
energy sales.

Table 8. Objective function values for the 69-node MG in grid-connected mode over a one-week
operation period.

Objective Function = Case Monday Tuesday Wednesday Thursday Friday Saturday Sunday
Base case 7210.8434 7210.8434 7066.6091 7210.8434 7210.8434 7063.7285 6878.1870
FO; (USD) PGA —912.9585 —1104.1753 —1048.6528 —979.4717 —912.0963 —1233.0386  —1222.5005
Time 442.7379 435.6855 437.8046 440.8969 437.0812 432.0471 435.1390
Base Case 1771.9870 1771.9870 1690.1724 1771.9870 1771.9870 1678.4614 1580.8471
FO, (kWh) PGA 133.4848 128.3665 120.6716 131.1342 133.4666 118.4529 125.1065
Time 445.6671 439.2460 421.9443 436.7708 437.4915 411.7367 432.2634
Base case 9105.5029 9105.5029 8923.3709 9105.5029 9105.5029 8919.7335 8685.4406
FOs3 (kgCO») PGA —1624.3047 —1730.2292 —1797.4812 —1772.3787 —1627.1358  —1940.4494  —2034.6413
Time 438.4596 432.3273 436.4479 436.9342 436.3788 429.8061 430.5589

In addition, the average execution time required by the proposed methodology to solve
the cost minimization problem (FO;) is 437.3418 s per day, i.e., approximately 7.2890 min,
which demonstrates its practicality for day-ahead or short-term operation planning.

As for FO,, PGA achieved a weekly average reduction of 1592.3923 kWh compared
with the base scenario. This corresponds to an average improvement of 92.5971%, with daily
absolute reductions ranging from 1455.7406 kWh to 1643.6205 kWh. The standard deviation
is approximately 0.2696%, indicating a highly stable and consistent performance under
varying load and wind generation conditions.

This high level of loss reduction significantly improves the overall efficiency of the
MG, minimizing unnecessary energy dissipation along the distribution lines. The consis-
tency observed throughout the week reinforces PGA’s robustness in managing technical
constraints and optimizing power flows, even when the system operates in different modes
or under fluctuating generation profiles. Moreover, the average computation time required
to solve the energy losses minimization problem was 432.1599 s per day, equivalent to
approximately 7.2027 min.

Finally, regarding FO3, PGA reported a weekly average reduction of 10782.4538 kgCO»
compared with the base scenario. This corresponds to an average improvement of
119.9285%, with daily absolute reductions ranging from 10720.0819 to 10877.8816 kgCO,.
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The standard deviation was approximately 1.9008%, and the coefficient of variation
was 1.5849%, once again reflecting a stable and consistent reduction performance under
varying conditions.

The fact that these reductions surpass 100% reflects the MG’s ability to generate more
renewable energy than it consumes, allowing it not only to achieve self-sufficiency but also
to inject surplus clean energy into the main grid. This surplus displaces higher-emission
generation sources in the broader electrical system, effectively supporting the reduction in
the total grid emissions. As a result, the proposed strategy contributes to both improving
operational efficiency and advancing environmental sustainability, aligning MG operations
with broader carbon reduction targets and decarbonization goals.

Moreover, the average computation time required by the proposed methodology to
solve the CO, emissions minimization problem was approximately 434.4161 s per day,
equivalent to 7.2403 min. This is consistent with the execution times observed for FO; and
FO,, all averaging close to 7.2 min per day, which confirms the practicality and scalability of
the proposed optimization framework across multiple objectives in real-time or day-ahead
operation planning.

Additionally, a comparative analysis of the processing times required by the PGA for
the 33-node and 69-node MGs was performed. This evaluation highlights how increasing
system complexity affects the computational effort needed by the metaheuristic technique
to solve the optimization problem.

In the grid-connected 33-node, PGA required an average computation time of
241.2056 s across the three objective functions, whereas, in the 69-node MG, this time
increased to 434.6393 s. This represents an 80.1974% increase for grid-connected operation,
highlighting that greater system complexity results in significantly longer processing times.
Nevertheless, these durations, on the order of minutes, are relatively short compared with
the 24-hour analysis performed by the implemented technique. This suggests that the
proposed strategy can be executed multiple times in response to system contingencies,
which reinforces its overall reliability and flexibility.

5.3.2. PGA’s Performance in the 69-Node MG During Islanded Operation

Table 9 presents the results obtained for the islanded 69-node MG with regard to
the objective functions FO;, FO,, and FOj3. It is important to note that, as in the analysis
performed for the 33-node MG during islanded operation, no base case is provided. This is
due to the fact that such a scenario would lead to a violation of the power generation limits
set for the diesel generator located at the slack node.

Table 9. Objective function values for the 69-node MG in islanded mode over a one-week
operation period.

Objective Function Case Monday Tuesday Wednesday  Thursday Friday Saturday Sunday
FO, (USD) PGA  7217.1257 7214.5956 7210.7371 7215.8648 7215.1790 7207.4827 7203.0919
Time 412.2137 416.2815 412.8688 411.7072 412.5868 417.4851 411.8585
FO, (kWh) P.GA 173.9042 177.5300 163.1527 175.5045 178.0434 168.1620 166.0131
Time 414.5456 412.9107 405.9653 410.2896 410.9603 412.7385 411.1176
FOs (kgCOy) P.GA 6417.1207 6416.6017 6417.2474 6415.3316 6415.8770 6415.9251 6417.0570
Time 412.6335 412.3623 411.0532 407.2092 411.2700 413.6384 411.3984

Regarding FO1, FO,, and FOj3 in islanded mode, PGA yields weekly average values
of USD 7212.0110, 171.7586 kWh, and 6416.4515 kgCO,, respectively. For FO;, the absolute
daily reductions relative to the base case range from USD 7203.0919 to USD 7217.1257,
with a standard deviation of 1.7022%. In the case of FO,, the absolute daily reductions
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range from 163.1527 kW to 178.0434 kW, with a standard deviation of 3.20%. Finally,
for FO3, the absolute daily reductions range between 6415.3316 and 6417.2474 kgCO,,
with a standard deviation of 0.0140%.

While these values are not as favorable as those obtained in grid-connected mode,
this outcome is consistent with our expectations, given the additional technical constraints
imposed to ensure a safe and reliable operation in an islanded configuration. These
constraints inherently limit the operational flexibility of the MG, thereby reducing the
potential for cost savings, loss minimization, and emissions reduction. Nevertheless,
the results demonstrate the strategy’s effectiveness in maintaining acceptable performance
even under more restrictive operating conditions.

The average processing times required by PGA are 413.5717, 411.2182, and 411.3664 s
for the objective functions FO1, FO,, and FO3, respectively, which represents a consistent
overall average of 412.0521 s across all objective functions.

When comparing processing times required during islanded operation, the 33-node
MG reports an average value of 217.4016 s, whereas the 69-node system reaches 412.0521.
This corresponds to an increase of approximately 89.53%, reflecting the higher computa-
tional effort required for larger systems under similar operating conditions.

6. Conclusions

This study proposed an intelligent active and reactive power management strategy
based on a population-based genetic algorithm for wind turbines installed in AC microgrids,
considering both grid-connected and islanded operation modes. The methodology was
validated through extensive simulations, including 100 independent executions for each
evaluated scenario, using realistic daily generation and demand profiles. The primary
contribution of this proposal lies in its ability to minimize operating costs, energy losses,
and CO; emissions while ensuring compliance with the MG’s technical and operational
constraints and ensuring high solution consistency and robustness.

A detailed analysis of the results obtained confirms that the PGA-based strategy signif-
icantly outperforms other metaheuristic techniques (MC, PSO, JAYA, GNDO, and MVO) in
both operating modes. In grid-connected mode, PGA achieved an average operating cost
reduction of 63.1132% compared with the base case, with a very low standard deviation of
0.0187%, demonstrating remarkable consistency over 100 independent runs. Additionally,
the energy losses were reduced by 85.1408% and the CO, emissions by 65.8319%, both with
minimal standard deviations (0.0197% and 0.0673%, respectively), which confirms the high
reliability and robustness of the solutions found. Improvements were also observed with
respect to all the methodologies used for comparison.

In islanded mode, the performance of the PGA demonstrated clear superiority com-
pared with the other evaluated metaheuristics (MC, PSO, JAYA, GNDO, and MVO) across
all key performance indicators. Specifically, PGA achieved an average reduction of
9.1192% in operating costs relative to the mean performance of the other methods, reflecting
its greater ability to economically optimize the MG’s energy management. As for energy
losses, the PGA showed average reductions of 9.2595% compared with the second-best
technique, while, for CO, emissions, a reduction of 0.1453% was obtained.

Beyond the observed improvements in the average values, PGA also exhibited excep-
tional solution consistency. The standard deviation associated with the operating costs
was reduced by 1.0616% compared with the average variability of the other algorithms.
In the case of energy losses, the standard deviation was reduced by 3.1582%, as well as
by 1.1595% for the CO, emissions. These reductions in variability confirm PGA’s robust-
ness and reliability even under the more challenging conditions imposed by the islanded
MG operation.
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Overall, PGA consistently delivered superior average performance and the lowest
solution variability in both operating modes and across all optimization objectives. These
findings confirm that our methodology not only guarantees significant economic, technical,
and environmental improvements but also ensures highly reliable and secure energy
management of modern AC MGs.

Moreover, the low standard deviations observed, on the order of only a few cents
(USD), milliwatts, or milligrams of CO; across 100 independent executions, demonstrate
PGA’s outstanding repeatability. This high level of consistency significantly reduces op-
erational risk and builds trust regarding its deployment under real-world conditions,
reinforcing its robustness, precision, and practical applicability.

An evaluation of the processing times required by all optimization strategies revealed
highly satisfactory results in terms of computational efficiency. Overall, all methods
achieved relatively short execution times, especially when considering the 24-hour horizon
of the analysis.

In grid-connected mode, the average processing time across all algorithms was ap-
proximately 293.72 s (about 4.89 min), confirming that the optimization of a full day of
MG operation can be completed in just a few minutes. For the islanded mode, the average
increased slightly to 322.75 s (approximately 5.38 min). This increase is expected as the
solution space becomes more constrained due to the limited power capacity of the diesel
generator, which imposes stricter feasibility requirements and increases the computational
effort required to find viable solutions.

Notably, the proposed PGA demonstrated a consistently competitive performance,
ranking among the fastest methods in nearly all objective functions. Its ability to maintain
low computation times, even under the tighter constraints of islanded operation, under-
scores its practical suitability for real-time or near-real-time energy management in MGs
operating under both grid-connected and isolated conditions.

An evaluation of the PGA on a 69-node MG over a one-week period, using demand and
generation forecasts generated by ANNS, confirms the robustness of the proposed method-
ology. In the grid-connected mode, this methodology achieved reductions of 112.6609%,
92.5971%, and 119.9285% in the three objective functions under study (FO;, FO,, and FOs3,
respectively), with corresponding standard deviations of 1.9558%, 0.2696%, and 1.9008%.
In the islanded mode, forecasting enabled adaptive, optimized planning, achieving av-
erage daily values of USD 7212.0110 (cost), 171.7586 kWh (losses), and 6416.4515 kgCO,
(emissions), with standard deviations of 1.7022%, 3.20%, and 0.0140%, respectively.

The low standard deviations observed across all objectives indicate that the proposed
strategy maintains a highly stable and predictable performance, even under varying daily
conditions. This consistency is critical for MG operation, as it reduces the risk of unexpected
outcomes, facilitates short-term planning, and ensures a reliable operation regardless of
fluctuations in demand or renewable generation. In this test scenario, the use of ANN
forecasts improved the responsiveness and proactivity of the strategy, reinforcing the role
of intelligent, predictive control in enhancing MG autonomy, efficiency, and scalability
under variable conditions.

In the 69-node MG, the execution times remained consistent across the three objectives
analyzed, averaging 412.0521 s per day (=7 min). This validates the strategy’s feasibility
for day-ahead scheduling. Compared with the 33-node MG, where the average times were
217.4016 s (islanded) and 241.2056 s (grid-connected), this case saw increases of 89.53% and
80.20%, respectively, reflecting greater complexity, albeit within the practical limits.

Although the results presented in this study are based on simulation data, the proposed
method exhibits characteristics that support its potential application in real-world MGs.
The relatively low computational burden and convergence times observed make it suitable
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for integration into scheduling schemes with hourly or day-ahead horizons. Additionally,
the codification strategy and the use of the SA power flow method ensure numerical stability
and compatibility with embedded control platforms or supervisory systems. As future
work, an evaluation of the algorithm’s real-time performance is proposed, considering
practical constraints such as processor capacity, memory availability, and data acquisition
rates, which are typical of MG controllers. Experimental validation using real measurement
data or hardware-in-the-loop (HIL) platforms is also considered essential to confirm our
proposal’s feasibility and operational robustness under real operating conditions.

Based on the findings presented in this work, a potential avenue for future research
is the integration of complementary technologies alongside WTs, such as energy storage
systems. This combination could enhance the efficiency of WTs by expanding their oper-
ational range and potentially lead to greater reductions in operating costs, energy losses,
and CO, emissions.

The proposed framework could be extended to a multi-objective optimization setting
by simultaneously incorporating two or more of the objective functions considered herein.
This would allow the construction of Pareto-optimal fronts and enable a trade-off analysis
of economic, technical, and environmental indicators. In this context, performance metrics
such as the hypervolume, the generational distance, the inverted generational distance,
and the proportion of independent solutions could be employed to evaluate solution
quality. Furthermore, future work could include formal statistical tests to complement the
current analysis based on standard deviation values. These tests could help to confirm the
significance of performance differences across optimization methods and further strengthen
the reliability of the proposed strategies under varying operating conditions.

In addition, the authors propose evaluating enhanced and hybrid versions of the
implemented algorithms to improve performance regarding the active and reactive power
management of wind-based distributed generation. This includes incorporating adaptive
strategies and combining complementary techniques to improve convergence, robustness,
and solution quality. Future research could focus on quantifying the benefits of these
improvements under different MG configurations and operating conditions, using the
current results as a performance baseline.

Building upon this foundation, subsequent efforts will aim to enhance the current
steady-state optimization framework by integrating dynamic constraints such as frequency
stability, voltage transients, and harmonic distortion, thereby increasing the model’s realism
and robustness under highly variable operating conditions. Additionally, the framework
will be expanded to incorporate more detailed representations of system components and
economic factors. This includes part-load efficiency curves for diesel generators, start-
up and shutdown costs, minimum up-time constraints, converter dynamics, fuel price
volatility, and opportunity costs, as well as economic instruments like carbon pricing
and penalties for renewable curtailment. These enhancements will significantly improve
the applicability of the proposed methodology to a wider range of real-world scenarios,
supporting the development of more adaptive, reliable, and environmentally responsible
energy management strategies in modern MGs.
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