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Abstract

The increasing emphasis on sustainable and decentralized energy has elevated microgrids
as a central element of modern power systems. By integrating renewable energy sources,
advanced energy storage technologies, and intelligent control strategies, microgrids en-
hance efficiency, stability, and flexibility and play a vital role in creating resilient and
adaptable energy networks. This review provides a comprehensive analysis of Energy Man-
agement Systems (EMSs) in microgrids, distinguishing between planning-oriented tools
for techno-economic evaluation and control-oriented platforms for real-time operation and
optimization. Hierarchical control architectures spanning primary, secondary, and tertiary
levels are examined, highlighting their roles in frequency and voltage regulation, load
sharing, and economic dispatch. Optimization techniques for EMSs are analyzed across de-
terministic, stochastic, metaheuristic, and artificial intelligence /machine learning methods,
addressing objectives, constraints, uncertainties, and multi-timeframe decision-making.
Al-based methods, including supervised learning, deep learning, and reinforcement learn-
ing, are highlighted for their ability to enhance predictive control, system autonomy, and
operational efficiency, despite their computational demands. Future trends emphasize
Al-based predictive control, deep learning for energy forecasting, multi-microgrid coordi-
nation, hybrid energy storage management, and cybersecurity enhancements. Overall, an
intelligent EMS, combined with innovative technologies, is critical for developing resilient,
scalable, and sustainable microgrid solutions that meet the evolving demands of modern
energy systems.

Keywords: microgrids; energy management systems; renewable energy sources; control
strategy; optimization methods

1. Introduction

Renewable energy demand increased by approximately 1.5% in the first quarter of
2020, driven by additional solar and wind capacity commissioned in the previous year.
Renewable energy sources generally receive priority access to the power grid. However,
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due to their intermittent nature, they cannot easily adjust generation in response to fluc-
tuations in electricity demand, resulting in operational inflexibility during periods of low
demand [1]. According to projections, including those reflected in the current energy out-
look of ExxonMobil, green energy and nuclear power are expected to supply approximately
25% of global electricity by 2040 [2].

Renewable resources are energy sources that naturally replenish over time, with re-
newal rates ranging from daily cycles to processes spanning hundreds of years. Distributed
generation (DG) technologies based on renewable energy utilize sustainable sources such
as wind, solar, geothermal energy, small-scale hydropower, and bioenergy [3,4]. In many
countries worldwide, environmental policies have been implemented to promote the de-
ployment of these clean energy technologies, aiming to reduce greenhouse gas emissions
and mitigate climate change [4]. Each microgrid (MG) comprises distributed energy sources
such as wind turbines (WT), photovoltaic (PV) systems, biomass, and fuel cells, along with
distributed energy storage units, including battery energy storage systems (BESSs), super-
capacitors, and superconducting inductors, coordinated by a central control unit. Energy
storage technologies are used to store surplus power and compensate for energy deficits [5].
Depending on the type of energy source they integrate, microgrids can be classified as
alternating current (AC) or direct current (DC) systems, as illustrated in Figure 1.

Selection of energy sources Sizing of energy sources Energy management
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Figure 1. Fundamental Steps in Energy Planning and Integration of Microgrid Systems.

Moreover, the microgrid system requires hierarchical control schemes to achieve
specific objectives at different levels. At the first level, the control process is responsible
for the stability of the system and power sharing, often using droop controllers and Fuzzy
Logic Controllers (FLCs) to balance the state of charge (SoC) among multiple ESSs [6]. At
the second level, the control process is mainly concerned with voltage regulation, frequency,
and precise power distribution, employing techniques such as cooperative consensus
algorithms and Q-learning-based controllers [7,8]. At the third level, the control process
is centered on scheduling and economic dispatch, which can be accomplished by using
optimization techniques like Particle Swarm Optimization (PSO) and Genetic Algorithms
(GA) [9,10]. Numerous studies have investigated the use of advanced control strategies
in microgrids, including adaptive control, sliding mode control (SMC), model predictive
control (MPC), and intelligent control approaches. However, discussions on intelligent
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control are frequently limited to methods such as neural networks (NNs), fuzzy logic
controllers (FLCs), and Adaptive Neuro-Fuzzy Inference Systems (ANFISs) [11]. Although
some literature reviews present a comprehensive review of linear, nonlinear, adaptive,
predictive, robust, and intelligent control techniques over hierarchical levels, they generally
lack detailed analysis of their specific roles, applications, and operational performance
within each control level [12]. Similarly, other review studies provide a concise overview of
the use of Artificial Neural Networks (ANNSs) and reinforcement learning techniques in
microgrid applications [13].

Microgrid energy management relies on control software that enables the system to
operate at an optimal level [14]. Integrating Distributed Energy Resources (DERs) into
microgrids offers clear sustainability benefits but also introduces challenges for system
reliability and stability due to the variable output of renewable energy sources. To address
these challenges, effective implementation of energy management (EM) systems is essen-
tial [15]. Various studies have investigated EM strategies in microgrids using different
approaches. Some research has applied rule-based techniques that depend on predefined
rules to control renewable energy sources and energy storage systems, while others adopted
optimization-based techniques to meet objectives such as improving energy efficiency or
reducing operational costs. Despite the development of several approaches for optimiz-
ing microgrid configuration and energy management, additional improvements are still
required, particularly with the growing integration of distributed generation units, storage
technologies, and electric vehicles [16]. Energy Management Systems (EMSs) play a crucial
role in managing the variability of renewable energy sources while also contributing to
objectives such as reducing environmental impacts. Over time, significant research efforts
have focused on different aspects of EMSs, particularly mid-term planning and operational
scheduling [17-23]. Some research works combine system sizing with scheduling strategies
to address both medium- and long-term planning objectives [24,25]. In contrast, other
studies concentrate on real-time optimization of active power references for power convert-
ers. Although these approaches differ in their time horizons, they all aim to improve EMS
optimization by defining clear objectives, identifying operational constraints, and applying
suitable solution techniques.

Additionally, the study in ref. [26] addresses local microgrid control and energy
efficiency measures. It emphasizes the role of distributed power resources, including
photovoltaic (PV) systems, wind turbines, conventional generators, and energy storage
technologies. The paper integrates energy optimization with voltage and frequency stability
control, allowing smooth transitions between islanded and grid-connected operating modes.
Hybrid optimization techniques and mathematical modeling are employed to manage
real-world uncertainties, renewable variability, and load constraints. Emerging trends
highlighted include advanced load management, multi-microgrid coordination, cyber—
physical integration, and Al-based approaches aimed at the optimal design of efficient,
scalable, and robust microgrids. These approaches seek to maximize the use of renewable
energy while maintaining reliable system operation and minimizing operational costs.

The global expansion of power grids, combined with the increasing integration of re-
newable energy sources, introduces significant challenges for the operation and reliability of
electrical systems. Although renewable technologies such as solar and wind energy play a
crucial role in the transition toward sustainable energy, their intermittent and unpredictable
generation makes it more difficult to maintain the balance between electricity supply and
demand in interconnected networks. This variability creates important challenges for
ensuring the stability, reliability, and cost-effective operation of microgrids. Integrating
new power sources often requires the expansion of transmission infrastructure, which
involves substantial investment and careful planning to prevent bottlenecks and conges-
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tion. One of the most critical concerns is the risk of cascading blackouts, where a localized
failure can propagate throughout the system and trigger widespread outages [27,28]. For
instance, European transmission networks have demonstrated real vulnerabilities, such
as the partial grid separation on 8 January 2021, which highlighted the susceptibility of
interconnected systems to frequency deviations and sudden disturbances [28]. Traditional
control and optimization methods are insufficient to address these challenges, particularly
in systems with multiple renewable sources, energy storage, and dynamic load profiles.
This highlights the critical need for advanced energy management systems that can effec-
tively coordinate distributed generation, optimize energy storage, preserve grid stability,
and reduce operational costs.

The global expansion of power grids, combined with the increasing integration of
renewable energy sources, introduces significant challenges for the operation and reliability
of electrical systems. Although renewable technologies such as solar and wind energy play a
crucial role in the transition toward sustainable energy, their intermittent and unpredictable
generation makes it more difficult to maintain the balance between electricity supply and
demand in interconnected networks. This variability creates important challenges for
ensuring the stability, reliability, and cost-effective operation of microgrids.

Motivated by these challenges, this paper aims to provide a comprehensive and
structured review of advanced control strategies and optimization techniques for microgrid
energy management systems. The main difficulty lies in coordinating multiple control
layers operating at different time scales, managing uncertainties associated with renewable
energy sources, and integrating diverse system components under complex operational
constraints. Furthermore, the wide variety of existing approaches and the absence of a
unified analytical framework make it difficult to identify the most suitable solutions for
specific applications. Therefore, this study seeks to address these issues by systematically
analyzing and linking control strategies, optimization techniques, and software tools within
a unified framework.

To identify the studies included in this review, a comprehensive examination of
the available literature on advanced control strategies and optimization techniques for
microgrid planning and energy management systems was carried out. To facilitate a
systematic and organized approach for this study, a research methodology was designed
and organized, as depicted in Figure 2. This research methodology provides a clear and
systematic approach for the selection, screening, evaluation, and interpretation of the
studies. A systematic approach was followed, which included four general steps: planning,
screening, selection, and data analysis.

. & . v, .
% Screening Ep Selection nﬂﬂﬂ Data Analysis

Figure 2. Methodology Framework for Systematic Literature Review.

During the planning stage, the literature review focused on identifying advanced
control strategies, optimization algorithms, and software tools applied in microgrid energy

”

management systems. A list of keywords was employed, which included “microgrids,

” o 7o

“microgrid control,” “energy management,” “optimization techniques,” “advanced control
techniques,” and “simulation tools,” These keywords were used to search the literature
in prominent databases such as MDPI, IEEE Xplore, ScienceDirect, Web of Science, Wiley
Online Library, and Google Scholar, and the search included publications between 2011

and 2025.
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In the screening stage, the initial set of literature was examined to select relevant
studies on advanced control techniques and optimization in microgrids. To filter the
literature and include only high-impact studies, the search was conducted using title,
abstract, keywords, field, and publication year and citation counts. This helped reduce the
initial amount of 170 articles to 150.

The selection process involved a comprehensive review of the entire text of the short-
listed articles to ensure their relevance to the research topic. Particular attention was given
to studies that proposed software tools for microgrids, developed and compared advanced
control strategies, and investigated optimization techniques in microgrid energy manage-
ment. Following this evaluation process, the final dataset consisted of 145 high-quality
publications that served as the foundation for this review.

After completing the selection stage, the information obtained from the chosen studies
was systematically arranged and examined to determine major trends, commonly used
methodologies, and existing research gaps in microgrid energy management systems. An
Excel database was created to catalog essential information from each article, including
publication year, research focus, control strategies, optimization techniques, validation
methods, and software tools used. This dataset was then analyzed to extract insights
into the evolution of research topics over time, the distribution of methodologies, and the
prevalence of various optimization approaches.

This paper presents a comprehensive overview of microgrid systems, with particular
attention to the tools, control techniques, and optimization methods applied in energy
management systems (EMSs). In Section 2, the software and simulation platforms used for
microgrid studies are reviewed, distinguishing between the planning and simulation tools.
Section 3 discusses hierarchical control architectures for microgrids, including the primary,
secondary, and tertiary control levels. It also examines various control approaches such
as conventional, adaptive, and Al-based for local stability, regulate voltage and frequency,
and support economic dispatch. Section 4 examines the optimization techniques used in
EMSs, including deterministic, stochastic, metaheuristic, and AI/ML-based approaches,
with emphasis on the goals, constraints, and performance characteristics under uncertain
conditions. Finally, Section 5 discusses future trends and perspectives in microgrid research,
providing a general outlook on challenges, opportunities, and possible directions for the
continued development of microgrid systems.

2. Design Software Employed in Microgrids

In the literature on microgrid planning and energy management, a wide variety of
software tools has been employed for system analysis, simulation, and optimization. A
clear differentiation should be made between software packages applied for long-term
techno-economic planning and those used for developing control strategies for system
operation, as these issues relate to different research objectives.

For instance, HOMER, HYBRID2, iHOGA, TRNSYS, and RETScreen are planning-
oriented software packages applied for the evaluation of hybrid renewable energy sys-
tems/microgrids. HOMER optimizes the sizing of different system components for off-grid
and grid-connected systems depending on the available energy resources and economic
indices [29]. HYBRID2 assesses long-term system performance using probabilistic and
time-series simulations [30]. iHOGA enables multi-objective optimization considering cost,
CO; emissions, and unmet load using genetic algorithms. TRNSYS offers accurate model-
ing of photovoltaic, solar thermal, and hybrid systems. However, TRNSYS lacks inherent
real-time control and optimization features [31]. RETScreen can be used for feasibility
analysis, sensitivity analysis, environmental impact assessment, and financial analysis
of renewable energy-based projects. All these tools are suitable for long-term planning
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and feasibility analysis. However, they are not well-suited for designing and validating
high-end energy management systems and hierarchical control systems. This is mainly
because these tools are not capable of modeling dynamic and real-time control elements.

To address these limitations, control-oriented environments like MATLAB/Simulink
play a vital role in supporting microgrid research activities. MATLAB/Simulink can be
used to develop and test advanced control techniques such as droop control strategies and
learning-based EMS algorithms. It also supports code generation for real-time simulators.
Real-time digital simulators and hardware-in-the-loop (HIL) platforms, including OPAL-
RT and RT-LAB, are essential for validating EMSs under realistic conditions, allowing
high-fidelity models to run in real time with physical controllers, and evaluating system
performance under fast dynamics, fault scenarios, and communication constraints. In
addition, several mathematical modeling and analysis tools complement microgrid studies.
The MATPOWER tool supports power flow analysis with steady-state and Monte Carlo
simulation results. The GAMS tool, combined with other optimization toolsets such as
CPLEX, helps in optimizing microgrid sizing and other EMS-based energy management
activities in terms of linear, nonlinear, and mixed-integer optimization problems. Simulink
and PSCAD/EMTDC support detailed microgrid modeling to evaluate power control
strategies and EMS performance under various operating conditions [32].

A key aspect of microgrid design lies in the integration of planning-oriented and
control-oriented tools. Specifically, the results obtained from planning tools—including
optimal sizing decisions, economic metrics, and system constraints—serve as critical inputs
for control platforms. These inputs facilitate the construction of high-fidelity dynamic
models, enabling the implementation and validation of advanced real-time control and
optimization strategies. This coordinated approach ensures alighment between long-term
planning objectives and real-time operational requirements, ultimately improving system
reliability, efficiency, and robustness.

This distinction highlights that planning-oriented and control-oriented tools address
different layers of the microgrid design problem and should not be conflated. While techno-
economic tools are essential for determining system size and evaluating feasibility, the
use of tools for developing real-time control and optimization are essential for evaluating
microgrid operational performance. As shown in Table 1, commonly used simulation tools
for microgrid energy management systems are listed along with their main objectives and
typical applications.

Table 1. Simulation Tools for Microgrid Energy Management Systems.

References Tools Objectives and Applications
HOMER is a long-standing energy optimization software designed for the
planning and analysis of hybrid energy systems. It accounts for multiple
[33-38] HOMER renewable energy sources when selecting storage solutions and is widely

used to assess both the technical performance and economic viability of
microgrid systems.

MATLAB/Simulink is a modeling and simulation environment with

[34-36,38-45] MATL.AB/ extensive toolboxes for the design, optimization, and implementation of
Simulink e
energy management strategies in control systems.
[36,37] PSCAD Slmu.latlon softwarg for. stud}{mg power system dynamics, stability, and
transient behavior in microgrid environments.
GAMS A high-level programming language developed for the modeling and
[34,36,37] (General Algebraic solution of linear, nonlinear, and mixed-integer optimization problems in
Modeling System) microgrid energy management.
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Table 1. Cont.

References Tools Objectives and Applications
A general-purpose programming language employed for modeling,
[42,46,47] Python optimization, and integration of Energy Management Systems with IoT and
Al-based technologies.
Real-time simulation platform for microgrids, enabling testing and
[48] OPAL-RT/RT-LAB  validation of control strategies (e.g., FRT and Load Curtailment) with

Hardware-in-the-Loop (HIL) support and complex subsystem interaction.

3. Hierarchical Control for Microgrid Systems

The hierarchical control concept has emerged as a foundational approach to micro-
grid operation, addressing the inherently multi-timescale and multi-objective nature of
such systems. Building on the hierarchical structure of microgrid control, hierarchical
architectures enable scalable integration with Transmission System Operators (TSOs) and
Distribution System Operators (DSOs) to ensure reliable microgrid operation, including
frequency regulation, voltage stability, and the effective exchange of electrical power in
systems hosting high penetrations of RES-based generation [49-52]. Hierarchical control
structures are widely utilized in microgrids and are conceptually similar to those imple-
mented in large-scale power systems. This structure is generally divided into three main
control layers—primary, secondary, and tertiary—as shown in Figure 3 [53]. The hierarchi-
cal framework is based on the separation of time scales, the decoupling of control functions,
and the coordinated interaction among different control layers. The tertiary control layer
operates at the slowest time scale and is responsible for global optimization and energy
management by collecting system-wide information through the communication network
and generating optimal active and reactive power reference setpoints based on economic
and operational objectives. These setpoints are communicated to the secondary control
layer, which operates at an intermediate time scale and ensures system-level regulation
by compensating frequency and voltage deviations and maintaining the balance between
generation and demand, particularly in islanded operation [54]. The refined control signals
are then transmitted to the primary control layer, which operates at the fastest time scale
and provides immediate local regulation of voltage and frequency through decentralized
control of distributed energy resources. In addition, system measurements and feedback are
propagated from the primary level to higher control layers, enabling continuous adaptation

E Energy management )
Power flow control
forecasting, analytics |

and coordination.

Voltage and frequency correction
synchronization
power quality

Voltage and frequency regulation
V,F power sharing
local fault protection

Figure 3. Hierarchical control architecture of a microgrid system.

The hierarchical framework is based on time-scale separation and functional de-
coupling. Fast local dynamics are regulated at the primary level through decentralized
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controllers, while the secondary level restores voltage and frequency deviations via coor-
dinated control. Slower system-level objectives, including economic dispatch and power
flow optimization, are handled at the tertiary level. In grid-connected operation, mi-
crogrids typically interface with Automatic Generation Control (AGC) schemes at the
TSO level, where they are modeled as controllable entities capable of providing ancillary
services rather than passive loads [49]. This structure preserves local autonomy while
enabling participation in system-wide regulation. Treating each microgrid or distribu-
tion network as an aggregated control unit within hierarchical AGC coordination reduces
computational and communication burdens at the transmission level without degrading
global performance [49]. Advanced techniques, for example, two-timescale Model Predic-
tive Control (MPC), enhance the synchronization of both fast-operating converter-based
DERs and slower synchronous generators, taking into account operational constraints
and uncertainties.

At the primary level of control, conventional droop and grid-following, grid-forming,
and grid-supporting methods provide essential local regulation. To improve response and
robustness, advanced techniques such as adaptive droop, MPC, virtual impedance loops,
and data-driven controllers are increasingly used. Artificial intelligence-based approaches,
including Artificial Neural Networks (ANNSs), Adaptive Neuro-Fuzzy Inference Systems
(ANFISs), and Q-learning, enhance local stability, reduce circulating currents, and improve
adaptation to rapid load changes. At the secondary control level, traditional PI/PID-based
voltage and frequency restoration schemes can incorporate distributed control approaches,
including Multi-Agent Systems (MASs), Distributed MPC (DMPC), consensus algorithms,
and reinforcement learning techniques. These control schemes enable system-wide co-
ordination and resilience to disturbances and allow microgrids to cooperate with other
DERs for collective regulation. However, their effectiveness depends on reliable commu-
nication networks and careful controller tuning to prevent instability under latency or
communication failures. The tertiary control level addresses economic dispatch, power
flow optimization, and grid interaction. Advanced approaches complement conventional
reference-setting and linear optimization methods. These include distributed consensus
control, fuzzy-optimized cooperative strategies, and machine learning-based methods (e.g.,
supervised learning, regression models, support vector regression (SVR), and ANN), which
improve decision-making under uncertainty. Deep reinforcement learning techniques,
including Deep Neural Networks (DNNs), Deep Q-Networks (DQN), Deep Reinforce-
ment Learning (DRL), imitation learning-based scheduling, and optimization-integrated
reinforcement learning methods, further enhance operational and economic performance
while maintaining system stability. Nevertheless, these approaches often involve high
computational requirements and rely on accurate measurement and forecasting data.

Overall, a hierarchical control approach provides a cohesive, scalable architecture,
enabling microgrids to achieve local stability, coordinate effectively with TSO/DSO systems,
and operate at an economically optimized level. Its effectiveness is strongly influenced
by communication reliability, coordination mechanisms, and the dynamic nature of DER
integration [50-52]. To provide a structured comparison of the discussed strategies, Table 2
evaluates the efficacy of these control approaches using performance metrics such as
robustness, interoperability, response time, scalability, and stability [55].
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Table 2. Evaluation of MG Performance-Based Control Approaches.

Control Approach Robustness Scalability Is’zlf)(i)lrir?ance Response Time
Adaptive Control High Moderate High Fast
MPC-Based Primary Control Very High Moderate Very High Moderate
Droop Control Moderate High Moderate Fast

Fuzzy Logic Control (FLC) Moderate Moderate Moderate Fast

PI/PID Control Moderate High Moderate Very Fast
Artificial Neural Networks High Very high High Fast

(ANNS)

3.1. Primary Control

Primary control in microgrids is a major decentralized system that provides balancing
of production and use, voltage and frequency stabilizing, synchronization of generators to
a shared frequency, load distribution between generators, auto-synchronization facilitating,
and avoiding harmful circulating currents. It is divided into three main modes [53]:

Grid-following: Converters track the grid’s frequency and voltage and function as
current sources. This mode of operation is suitable for attaining maximum power extraction
from renewable energy.

Grid-forming: Converts the voltage and frequency and functions as a voltage source.
Mode utilizes such methods as droop regulation to allow auto-synchronization without the
use of communications and a virtual synchronous machine for higher stability.

Grid-supporting: This mode allows converters to contribute to frequency and voltage
regulation by adjusting reactive and active power, often in combination with PV inverters
and storage systems.

Guarantees local stability through control of power converters. It regulates frequency
and voltage in AC subgrids and voltage in DC subgrids.

AC control focuses on the amplitude and frequency of the AC bus voltage, utilizing
droop control for independent load sharing as depicted in Figure 4, regulating active and
reactive power based on reference deviations. Key formulas include [56]:

w=w"—1(P—-P) 1

E=E" -k(Q-Q) (2)

Here, w* and E* are the references for w and E, and 1 and k represent the droop slope
or coefficient. The settings for 1 and k are given by:

Aw

1 B Pmax (3)
AV
k B Qmax (4)

where Aw and AV are the maximum frequency and voltage limit deviations, and Prax
and Q. are the maximum active and reactive inverter output power. Figure 5 shows
the equivalent circuit of two DC power sources in parallel with a common load through
resistive output impedances. Circulating currents are caused by voltage differences between
the sources. Virtual output impedances are used in a primary control loop to minimize this.
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The loop is used to control the voltage reference input to the current and voltage control
loops (Level 0), and the output voltage is defined as:

ve =v*—Rp-i (5)

where i, represents the output current, Rp is the virtual output impedance, and v* is the
no-load reference voltage. Assuming ey is the maximum permissible voltage deviation Rp
and v* should be designed as follows:

V>~< :Vn_ev/2 (6)

RD = €v/imax (7)

where imax is the maximum output current and v, represents the nominal output voltage.
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h L Pt Current i d
Corere oor ] inverter
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Figure 4. Primary and secondary control strategies in an AC microgrid.
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Figure 5. Primary and secondary control strategies in a DC microgrid.

Droop control, as described by Equations (1)—(4), enables decentralized regulation
of voltage and frequency in microgrids. However, this control strategy exhibits several
limitations, including sensitivity to load variations, the presence of circulating currents, and
limited adaptability under high penetration levels of renewable energy sources. These chal-
lenges can lead to voltage deviations and frequency instability, thereby affecting the overall
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system performance. To address these issues, several advanced control strategies have been
developed. Adaptive droop control dynamically adjusts the droop coefficients according
to system operating conditions, thereby improving voltage and frequency regulation. In
addition, Model Predictive Control (MPC) has been employed to optimize power output
over a prediction horizon while satisfying operational constraints, resulting in enhanced
dynamic performance and stability.

More recently, Artificial Intelligence (Al)-based techniques, particularly Artificial Neu-
ral Networks (ANNSs) and reinforcement learning (RL), have gained significant attention
for primary control applications. These approaches exploit learning capabilities to han-
dle system non linearities and uncertainties, leading to improved voltage and frequency
stabilization under complex operating conditions.

ANN-based methods have been widely applied to enhance dynamic performance
in microgrids. For example, ANN-based inverter control has demonstrated improved
voltage regulation and reduced total harmonic distortion (THD) compared to conventional
control methods [57]. Similarly, feedforward neural networks have been used to achieve
effective active and reactive power sharing while maintaining stable voltage and frequency
in multi-distributed generator systems [58]. In [59], an ANN was employed to tune the
parameters of a generalized droop control-based distributed resource, resulting in enhanced
voltage regulation and stable frequency operation through flexible load management.
Reinforcement learning techniques have also shown promising performance in primary
control. Liu [60] proposed a deep reinforcement learning (DRL) approach capable of
regulating voltage while ensuring coordinated current and load sharing among distributed
units. Furthermore, studies in [61-64] demonstrated that the limitations of conventional PI
controllers in inverter regulation can be mitigated using neural network-based dynamic
programming techniques. In addition, feedforward neural networks have been used to
replace virtual impedance control, thereby improving droop control performance [65].
ANN-supported sliding mode droop control strategies have also been proposed to address
rapid frequency variations caused by high penetration of photovoltaic systems and battery
storage, improving system inertia and dynamic response [66]. To further enhance ANN
performance, advanced training strategies have been explored. Instead of relying solely on
heuristic tuning, some approaches utilize optimized d—q axis voltage references obtained
through offline Particle Swarm Optimization (PSO) to mitigate the effects of load and
line variations [67]. In [68], an ANN-trained MPC framework was proposed to replace
conventional PI controllers and achieve faster damping. Similarly, ref. [61] introduced a
control strategy combining ANN with a generalized Hebbian learning rule to adapt PI
controller gains for disturbance compensation. More recently, ref. [69] proposed an ANN-
based proportional-resonant (PR) regulator for voltage control with minimal deviation,
improving voltage source inverter (VSI) performance, while integrating droop control to
ensure effective power sharing among distributed generators. Overall, these advanced
control strategies, particularly Al-based approaches, significantly enhance voltage and
frequency stabilization in microgrids, making them more resilient to uncertainties and
dynamic operating conditions.

3.2. Secondary Control

Secondary control is essential in stabilizing microgrids and optimizing their operation
by correcting frequency and voltage deviations. It adjusts the deviations between actual
amplitude values Ay, frequency values wyjg and reference values using proportional and
integral controllers. The secondary controller is applied in both the DC and AC subgrids,
monitoring real-time frequency and voltage deviations and issuing compensations to all
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Main
AC Grid

DGs in the AC subgrid to rectify the amplitudes of frequency and voltage, thereby balancing
the system perfectly. As shown in Figure 4.
This is carried out through the following equations:

dw = Kpw (wyg — wmc) + Kiw [ (wyg — wmg)dt 8)

5E::Kw4E§G-—EMG)+J§E/kEﬁG-—EMGyh ©)

where Kpw , Kiw, , Kpg and Kig are used as compensator control coefficients in secondary
Control.

In the case of the DC grid, since frequency is not involved, the voltage compensation
is sufficient to provide the stability of the DC bus voltage and restore it to its rated value by
using [70], as illustrated in Figure 5.

Ovy = ka(VK/IG — VMG) + kiy (VK/IG — VMG) dt (10)

3.3. Tertiary Control

Tertiary control targets the optimal allocation of power flow based on economic criteria
and assigns reference values to every unit in the microgrid. It manages the interaction
between the primary grid and the microgrid and focuses on energy management and
scheduling of the system based on an economic perspective while keeping it stable [71].

The microgrid tertiary control mechanism compares the reading values of the mon-
itored P and Q values measured with the assistance of the static bypass switch to their
reference P* and Q" values and calculates a difference shown in Figure 6. Control and
regulation are then imposed on the microgrid through the use of the following equations:

w%z%ﬂ%4@+@ﬂ%7%) (11)
Eir = kpa(Q5 — Qa) +kia [ (Q5 —Qa) (12)
Ja\ PCC_{ AC-Microgrid
L] -~—
P G QG
P/Q
Grid calculation
) v P_G Wmax
E&Q_, PI Grid connected - 1
. P TN L we
Isl\a/r\m{ied i g WMG
Wain  Eonay Secondary
R | Qs Control
&Q—V PI a Grid conEn:cted '_.‘ 7 E .
. Islandled Lt me
Tertiary control  Emi

Figure 6. Tertiary control of an AC microgrid.
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The parameters kpp, kip, kpg and kiq are the tertiary control compensator control
gains. In islanded mode, the reference values wy,; and Ey,; are internally generated by
the secondary control (w y; = wi and Ey;; = Ef), and are subject to saturation if they
exceed the predefined limits.

While the MG is online connected to the DC source, we can control the power exchange
by regulating the voltage inside the MG. As shown in Figure 7, the controller can be depicted
as follows:

5vo = ko (il — ic) + ki / (& —ig) dt (13)

Voc Ve

Stiff
DC Grid

is
-
O .-/—.——' DC Microgrid

Bypass

Secondary
Vi Control

Tertiary control

Figure 7. Tertiary control and synchronization loop of a DC microgrid.

In which k;, and k; are the tertiary’s control parameters and control compensators.

To provide a structured and comparative overview of microgrid control strategies, a
summary of the main approaches reported in the relevant literature is presented in tabular
form. Table 3, Advantages and Limitations of Different Control Strategies in Microgrids,
highlights the trade-offs between implementation simplicity, robustness, computational
complexity, and adaptability. Similarly, Table 4, Comparison of Hierarchical Control
Methods in Microgrids, presents a classification of various microgrid control strategies
based on a hierarchical structure (primary, secondary, tertiary), emphasizing their typical
methods, operational benefits, limitations, and application scenarios. Together, these
tables facilitate a clear understanding of how different control paradigms contribute to
microgrid stability, performance enhancement, and economic optimization under varying
operating conditions.

Table 3. Advantages and limitations of different control strategies at different in microgrids.

References

Control Strategy Advantages Limitations

[55,72-74]

Classical control

Easy to implement and Slow response, Poor transient
understand. behavior, and low tracking accuracy

[75-82]

Robust Control

Long-term stability, compensates  Effective resolution of complex

for modeling errors and optimization algorithms depends on
disturbances and resistant to accurate mathematical models of
disturbances and uncertainties. systems
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Table 3. Cont.

References

Control Strategy

Advantages

Limitations

Suitable for complex,
multivariable systems; handles

Complexity in solving an
optimization problem
in real-time, requires fast

[18,83-85]  Model predictive control . L computation for real time
constraints and predictions; ) . "
useful in future prediction implementation, sensitive to model
' accuracy and
limited adaptability
Facilitates economic dispatch and
Al- inati ltipl . -
based energy €00 rdm:fmo'n across muitiple Requires large datasets and training;
[86,87] management (Deep microgrids; Manages hich computational demand
Learning, SVR) uncertainties associated with & p
renewable energy integration.
Ensures seamless transitions and
. . tin system complexity; requires robust
Intell h proper power managemen ystem plexity; req
[88] ntelligent switches (SSW) dynamic microgrid detection
reconfiguration.
Individual DG control; considers o o .
nonlinear dynamics; uses local Optimization complexity; requires
[89] Distributed MPC (DMPC) ! fast computation; sensitive to

and neighboring info; no central
controller required.

communication delays

Table 4. Comparison of different hierarchical control approaches in microgrid systems.

Control Level Typical Methods Advantages Disadvantages Appllc.a tion
Scenarios
Fast response time - Limited restoration of Real-t.une
- No communication regulation

Droop control,

voltage/frequency

. L required . . - Islanded operation
. virtual inertia, and ; - May cause circulating

Primary Control . - Simple - Plug-and-play

Al-assisted droop . . currents . .

. implementation - integration of
tuning - Load variations affect . "2
- Supports local DER distributed energy
. performance
operation resources
I - Requires a
distributed MPC, - Restores from quiresa
. . communication - Frequency and
centralized PI primary control .
L network voltage restoration

control, consensus deviations . .
Secondary . - Latency in - Harmonic

algorithm-based - Improves power N .
Control . communication may compensation

control, and quality .

7 . . affect performance - Coordinated power
observer-based - Maintains microgrid : :
- Gains must be regulation

control

stability

properly tuned
- Enables optimal - High computation
Forecast-based long-term scheduling  complexity . .
scheduling, robust - Enables - Derived from __ é\)/[ il;lrf;llzfleel;actlon
optimization, grid-connected and accurate malila ement &Y
Tertiary Control ~ multi-objective islanded modes measurements and -0 ergation of hvbrid
evolutionary - Facilitates market communication. ACp/D C mi y d
. e : microgrids
algorithms, and participation - Slower dynamic
game theory - supports multi-agent  response compared to
coordination primary control

https://doi.org/10.3390/en19092019


https://doi.org/10.3390/en19092019

Energies 2026, 19, 2019

15 of 34

4. Optimization in Energy Management Systems (EMSs) in Microgrids

In this section, optimization of EMSs in MGs will be presented, including objectives,
constraints, time frames, uncertainties, and optimization methods. Figure 8 provides a
schematic representation of a standard optimization workflow for an Energy Management
System (EMS), depicting steps from data acquisition to validation and decision-making, and
showing the transition from system states to associated actions or optimization strategies.

. Data Acquisition

- ()

/ /
( Collecting comprehensive
data on EMS components
Y and location

Y Problem Definition
" - Define the EMS objectives
- determining whether the
problem is single- or multi-
objective

- Identifying the operational
timeframe

- Assessing whether
uncertainty is modeled

[ EMS Optimization Process

Structured methodology for
( optimizing Energy
Management Systems

3 . Optimization Selection
{

/,’ - Identifying the appropriate
/ optimizer and method

e \ Validation and Decisions
e O

O/
- Summarizes performance

outcomes and comparisons

Figure 8. Schematic representation of a standard Energy Management System optimization workflow
in microgrids.

4.1. Problem Formulation
4.1.1. Optimization Objectives

The objectives of Energy Management Systems (EMSs) depend on the specific opera-
tional goals of microgrids (MGs). Typical aims include lowering operating costs, reducing
environmental impacts, and improving system reliability by limiting power supply short-
ages, increasing grid resilience, and optimizing power flow within the system.

The formulation of objective functions in EMS optimization is determined by the
operational goals of the microgrid. Table 5 summarizes the commonly used objective
functions together with the optimization techniques applied in microgrid energy manage-
ment systems. Objectives associated with energy balance and system reliability emphasize
the need to ensure stable operation. Frequently investigated objectives include reducing
operational costs (such as fuel consumption and generator cycling), limiting environmental
impacts by decreasing emissions, and improving system reliability through the reduc-
tion in power supply shortages, increased grid resilience, and optimized power flow. In
many studies, EMS optimization is formulated as a single-objective problem. Nevertheless,
multi-objective optimization approaches are increasingly adopted to address conflicting
requirements, including cost reduction, emission mitigation, higher penetration of renew-
able energy sources, and the limitation of battery degradation. The choice between single-
and multi-objective formulations generally depends on factors such as system complexity,
operational priorities, and the presence of competing objectives. When multiple objectives
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are considered, additional optimization techniques, including Pareto-based methods, are
typically employed to support comprehensive evaluation and informed decision-making.

In [90], a hybrid microgrid is optimized for three objectives: hourly generator cost, fuel
cost, and battery degradation cost. This approach is considered optimal and is compared
with a rule-based priority strategy. This strategy seeks to reduce diesel generator operation
while ensuring that each distributed generator operates above its technical minimum power
level. In addition, it prioritizes photovoltaic (PV) production with minimal curtailment and
schedules battery charging and discharging to further decrease diesel fuel usage. The results
demonstrate that the optimal approach enables higher PV penetration through effective
battery scheduling, thereby reducing energy costs by decreasing diesel generator operation.

4.1.2. Constraints

Constraints are a vital component of EMSs, ensuring safe and stable operation while
complying with resource limitations. Usually, constraints are categorized into technical,
operational, and economic constraints [91]. Technical constraints define the physical and
electrical limits of the system, such as power balance requirements, generation capacity
limits, state-of-charge and depth-of-discharge boundaries, voltage constraints, ramp-rate
limits, and system imbalance restrictions. Operational constraints govern the performance
of the power system and encompass charging and discharging strategies, limits on the re-
newable energy fraction, demand response obligations, and spinning reserve requirements.
Economic constraints ensure financial viability by considering budget limits, investment
costs, and energy trading restrictions. Furthermore, some studies incorporate logical and
environmental constraints into the EMS framework.

4.2. Time Frames for EMS Optimization

In predictive modeling for EMS optimization, it is crucial to define a precise time
frame [92,93]. This involves specifying two main components: the optimization horizon,
which determines the duration over which predictions are made, and the resolution,
which sets the granularity of those predictions [91]. Depending on the application, the
time horizon can span from a few hours to multiple years. In EMSs, time frames are
commonly classified as short-, mid-, and long-term horizons. The short-term horizon,
ranging from a few seconds to several hours, is typically applied for real-time control, load
balancing, and other immediate operational decisions. The mid-term horizon ranges from
one day up to several weeks and is used for optimal scheduling strategies, demand-side
management, and energy forecasting. Long-term horizons, spanning months to years, are
crucial for infrastructure planning, microgrid expansion feasibility analysis, and long-term
policy evaluation.

4.3. Uncertainty in Microgrid Energy Management Systems

Microgrid Energy Management Systems are subject to multiple sources of uncertainty
that can significantly affect energy scheduling, cost minimization, and the reliability of
system operation. These uncertainties originate from environmental factors, economic
variations, and technical limitations [94]. According to their characteristics and source,
different optimization techniques may be required to ensure effective system manage-
ment [95]. Managing uncertainty in microgrid energy management is crucial, as errors
in forecasting renewable energy generation, electricity market prices, or load demand
can lead to inefficient power dispatch, increased operational costs, and reduced system
stability [96]. To model and validate methods for effectively handling these uncertain-
ties, relevant data are obtained from historical records, experimental microgrid datasets,
meteorological databases, and simulation-based sources.
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Table 5. Objective functions and optimization methods employed in microgrid energy management

systems.
Ref. Optimization Method Types of RES Objective Function Multi/Single-Goal
Optimization of the
hydrogen-electric
[97] ?Tﬁf ? I\Ifrr::colzlja} nin WT/PV/Hydrogen coupling system Multi-Goal
entorce & operation with demand
response in consideration.
Optimization for
[98] Genetic Algorithms (GA)  Microturbines/PV/DG/ESS commercial and Single-Goal
residential MGs
Effective, low-cost, and
[99] ]SAYAk/lPSO/Harmony PV /biomass/WT/ESS reliable consumer Multi-Goal
eare demand fulfilment
Reduce the net present
[100] Metaheuristic Algorithms ~WT/PV/BESS cost (NPC) of the Single-Goal
microgrid system
Optimize the hybrid
[101]  Genetic Algorithm (GA) DG/WT/PV/BESS system for rural village Single-Goal
electricity demands
PSO-based Monte Carlo Minimize overall annual .
[102] Simulation WT/BESS/PV costs. Single-Goal
Grasshopper Minimize the levelized
[103]  Optimization Algorithm  WT/PV/BESS/DG cost of energy (LCOE) and Single-Goal
(GOA) loss of power supply
probability (LPSP)
Mixed-Integer Linear Minimize the levelized .
[104] Programming (MILP) PV/WT/DG/BESS cost of energy (LCOE) Single-Goal
Pattern Search and
[105] FHr}éZfﬁjgfrfg?gS PV/WT/storage devices Minimize Cost Single-Goal
HSFLA)
[106] kﬁ%;i?giseamh g:gﬁ;gg fDiesel/Battery Minimize Annual Cost Single-Goal
Crow Search Algorithm . Minimize LPSP, Minimize .
[107] (CSA) PV/WT /batteries/DGs Cost, Maximize Efficiency Multi-Goal
I o Loss of Power Supply
[108] qu(‘)l)lhb““m Optimizer — yr/py /Battery /DG Probability (LPSP), Multi-Goal
Minimize NPC, LCOE
Grasshopper Deficiency of Power
[109]  Optimization Algorithm  PV/WT/Battery/DG Supply Probability Multi-Goal
(GOA) (DPSP), Minimize Cost of
Energy (COE)
Moth Flame Optimization ﬁ;ilirrrrlllizzz ]:J(s:eo(i, LPSP;
[110]  (MFO), Taguchi method, = PV/WT/DG/Battery bl Multi-Goal
Fuzzy Decision Maker renewable energy sources
(RES)
Multi-objective Salp
[111]  Swarm Algorithm PV/WT/DG/Battery Minimize COE, LPSP Multi-Goal

(MOSSA)
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Table 5. Cont.

Ref. Optimization Method Types of RES Objective Function Multi/Single-Goal
Non-dominated Sorting Optimize system size
[112]  Genetic Algorithm II PV/WT/Battery/Hydraulic according to performance Multi-Goal
(NSGA-II) criteria
Mixed-Integer Linear Ilgﬁszaolfifii)w(?l’ssl;’l;ply
1 rogrammin S ulti-Goa
[113]  Prog ing PV/DG/ESS Y ’ Multi-Goal
(MILP) Minimize Net Present
Cost (NPC)
Hybrid Grey Wolf with PV/WT/Biomass .
[114]  Cuckoo Search Gasifiers/Energy Storage zfgggei/ggis;?szg;%y Single-Goal
Optimization (GWCSO) (Battery) /DG !
Model Predictive Control Maximize Local Usage of
[115] (MP.C)f Pa%‘tlcle Swarm WT/Hydrogen/Oxygen Wind Power, Minimize Multi-Goal
Optimization (PSO), Storage System/Fuel Cells Enerov Exchanee
Genetic Algorithms (GA) &Y 5
e . PV /Hydrogen/ Loss Probability of Power
[116] Il\j/ilg(eirlr:fiier (II\ZIIIE% Electrolyzers/Fuel Supply, Minimize Total Multi-Goal
& & Cells/Hydrogen Tanks Life Costs
Maximize PV Use,
. . Minimize Grid Power, .
[117] Quadratic Programming PV /Battery Provide Grid-Level Multi-Goal
Reliability
Particle Swarm Minimize Operational .
[118] Optimization (PSO) PV/WT/Battery Storage Cost Single-Goal
Sequential Optimization Eeo(:tu(c)? };};;}ev(eiléec%)
Search (SOS), Sequential robabilit ogf}ioss of !
[119]  Floating Search (SFS), WT/PV/DG/BESS P Y Multi-Goal
Particle Swarm power suEplybLPiP, and
o energy taken by the
Optimization (PSO) dummy load.
. Loss of Power Supply
Clonal Selection o .
[120] . PV /WT/Battery Probability (LPSP) and Multi-Goal
Algorithm (CLONALG) Minimize Cost,
Reduce Annual System
[121] Harmony Search (HS) PV/WT/battery/DG/ Cost and Consistent Multi-Goal
y Inverter components
p Supply of Energy
Levelized Cost of
. Electricity (LCOE)
[122] g;?;ﬁigfﬁ;ﬁn ;Zr/aBgaettery/Hydrogen minimization and Multi-Goal

sensitivity to real
conditions uncertainty

4.4. Optimization Methods

Numerous optimization approaches have been explored in the literature to improve

the performance and efficiency of microgrids (MGs). These methods aim to improve energy

scheduling, cost minimization, reliability, and renewable energy integration. Figure 9

illustrates the main energy management techniques applied in building microgrids [83].

This section reviews the principal optimization methods employed in Microgrid Energy

Management Systems (EMSs). To support method selection and comparison, Table 4 sum-
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marizes these techniques, outlining their main advantages and disadvantages. Furthermore,
examples of their application in MG systems are provided.

Machine Learning and Al A I
T — Energy Linear Programming
< - /\ . . .
: & Management {-- Mixed Integer Linear Programming
Unsupervised Learning (EMS) !

. . i-- Non-linear Programming

Reinforcement Learning Y, . )
) - Dynamic Programming
Fuzzy Logic
Others
Others
Stochastic and Metaheuristic Approaches
Genetic Algorithm

Ant Colony Optimization
. Particle Swarm Optimization

Others
Figure 9. Energy management approaches used for building a microgrid.

4.4.1. Deterministic Optimization

Deterministic optimization algorithms operate based on well-defined rules and in-
puts. They generally require accurate system information and utilize mathematical models
to solve the problem. Due to their structured formulation and computational reliability,
deterministic methods have been widely applied in microgrid energy management sys-
tems (EMSs). Within this deterministic framework, several mathematical programming
techniques have been developed for microgrid energy management. Among these, Linear
Programming (LP) represents one of the fundamental approaches. LP models combine
continuous variables linearly. Although this restricts modeling flexibility, the resulting prob-
lems are comparatively simple to solve, as the feasible region of an LP problem is convex.

Mixed-Integer Linear Programming (MILP) is commonly applied in microgrid energy
management system design, allowing decision variables to be either integer or continuous.
It solves problems in which some variables must be expressed as integers, as is usually
the case in resource allocation or planning tasks. This feature has made MILP widely used
in microgrid management [123]. MILP has been utilized for balancing generation and
demand energy in [124], along with rolling-horizon-based load forecasting. In [125], MILP
was used to determine optimal sizing and evaluation of renewable energy sources (RES),
energy storage units, and demand-side management devices for a residential microgrid in
Okinawa. Similarly, study [90] employed a MILP-based approach to develop an optimal
Energy Management System. This strategy enhances the utilization of the Battery Energy
Storage System by incorporating forecasted load demand and renewable generation, which
increases renewable energy penetration and reduces reliance on diesel generators. The
strategy simultaneously addresses multiple objectives, including minimizing generator
operating costs and mitigating battery degradation. Furthermore, long-term EMS opti-
mization has been carried out to allocate storage device capacities—such as battery State of
Charge (SOC) and hydrogen tank State of Health (SOH)—over a planning horizon to meet
predefined energy management goals [101]. Within this framework, dynamic programming
is employed to optimize battery SOC and hydrogen fuel cell SOH according to long-term
operational strategies.

Mixed-Integer Non-Linear Programming (MINLP) solves more complex problems
and allows precise modeling with multiple optimal solutions. However, it requires high
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computational resources. Mixed-integer programming techniques are frequently employed
to solve optimization problems, making them particularly suitable for Energy Management
Systems (EMSs) in microgrids. Mathematical modeling of microgrid components in MILP-
based EMSs primarily focuses on cost function optimization. These MILP models consider
factors such as wind speed, solar irradiance, load demand, and component costs. In
contrast, MINLP models involve non-linear objective functions and constraints. Attempts
to linearize these models often require approximations. MINLP models account for power
from available generators, electricity imported or exported to the point of common coupling
(PCC), and power supplied by the energy storage system (ESS) for continuous variables. In
microgrid systems, power flow equations are inherently non-linear and complex [32].

Dynamic Programming (DP) approaches problems by breaking them into smaller
subproblems and storing their partial solutions. DP is advantageous for optimization
because it can incrementally optimize subproblems based on previous solutions. Its strength
lies in solving sequential decision problems; however, it can be difficult to implement in
practice due to the extensive recursion required [126]. Applying DP to discrete-time control
systems has proven effective compared to static dispatch solutions. For instance, a practical
battery and energy storage management system utilizing a DP algorithm was described
in [127], which included new battery and energy storage models along with constraint-
based cost models. In [128], long-term EMS optimization aims to allocate the available
capacity of storage devices—such as battery State of Charge (SOC) and hydrogen tank State
of Health (SOH)—over a future planning horizon to meet predefined energy management
objectives. Within this framework, DP is used to optimize battery SOC and hydrogen
fuel cell SOH management according to long-term operational strategies. Overall, DP is
commonly used for energy storage optimization and real-time supply-demand balancing,
helping to reduce the variability of renewable energy generation.

Deterministic optimization methods constitute a solid mathematical foundation for
microgrid energy management, as they are capable of yielding optimal solutions when the
problem is clearly defined and convex. Techniques such as linear programming (LP) and
mixed-integer linear programming (MILP) are particularly suitable for planning, schedul-
ing, and resource allocation problems in which system parameters are known with a high
degree of certainty. However, their main limitation lies in their sensitivity to model accuracy
and their limited ability to handle uncertainty, nonlinearities, and time-varying conditions
inherent in microgrid environments. In addition, approaches such as mixed-integer non-
linear programming (MINLP) and dynamic programming enable the modeling of more
complex systems, but at the expense of significantly higher computational complexity.
Consequently, deterministic approaches are most suitable for long-term planning and of-
fline optimization tasks, while their applicability to real-time energy management remains
limited when compared to stochastic, metaheuristic, and Al-based approaches.

4.4.2. Stochastic and Metaheuristic Methods

Stochastic optimization seeks to maximize an objective function despite the presence
of randomness in the system variables. Typically, this involves a two-step procedure: an
optimal operating point is first selected based on predictive data and then adjusted in real
time according to actual values [32]. In microgrid (MG) environments, the variability of
renewable energy sources (RESs), mainly caused by fluctuating weather conditions, leads
to unpredictable power generation. Consequently, stochastic modeling becomes essential
for efficient energy management [129]. Several stochastic techniques have been applied in
microgrid energy management. Scenario-based stochastic Model Predictive Control (MPC)
has been applied to reduce operational costs while increasing the reliability of scheduling
in microgrid systems [130]. Similarly, Stochastic Dual Dynamic Programming (SDDP)
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has been utilized in energy trading to address cost fluctuations caused by uncertainties
in power supply and demand [131]. By incorporating multiple scenarios and probability
distributions, stochastic methods provide a realistic representation of system behavior,
allowing EMS frameworks to effectively manage the variability of intermittent renewable
energy generation [131]. Nevertheless, stochastic programming approaches often demand
high computational effort, particularly for real-time implementation. Stochastic dynamic
programming mitigates this issue by considering uncertainties at each time step, enhancing
the system’s ability to respond to real-time variations [40].

However, despite their stochastic characteristics, nature-inspired algorithms such as
PSO can still become trapped in local minima, particularly in complex problem spaces or
when parameters are not properly set [91]. To address this limitation, alternative algorithms
like the Grasshopper Optimization Algorithm have been investigated, showing enhanced
ability to escape local optima [109]. PSO has been extensively used for multi-objective
optimization in battery energy storage systems. For instance, study [132] reported its appli-
cation in optimizing battery maintenance expenses and extending battery lifetime, adapting
to changing charging and discharging patterns due to fluctuating power generation. This
adaptability enables PSO to explore the solution space efficiently while maintaining mod-
erate computational requirements, making it suitable for real-time control applications.
Similarly, GOA has been applied to multi-objective optimization in hybrid microgrids,
particularly for minimizing the Cost of Energy (COE) and the Deficiency of Power Supply
Probability (DPSP) [109]. When compared with PSO and the Cuckoo Search algorithm,
GOA showed better convergence performance, leading to improved cost efficiency and
enhanced reliability of power supply.

A notable development in stochastic optimization for microgrid energy management is
presented in [6], which proposes a real-time optimal control strategy for a standalone DC PV
microgrid. This system integrates battery storage and a proton exchange membrane (PEM)
electrolyzer to produce green hydrogen. The key innovation lies in formulating the energy
management problem as a Markov decision process (MDP), enabling the direct modeling
and prediction of the stochastic behavior of solar irradiance and, crucially, load demand.
The MDP-based controller dynamically optimizes power distribution by learning a policy
that balances immediate load satisfaction, battery State of Charge (S0C) management, and
the overall goal of maximizing hydrogen production. The study’s principal results indicate
that this stochastic strategy significantly surpasses traditional deterministic approaches
such as perturb-and-observe. This study presents a computationally efficient and resilient
framework that integrates probabilistic load forecasting into the control layer without
requiring extensive historical data, making it suitable for real-time applications in remote,
off-grid microgrids and facilitating stochastic optimal control during the transition to
clean energy.

Another stochastic energy management framework for independent PV-battery-PEM
electrolyzer systems, which incorporates an MDP-based load forecasting and a stochastic
MPPT controller, was explored in [8]. The technique, validated using real-time weather data,
dynamically orchestrates power flows to optimize hydrogen generation, demonstrating
enhanced performance compared to traditional P & O methods, with a reduced tracking
error (0.3125 vs. 9.8836) and increased efficiency (99.9% against 98.64%). This method
optimally channels excess photovoltaic power to the electrolyzer during battery charging,
therefore increasing hydrogen production, minimizing battery cycling, and providing a
computationally efficient strategy for real-time energy management in off-grid microgrids.

A comparison of metaheuristic optimization models helps identify the most suitable
approach for a given problem. Popular algorithms are compared in Table 6.
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Table 6. Comparison of different metaheuristic algorithms.

Algorithms

Advantages Disadvantages

Genetic Algorithm (GA)

- Easy to use, it does not depend on other
applications or devices.

- It can be utilized to find the solution to a
particular problem

- Simple operators can be used in planning
and solving problems of great
computational complexity.

- There is no termination standard or
standard form in Genetic Algorithms
(GAs). It must have an exact improvement
function to arrive at an optimal solution.
- GA is time-consuming for very fussy
problems

Ant Colony Optimization
(ACO) Algorithm

- Probability distribution is dependent on
iterations and converges best, but to an
extent of time unknown.

- Difficult to analyze because it is reliant
on random strings of independent
artificial ants” decisions.

- Optimal for dynamic issues, it adjusts
according to new variables.

- Ants create parallel, autonomous
solutions, exhibiting natural data
parallelism

Particle Swarm

- Entire solutions may converge
prematurely, leading to a loss of

- ion i ith . . .
Computation is easy, with numerous population diversity.

reference sources for parameter

Optimization (PSO) determination - A larger population size increases the
’ risk of not solving within the optimal
number of iterations.
- Effective algorithm with low
. - Convergence early on can lead to
convergence time. inadequate classification accuracy.
Artificial Bee Colony - Needs fewer parameters and is highly o . |
. - Difficult to design because random
Algorithm (ABC) adaptable .
. parameters need to be selected, like PSO
- Simple to apply and explores both locally
and ABC
and globally.

Stochastic and metaheuristic optimization techniques provide enhanced flexibility
when dealing with uncertainty, nonlinear systems, and multi-objective problems, in contrast
to deterministic methods. By using probabilistic modeling and population-based search
mechanisms, these approaches are better equipped to reflect the variability of renewable
energy generation and fluctuations in load demand. Algorithms such as particle swarm
optimization (PSO) and grasshopper optimization algorithm (GOA) are particularly useful
for navigating large and complex search spaces without relying on strict assumptions like
convexity. Despite these strengths, they often require higher computational resources,
are sensitive to parameter configuration, and may converge prematurely to suboptimal
solutions. In addition, stochastic optimization techniques need to perform a large number
of scenarios, which might not be suitable for real-time applications. Therefore, these
methods can be applied to solve uncertainty modeling and multi-objective optimization
problems rather than real-time control problems.

4.4.3. Artificial Intelligence (AI) and Machine Learning (ML) Techniques

Machine Learning (ML) and Artificial Intelligence (Al) are increasingly applied in
various fields, including renewable energy. As highlighted in the literature, ML can be
broadly divided into the following categories:

Supervised Learning, a machine learning approach, relies on labeled datasets to train
models that can subsequently make predictions for new, unseen data using the labeled
information as a guide. These algorithms are generally easy to implement. For instance,
study [133] proposed a multi-objective energy management strategy for microgrids using
Random Forest (RF) and Support Vector Machine (SVM) algorithms. Supervised learning
methods are highly effective when sufficient high-quality labeled data are available, but
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their performance can decline if the data are incomplete or incorrectly labeled. They are
highly dependent on data quality and feature selection. Since supervised learning relies on
past data, it is particularly well-suited for forecasting tasks. Several studies have analyzed
the performance of supervised learning in energy demand and production forecasting for
building microgrids (BMGs). For instance, load forecasting in MGs using ML algorithms
was examined in [134].

Unsupervised Learning is an ML method that identifies patterns and similarities in
unlabeled data, typically operating on raw data. It does not require human effort for
data labeling. For example, ref. [135] applied unsupervised learning to demand-level
clustering in demand-side management. While unsupervised learning is primarily useful
for clustering unknown data, it is less suitable for energy management in microgrids.
Tasks such as cost reduction or load balancing require specific outcomes that cannot be
directly obtained through unsupervised methods. These challenges are better addressed
using supervised learning or optimization approaches. Additionally, energy management
involves complex decision-making with multiple variables and constraints, including
energy prices and forecasted demand, which can be more effectively incorporated within
supervised learning or optimization frameworks. Since accurate prediction of future
demand and supply is essential for microgrid management, supervised learning approaches
remain more suitable for these applications.

Deep Learning, a subset of machine learning, utilizes artificial neural networks (ANN5s)
modeled after the structure and function of the human brain. A deep neural network is
composed of interconnected neurons with weighted connections that quantify the strength
of relationships between nodes. These networks process information through multiple
hidden layers, allowing the model to learn complex patterns and feature representations.
The output layer then generates predictions based on the learned relationships among
neurons. Deep learning has been successfully applied to the control and optimization of
building microgrids (BMGs). In [136], a deep learning-based forecasting and optimization
framework was implemented, enabling the energy management system (EMS) to reduce
grid dependence and increase autonomy. Similarly, in [137], a hybrid EMS was proposed
combining offline optimization with an online rule-based strategy. This approach employed
a Long Short-Term Memory (LSTM) model within a rolling-horizon framework for solar
power and load forecasting, aiming to minimize daily electricity expenditures.

Reinforcement Learning (RL) is a technique in which models learn optimal actions
through trial and error, receiving rewards for favorable outcomes. The goal is to maximize
cumulative long-term rewards by performing actions that lead to the best results. RL
operates on a reward-based mechanism, conceptually similar to Model Predictive Control
(MPC), as both aim to optimize decisions over a planning horizon. In [138], real-time
optimal energy management was achieved using deep reinforcement learning techniques.
The study demonstrated that RL is more robust to parameter update rates and better
suited to handling system uncertainties. In some systems, such as multiple-input multiple-
output (MIMO) systems, other control techniques like MPC have also been applied. MPC
predicts system behavior using dynamic models and optimizes control actions accordingly.
In [139], MPC was applied to residential BMGs with a focus on economically optimal
configuration. Similarly, ref. [140] developed a demand response scheduling approach
integrating Q-learning and MPC to enhance operational efficiency.

Model Predictive Control (MPC) involves the use of dynamic system models, an
optimizer, and a central controller to forecast and regulate control actions. It predicts
future system behavior over a rolling time horizon and solves an optimization problem at
each time step, continuously updating decisions as new information becomes available.
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This approach is particularly useful for short-term microgrid operation, where real-time
responsiveness and adaptability are critical [141].

Fuzzy Logic is a computational technique that allows variables to have multiple
truth values rather than conventional binary true-or-false logic. Fuzzy logic is effective
when working with imprecise, uncertain, or complex data, using heuristic rules to reach
intelligent conclusions. This method allows accurate decision-making even with fuzzy or
incomplete information.

However, the implementation of Al-based and learning-driven control strategies in
microgrid energy management systems often leads to increased communication require-
ments, especially in distributed and multi-agent architectures. Continuous data exchange
among controllers, sensors, and agents may result in significant communication burden,
network congestion, and increased latency, which can negatively affect system scalability
and real-time performance. To address this limitation, event-triggered control mechanisms
have been widely proposed as an effective alternative to conventional time-triggered com-
munication schemes. In event-triggered approaches, information is transmitted only when
certain predefined conditions are satisfied, rather than periodically, thereby significantly
reducing unnecessary data transmissions and communication load. It has been shown that
event-triggered strategies can effectively reduce communication frequency while maintain-
ing system stability and control performance [142,143]. In addition, these mechanisms have
demonstrated their effectiveness in multi-agent systems by significantly decreasing commu-
nication resource consumption and improving overall system efficiency [144]. Therefore,
integrating event-triggered communication schemes with Al-based control methods repre-
sents a promising research direction for enhancing the efficiency, scalability, and practical
implementation of microgrid energy management systems.

Although ML-based optimization approaches are highly effective, they have some
limitations. Deep learning models, in particular, require significant computational resources
for both training and real-time deployment [145]. Moreover, the performance of machine
learning algorithms depends strongly on the availability of large, high-quality datasets.
Their effectiveness is influenced by the reliability and completeness of historical energy data,
which may not always be ensured in real-world energy management applications [146].

Artificial intelligence and machine learning-based optimization techniques provide
promising solutions for the real-time management of the microgrid’s energy resources in
the presence of uncertainty. In contrast to deterministic and classical stochastic optimization
techniques, machine learning-based optimization techniques have the potential to learn the
complex relationships in the system and improve the quality of the solution. In particular,
reinforcement learning and deep learning-based optimization techniques have the poten-
tial to solve complex optimization problems without the need for explicit mathematical
modeling of the system. However, the performance of machine learning-based optimiza-
tion techniques largely depends on the availability of high-quality datasets. Additionally,
issues related to generalization, interpretability, and robustness under unseen conditions re-
main important challenges. Compared to deterministic and stochastic approaches, AI/ML
methods are more flexible and scalable for dynamic environments, but their practical im-
plementation requires careful consideration of data availability, computational cost, and
system reliability.

The reviewed optimization methods deterministic, stochastic/metaheuristic, and
Al/ML-based approaches possess different advantages and disadvantages for implemen-
tation in a microgrid EMS, as summarized in Table 7. Deterministic methods (LP, MILP,
MINLP, DP) are reliable for well-defined problems and long-term planning but struggle un-
der uncertainty and complex nonlinear dynamics. Stochastic and metaheuristic approaches
(GA, PSO, GOA) are more effective at handling variability and multi-objective problems;
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however, they may suffer from convergence issues and high computational costs. Al and
ML-based methods provide adaptive, data-driven solutions, making them suitable for
real-time EMS applications, although they require high-quality data and significant compu-
tational resources. Comparative insights indicate that, for short-term operational control,
stochastic/metaheuristic and Al-based methods offer superior adaptability to real-time
variability, whereas deterministic methods remain robust and interpretable for long-term
planning and system sizing. Furthermore, in multi-objective EMS contexts, metaheuristic
algorithms and reinforcement learning methods typically provide a more balanced com-
promise between economic efficiency, system reliability, and environmental performance
than single-objective deterministic strategies. These approaches aim to optimize various
aspects of microgrid operation, such as system sizing, energy management, and stability,
with objective functions ranging from cost minimization to efficiency and reliability.

Table 7. Comparative Analysis of Optimization Methods in Microgrid Energy Management Systems.

Optimization Applications in Microgrid
Advantages Disadvantages
Method b & EMSs
- Ideal for problems with . Requlrgs precise system - Resource scheduling and
: . information
clearly defined constraints. L . management
T ” . - Less effective in real-time and .
Deterministic - Specifically tailored for . . - Load balancing
. : uncertain environments.
Optimization convex or linear problems . . - Energy storage management
. . . - Computational requirement e
- Provides a global optimum in . - Cost and emission
the event of convex problems > heavy for complex models minimization
P (e.g., MINLP, DP)
EXpllC'lﬂ}./ modgls e - High computational burden
uncertainties using probability . . Co o
S due to scenario generation. - Multi-objective optimization
distributions. P . .
. - - May be inefficient for - Solving nonlinear and
. - Provides realistic system
Stochastic & . small-scale problems. complex problems
o representation. . .
Metaheuristic . Lo - May converge to local optima - Scheduling of renewable
- Suitable for multi-objective . .
Methods Lo - Computationally costly for generation
optimization. 1
. . large problems - Cost and reliability
- Provides a solution to D RPN
. - Sensitive to parameter optimization
non-convex, nonlinear .
tuning.
problems
- Can learn from experien - Requires large, high-qualit .
c - Om experiences equures farge, ghq Y _Load and generation
- Provides solutions to data sets .
uncertainties and dynamic Computational and forecasting
Al & Machine " y . p . - Real-time energy
: conditions implementation costs can be
Learning Provides real-time high management
Techniques & - Adaptive control of DERs

adaptability
- Reduces reliance on the main

grid

- Model performance is
sensitive to data quality and
hyperparameter tuning

- Multi-objective optimization
under uncertainty

5. Future Trends and Research Directions in Microgrids

Microgrid control and optimization are rapidly evolving fields, driven by the increas-
ing penetration of renewable energy sources, emerging technologies, and the growing need
for resilient and efficient energy systems. The following section outlines the key trends
shaping the future of microgrid operation and management.

e  Droop-based PI controllers are widely employed in island and grid-connected mi-
crogrids, but their parameters cannot guarantee optimal performance under varying
conditions. Machine learning methods, such as neural networks and reinforcement
learning, optimize control parameter design, but challenges remain, such as inade-
quate or inaccurate data, lack of standardized criteria for algorithm selection, low inter-
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pretability of control processes, and difficulties in modeling hierarchical control levels.
Stability analysis in the presence of disturbances is still inadequate [10], and achieving
a balance between model accuracy and computational efficiency continues to be a
major challenge for real-time control in systems with multiple distributed generators.

e Deep learning techniques are a significant application of artificial intelligence in micro-
grid management, owing to their ability to accurately forecast future energy demand.
Reliable predictions help minimize energy losses, optimize the allocation of available
resources, and reduce reliance on costly peaking power generation units. Furthermore,
Al-based approaches can enhance the operation of energy storage systems (ESSs) by
enabling efficient and economically optimized battery charging and discharging strate-
gies [130]. The integration of these technologies is expected to significantly transform
the energy sector, as they contribute to the development of smarter and more scalable
microgrid systems.

e  Most studies have focused primarily on mid-term scheduling, often overlooking short-
and long-term operational strategies. Future investigations should consider system
sizing, real-time control applications, power quality, and other aspects of energy
management systems (EMSs), expanding optimization efforts beyond scheduling to
enhance overall microgrid performance.

e  Distributed microgrids operating under distributed architectures are highly vulnerable
to cyberattacks such as false data injection (FDI), which can compromise measurement
integrity and degrade system stability [147]. To address emerging attack scenarios,
future research should focus on the development of resilient and adaptive control
strategies, including fault-tolerant control schemes, distributed attack detection and
isolation mechanisms, and secure communication frameworks. In particular, cooper-
ative control methods combined with observer-based detection and event-triggered
communication can enhance robustness against stochastic and time-varying cyber-
attacks while reducing communication overhead. These approaches are essential to
ensure stable and secure operation of microgrids under increasingly complex and
uncertain cyber—physical environments.

e  ESSs are essential for mitigating renewable intermittency and maintaining system relia-
bility. Future research will focus on optimizing storage performance, improving battery
management systems, and developing hybrid storage configurations to enhance oper-
ational flexibility, extend system lifetime, and support multi-objective optimization.

e  Emerging research explores the role of blockchain and distributed ledger technologies
to enable secure, transparent energy trading and peer-to-peer transactions within
microgrid ecosystems. This can support decentralized energy markets and enhance
economic participation among prosumers and grid stakeholders.

6. Conclusions

The global expansion of the grid and the integration of renewable energy have become
unavoidable due to rapid population growth. This expansion is accompanied by numerous
challenges, such as the need for massive investments in transmission lines and the risk of
cascading blackouts. In light of these issues, microgrids offer a viable alternative for grid
restructuring, enabling future grid expansion and transformation. However, since their
resources are distributed in nature, microgrids require sophisticated energy management
and control systems to operate economically and reliably. Despite extensive research over
the past decade, this topic continues to attract significant interest. This study presents a
comprehensive review of control strategies and optimization tools employed in microgrid
planning and energy management.
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Hierarchical control remains the fundamental framework for ensuring microgrid sta-
bility and coordination, with primary control enabling fast local regulation of voltage and
frequency, secondary control restoring deviations and enhancing power quality, and tertiary
control managing economic dispatch and grid interaction. The adoption of advanced strate-
gies, including Model Predictive Control (MPC), distributed control schemes, and artificial
intelligence-based methods, has markedly enhanced system adaptability, robustness, and
operational performance, especially in microgrids with high levels of renewable energy
integration. From an optimization standpoint, deterministic, stochastic/metaheuristic,
and Al-based methods each provide complementary strengths: deterministic techniques
offer structured and reliable solutions for well-defined problems with clear constraints.
Stochastic and metaheuristic approaches are more effective in handling uncertainty and
addressing multi-objective trade-offs. Al and machine learning-based methods enable
adaptive, data-driven decision-making in complex and dynamic environments. There-
fore, the selection of an appropriate optimization technique must be aligned with system
objectives, time horizon, uncertainty levels, and computational constraints.

Despite considerable progress, several challenges remain, including uncertainty man-
agement, communication reliability, cybersecurity risks, computational complexity, and
the need for scalable real-time solutions. Future research should aim to integrate multi-
timescale optimization, enhance the interpretability and reliability of Al-driven controllers,
improve storage management strategies, and develop secure, decentralized energy trading
mechanisms. In conclusion, advancing microgrid energy management systems requires a
holistic, interdisciplinary approach that integrates control theory, optimization techniques,
digitala simulation tools, and emerging intelligent technologies. Such integration will
be essential to achieving reliable, economically viable, and environmentally sustainable
microgrid operation in the evolving smart grid landscape.
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Abbreviations

AC Alternating current line

Al Artificial intelligence

AGC Automatic Generation Control

BESSs Battery energy storage systems

BMG Building microgrid

COE Cost of Energy

CSA Crow search algorithm

DC Direct current

DERs Distributed energy resources.
DG Diesel generator.

Dr Dynamic programming
DSOs Distribution System Operators
EMS Energy management system.
ESS Energy storage system.

FC Fuel cell.

HOGA Hybrid optimization by genetic algorithms

HOMER  Hybrid optimization model for multiple energy resources
IHOGA  Improved hybrid optimization by genetic algorithms

GA Genetic Algorithm.

GOA Grasshopper optimization algorithm
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LCOE levelized cost of energy

LpP Linear programming.

LPSP Loss of power supply probability

MG Microgrid.

ML Machine learning

MILP Mixed integer linear programming.
MINLP  Mixed integer non-linear programming
MPC Model Predictive Control.

NPC Net present value

NSGA-II Non-dominated Sorting Genetic Algorithm II
PSO Particle Swarm Optimization

PV Photovoltaic.

RES Renewable Energy Sources.

RF Reinforcement learning

TSOs Transmission System Operators
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