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Abstract

The increasing integration of renewable energy sources into microgrid systems has driven
significant advances in energy management system (EMS) design, yet the diversity of
proposed approaches makes systematic comparison challenging. This paper presents a
comprehensive review of decision-making approaches for microgrid EMSs, organized along
three dimensions: architecture-based, decision-method-based, and application-context clas-
sification. The review covers deterministic mathematical programming; heuristic and
meta-heuristic optimization; stochastic and robust optimization; data-driven intelligent
and agent-based methods, including fuzzy logic, machine learning, reinforcement learning,
and multi-agent systems; and model predictive control and its variants. For each category,
representative studies are analyzed with respect to optimization objective, uncertainty
handling, key components, and control architecture. The results show that classical meth-
ods offer transparency and optimality guarantees but are limited under uncertainty and
nonlinearity conditions, while Al-based and MPC approaches provide adaptability and
real-time performance at the cost of higher data requirements. This comparative analysis
aims to guide researchers and practitioners in selecting appropriate EMS strategies for
microgrid applications.

Keywords: energy management system; microgrid; decision-making; optimization; model
predictive control; artificial intelligence; renewable energy sources; meta-heuristic

1. Introduction

The integration of hybrid systems into smart grids has significantly increased as a
result of the current focus on employing renewable energy sources (RESs) [1]. These
sources reduce greenhouse gas emissions and eliminate traditional fossil fuel-based
electricity generation.

As a practical option, microgrids can run while permanently tied to the main grid, op-
erate in isolation from it, or switch between the two modes as required [2,3]. Structurally, a
microgrid brings together interconnected loads and RESs, including distributed generators
(DGs), energy storage systems (ESSs), and controllable loads [4]. Depending on the nature
of the sources being managed, it may be built as a direct current (DC), alternating current
(AC), or hybrid system [5], while its layout can follow a radial, ring, or mesh topology, as
shown in Figure 1.
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Recent advances in microgrid protection and renewable energy integration have

Figure 1. Microgrid classification.

further expanded the applicability of microgrid systems [6,7]. The advantages of RES-based
microgrids extend beyond environmental benefits and include financial gains [1]: they help
reduce peak loads, enhance power supply reliability, and improve power quality. However,
the random and intermittent nature of RES generation introduces reliability and stability
challenges [8].

An Energy Management System (EMS) is an information-based control system de-
signed to manage production, consumption, storage, and battery charging and discharging,
with the objective of minimizing operational costs and associated emissions over a daily
planning horizon [9]. The EMS coordinates modules such as forecasting, optimization,
data analysis, and human-machine interface (HMI), supported by an energy service in-
terface (ESI) and communication protocols [5,9]. Despite these capabilities, EMSs still
face significant challenges arising from uncertainties in RES generation, load demand,
and electricity market conditions, making cost-effective and reliable coordination among
microgrids difficult [10].

Energy management is a critical topic across utility, industrial, commercial, and resi-
dential sectors [11]. Recent reviews have addressed EMSs from complementary perspec-
tives, including broad EMS surveys [4], optimization-centered reviews [11], and intelligent-
control-focused reviews [12]. While these contributions provide valuable foundations, a
systematic review focused specifically on decision-making approaches—spanning classical
optimization, heuristic methods, stochastic programming, artificial intelligence, multi-agent
systems, and model predictive control—and their relationship to EMS architecture and
application context remains lacking. This review addresses that gap by analyzing how
the choice of decision-making method affects scalability, uncertainty handling, real-time
feasibility, and implementation readiness across diverse microgrid configurations and
operating conditions.
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The motivations for continued EMS research include:

*  Reduction in operational costs by minimizing microgrid losses, indirectly lowering
electricity bills for consumers.

*  Cost reduction through direct monitoring and control of controllable loads and energy
sources, enabling optimized scheduling of production and consumption.

*  Rescheduling microgrid development and expansion strategies.

e Mitigation of greenhouse gas emissions that adversely affect society and the environment.

The volume and methodological diversity of EMS research have grown substantially
over the past decade. Metaheuristic approaches (PSO, GA, and ABC) account for the largest
share of optimization-based contributions, followed by mathematical programming, multi-
agent systems, and model predictive control [13]. The dominant paradigm has shifted pro-
gressively from rule-based and deterministic scheduling toward data-driven and learning-
based methods, and a dedicated bibliometric analysis of 2150 Scopus-indexed records over
2011-2025 reports accelerating output on Al-based microgrid EMSs while showing that
explainability-oriented research is rising faster than computational frugality [14-16]. This
review reflects this trajectory and organizes the reviewed methods accordingly.

The remainder of this paper is organized as follows. Section 2 presents the EMS classi-
fication framework along three complementary dimensions: architecture-based, decision-
method-based, and application-context classification. Section 3 reviews optimization-
based EMS approaches, covering deterministic mathematical programming, heuristic and
meta-heuristic methods, and stochastic, robust, and distributionally robust optimization.
Section 4 addresses data-driven, intelligent, and agent-based EMS methods, including
fuzzy logic, neural networks and machine learning forecasting, reinforcement learning, and
multi-agent systems. Section 5 examines predictive and hierarchical control approaches,
encompassing model predictive control, distributed and networked MPC, and Al-assisted
MPC. Section 6 provides a comparative discussion of the reviewed methods and identifies
open research gaps. Section 7 concludes the paper.

2. EMS Classification Framework

The classification of an EMS in a microgrid can be approached along three comple-
mentary dimensions: architecture-based, decision-method-based, and application-context
classification, as illustrated in Figure 2.

|
| | |

Architecture-based Decision-method Application context
Centralized Optimization-based Grid-connected
Decentralized Data-driven / Al Islanded
Distributed Predictive / MPC AC/DC hybrid
Hierarchical Transition mode

Figure 2. EMS classification framework.
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Architecture-based classification describes how decision authority is distributed
across the system; decision-method classification captures the algorithmic approach
used to derive control actions; and application-context classification reflects the oper-
ating environment and deployment scale. Together, these dimensions provide a struc-
tured basis for assessing scalability, communication requirements, uncertainty handling,
and real-time applicability—and EMS studies should report all three, not only the
algorithm used.

The decision-making methods reviewed in this paper are organized into three main
categories: optimization-based EMSs, encompassing deterministic, heuristic, and stochastic
approaches; data-driven, intelligent, and agent-based EMSs, including fuzzy logic, machine
learning, reinforcement learning, and multi-agent systems; and predictive and hierarchical
EMSs based on model predictive control and its variants, as shown in Figure 3.

Decision-making methods

( Optimization-based Dat:r-‘jrl\;eelktiitaeiggent w ( Predictive and hierarchicalw
Deterministic programming | Fuzzy, neural and ML ‘ Model predictive control
Heuristic / meta-heuristic Reinforcement learning ‘ Distributed and net. MPC

Stochastic and robust Multi-agent systems Al-assisted MPC
A h

Figure 3. Overview of decision-making methods.

2.1. Architecture-Based Classification

The principal EMS architecture classes reviewed in this section—centralized, dis-
tributed, and hierarchical—differ not only in their computational structure but in the
application contexts for which they are best suited. Centralized architectures dominate
grid-connected single-microgrid deployments where a single supervisory controller has
full observability; distributed architectures suit multi-microgrid clusters where privacy,
communication latency, or scalability preclude centralization; and hierarchical architectures
emerge where multiple timescales of optimization must be coordinated. Each architecture
is illustrated below with a concrete deployment example [13,17,18].

From an architectural perspective, microgrid EMSs can be classified as centralized,
decentralized, distributed, or hierarchical. A centralized EMS gathers all measurements and
forecasts at a supervisory controller and solves a system-level optimization problem, send-
ing decisions back to local controllers [12,19,20]. A decentralized EMS allocates decisions
to local controllers, reducing the communication burden but potentially limiting global
optimality [21]. Distributed EMSs coordinate decisions through local communication and
negotiation, improving scalability for networked microgrids. Hierarchical EMSs organize
decisions across timescales, typically separating primary control, secondary restoration,
and tertiary economic scheduling.
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Representative centralized implementations, where a single controller retains full
observability, include the IEEE 2030.7-compliant community and hospital microgrids
of [13], the MILP-based residential controller validated by Power Hardware-in-the-Loop
with a 120 ms PLC cycle and over 50% cost reduction in [22], and the OOBO-optimized
grid-connected PV-diesel-battery EMS of [23], which reports 20-48% cost reduction relative
to PSO, GA, and DE on an identical system.

Decentralized and distributed implementations, which both devolve decisions to local
controllers, include the three-agent peer-to-peer market EMS of [24] (70.3% reduction in
peak-hour grid imports), the Raspberry Pi + OPAL-RT hardware-in-the-loop EMS for an
AC/DC microgrid cluster in [25] (54.95% cost reduction versus a fuzzy-logic EMS), and the
consensus- and ADMM-based networked-microgrid coordination reviewed in [17].

Representative hierarchical and multi-microgrid implementations include the four
microgrid LLM-coordinated cluster of [26], the 21-microgrid virtual-power-plant optimiza-
tion of [27] across a 2050 horizon, the hybrid battery—hydrogen EMS of [28] validated over
12 scenarios, and the offshore islanded DC-microgrid EMS of [29] comparing rule-based,
PSO, and MINLP strategies.

2.2. Decision-Method-Based Classification

From a decision-method perspective, EMSs can be grouped into deterministic mathe-
matical programming, meta-heuristic and hybrid optimization, stochastic and robust opti-
mization, data-driven intelligent methods, multi-agent coordination, and model predictive
control. This classification links the mathematical decision mechanism to key implemen-
tation properties such as optimality guarantees, uncertainty handling, data requirements,
interpretability, and computational burden.

The time required for implementation and execution of a decision is a critical parameter:
offline and real-time (RT) platforms represent the two principal operating modes for EMS
decision-making [11,30]. A comparative overview of these approaches is provided in Table 1.

Table 1. Comparative overview of EMS decision-making approaches for microgrids.

. . . Typical
Typical Uncertainty Computational o e . L.
Approach Objective Handling Burden Advantages Limitations Application
Scale
Cost, emissions, Low to high, Iransp ar?nt le‘lt?(.i
. . formulation, flexibility for .
. dispatch Usually depending on - Single-MG
Classical . . - mature solvers, nonlinear, ; . .
o scheduling, and  deterministicor problem size . (residential/ grid-
optimization . . . and uncertain, and
constraint scenario-based  and integer . . . connected) [31]
. . . reproducible highly dynamic
satisfaction variables .
results conditions
Parameter
. ) Multl-o‘t.)]ectwe Can incorporate Flexible for tuning, S
Heuristic/meta- scheduling, . . convergence Single- to
- - scenarios and Medium to non-convex and , .
heuristic sizing, and conalt hich multi-obiective uncertainty, multi-MG
methods nonlinear p Y & ) and limited [23,29]
. functions problems o
dispatch optimality
guarantees
Risk-aware .. Requires
scheduling Exphcff o Im.pro.v.ed accurate.z
Stochastic/robust under RES, prObab.lhan’ . reh.a.blhty and uncertainty Single-MG to
. . scenario, or High resilience under models and can .
programming load, and price . community
uncertaint worst-case uncertainty become compu-
con ditionsy modeling conditions tationally
intensive
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. . . Typical
Typical Uncertainty Computational NP .
Approach Objective Handling Burden Advantages Limitations Application
Scale
Forecgstmg, . High Data
adaptive Medium to .
. Learns . . adaptability dependence,
Artificial control, pattern . high during o . . .
. . L uncertainty . and ability to interpretability ~ Single-MG to
intelligence recognition, training; often .
methods and online patterns from low during model complex  issues, and cluster [25]
. data 1 nonlinear generalization
decision deployment behavior risks
support
Distributed Communication
coordination, Managed Medium, Scalability, security,
. . through agent . 7 ) Lo Multi-
Multi-agent negotiation, o depending on modularity, and  interoperability,
communication 2 MG/ cluster
systems and communication reduced central and
. and local . . [24,26]
decentralized decisions architecture dependence coordination
control complexity
Constrained Depends on
Model rdizl-:lltIZEand Forecast-based }czgr}:sl’tiznt ?Ifglcllz;e Single-MG to
- P receding- Medium to . ’ &
predictive power control . . handling and forecasts, and multi-
horizon high . .
control over a optimization strong dynamic  real-time MG [27,32]
prediction P performance computational
horizon resources

2.3. Application-Context Classification

From an application-context perspective, EMSs differ according to operating mode,

microgrid topology, energy carrier, and deployment scale. Important categories include grid-
connected, islanded, and transition-mode microgrids; AC, DC, and hybrid AC/DC microgrids;
single-energy and multi-energy systems; and residential, commercial, industrial, and commu-

nity microgrids, whether isolated, networked, or organized as multi-microgrid systems.

This dimension is important because the most appropriate EMS method depends

strongly on whether the objective is economic scheduling, resilience, power-quality support,

real-time control, or coordination among multiple microgrids. The three-dimensional

classification framework is summarized in Table 2.

Table 2. Three-dimensional classification framework for microgrid EMS studies.

Classification Dimension Main Categories Typical Role in EMS Design Main Evaluation Criteria

Scalability, communication
burden, cyber-security, robustness
to failures

Defines where decisions are made
and how controllers communicate

Centralized, decentralized,

Architecture-based distributed /MAS, hierarchical

Deterministic optimization,
meta-heuristics, stochastic/robust
optimization, AI/RL, MPC

Optimality, uncertainty handling,
interpretability, data needs,
computational effort

Defines how EMS decisions are

Decision-method-based
computed

Grid-connected/islanded,
AC/DC/hybrid,
single-/multi-energy, residen-
tial /commercial /industrial,
networked microgrids

Defines operating constraints,
objectives, and validation
scenarios

Cost, emissions, reliability,
resilience, power quality, real-time
feasibility

Application-context-based

3. Optimization-Based EMSs
3.1. Deterministic Mathematical Programming

The mathematical programming methods reviewed below are predominantly de-
ployed in centralized EMS architectures for grid-connected day-ahead scheduling: LP and
MILP require a single supervisory agent to collect all data, solve a global problem, and

https://doi.org/10.3390/en19153560


https://doi.org/10.3390/en19153560

Energies 2026, 19, 3560

7 of 32

disseminate setpoints within the scheduling horizon [13,17]. In islanded or multi-microgrid
contexts the same approach requires decomposition (ADMM, dual decomposition) or
hierarchical aggregation [18].

The classical methods, also known as conventional, used in microgrid energy manage-
ment are based on linear, non-linear and mixed integer programming techniques. The linear
programming technique is used to model systems defined by linear constraints and an
objective function that needs to be either maximized or minimized [33,34]. If the constraints
are nonlinear, the system can be approached using nonlinear programming. On the other
hand, when decision variables are constrained to take integer values (e.g., —1, 0, 1, 2) the
problem is classified as mixed-integer programming (MIP). As a result of the constraint of
integer variables, an optimization problem becomes non-convex, increasing computational
challenges and complexity in solving the optimization problem. Dynamic programming
refers to the process of simplifying decision-making by progressively breaking it down
into a sequence of decision phases. The computational time required to solve a problem
is reduced through the application of dynamic programming compared to approaches
that do not reuse solutions to similar subproblems. Therefore, where a controller manages
voltage and frequency, dynamic modeling is essential to determining the impact of control
algorithms on the operational performance of individual microgrid components.

Furthermore, a dynamic model is used in demonstrating compliance with regulatory
requirements and specific standards, such as the Institute of Electrical and Electronics
Engineers (IEEE) Standard 1547 or the applicable local grid code [4]. In dynamic modeling,
software packages are commonly employed either to select pre-made component models
or to develop unique models derived from various software packages.

The multi-energy microgrid model integrates electricity and heat networks with PV
panels, batteries, combined heat and power (CHP) units, and gas boilers in [35]. Two types
of demand response programs (incentive-based and price-based) and three scenarios are
applied. The problem is formulated as a mixed-integer programming model and solved
using optimization solvers CPLEX, GUROBI, and CBC. A case study implemented in Belle
fle en Mer, France, demonstrates that the “CHP Only” scenario and demand response
strategies significantly reduces electricity and total energy costs. GUROBI is identified as
the most efficient solver for large-scale problems.

The study [36] proposes a two-layer EMS for microgrid clusters, utilizing demand-
side flexibility and a shared battery ESS to reduce operational costs and emissions while
ensuring backup power to prevent blackouts. The lower layer schedules optimal day-
ahead operation, while the upper layer coordinates the entire cluster for improved overall
efficiency. The problem is formulated as a mixed-integer quadratic programming (QP)
model with linear constraints. A cluster of three microgrids in Australia are used as a real
case study that validate the effectiveness of this approach.

The authors of [37] propose a “mix-mode” EMS that jointly employs linear program-
ming (LP) and mixed integer linear programming (MILP) to handle the objective functions,
while particle swarm optimization (PSO) serves as the sizing routine that determines the
battery storage capacity in kWh. Because storage capacity directly influences operating
cost, the scheme optimizes the EMS and the battery size simultaneously.

A centralized formulation built around the notion of end-user flexibility is reported
in [38], where a QP-based power scheduling method is refined to deliver optimal battery
dispatch. Validation is carried out on a grid-connected microgrid comprising a PV farm
and a battery, with the utility grid treated as a dispatchable source; the same architecture is
further examined on a modified IEEE 33-bus distribution feeder hosting several microgrids
and shown to be suitable for real-time use.
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In [39], MILP is used to optimize a hybrid microgrid with RESs like wind, diesel,
battery storage, and electric vehicles (EVs). The model includes costs from emissions,
battery, and EV uncertainties. MILP enables efficient, coordinated control and is well-suited
for planning and scheduling. However, its accuracy depends on forecast quality, especially
for RESs. The paper [40] addresses the optimal EMS of microgrids equipped with ESSs.
QP is employed as an effective optimization technique to optimize microgrid profitability
and grid support requirements. An extended QP cost function is proposed to better reflect
realistic operating conditions, keeping important benefits like reducing peak power use
and ensuring enough power reserves. The approach is also extendable to EVs.

In [41], an optimal operation of studied microgrid with PV, energy storage and dis-
tributed resources is performed by solving a linear programming model. The authors
proposed the concept of a virtual power plant (VPP) used for decision making of the
resource dispatch such as the charge and discharge pattern for energy storage which leads
to decrease in total costs.

The paper [42] presents a linear battery degradation model for stochastic MILP-based
microgrid sizing considering various factors such as different sources of energy generation
and loads, costs, constraints, and grid topology.

In [43], Rahbar et al. propose a real-time EMS for cooperative microgrids with individ-
ual RESs and ESSs to minimize total energy costs. An offline linear optimization problem
is solved using Lagrange duality, followed by two low-complexity online algorithms: store-
then-cooperate and cooperate-then-store, each suited to different cost-saving scenarios.

The authors in [44] formulate an EMS as a MILP problem for the tertiary control
within a smart house, incorporating penalty terms for unbalanced demand, the cost of
energy exchange, the EV battery cost, and EV range anxiety. Loads are represented through
three profiles—adjustable, shiftable, and critical. Range anxiety is defined here as a driver’s
concern about the battery being exhausted before reaching the destination, and three levels
of this parameter are tested to explore how the average state of charge (SOC) of the EV
batteries trades off against the microgrid’s total energy cost.

A MILP-based EMS for a hybrid grid-connected microgrid that refines the power
reference signals sent to the DERs according to their operating modes is presented by
Luna et al. [45]. Their design brings together a cost-minimizing optimization model, a
two-stage charging procedure for the ESSs, and a fuzzy supervisory unit that compensates
for utility power mismatch by tuning the DER references.

For a community of microgrids, Ref. [46] develops a bi-level hierarchical EMS cast as a
MILP to economically coordinate operation. At the lower level, each microgrid minimizes
its own operating cost by scheduling DER output, ESS charging and discharging, and the
power traded with the main grid. The upper level then uses these outcomes to set device
power levels community-wide and to govern power flows among microgrids and with
the external network so as to minimize the total operating cost of the whole community.
Nonlinearity in the model is handled through linearization, whereas nonconvexity is
addressed by adding implicit logic constraints.

Reference [47] first applies a long short-term memory (LSTM) network to predict PV
generation and load demand from operational records of a PV-energy-storage microgrid. A
microgrid optimization model is then constructed to minimize the total daily operating cost
under the relevant operational constraints, with particular attention to safety requirements
on grid power exchange. This problem is recast as a MILP and solved with a computational
solver to yield a cost-effective day-ahead schedule.

Most EMSs formulated using LP, NLP, or MILP assume centralized supervisory con-
trol. Advantages of this approach include its simplicity in implementation and ease of
understanding. It is computationally efficient for small to medium-sized systems and

https://doi.org/10.3390/en19153560


https://doi.org/10.3390/en19153560

Energies 2026, 19, 3560

9 of 32

can provide globally optimal solutions under ideal conditions. Moreover, many classi-
cal/conventional methods when applied to real-world problems face challenges such as
neglecting numerical difficulties in the first- or second-order derivative calculation; diver-
gence risk; or aspects related to insufficient modeling of microgrid elements. Also, the use
of day-ahead forecast data is the most common approach to address uncertainty. While
this method is straightforward to implement, it tends to have lower accuracy.

As shown in Table 3, deterministic mathematical programming approaches, including
LP, MILP, and QP formulations, are most commonly applied to day-ahead scheduling in
grid-connected microgrids, offering optimality guarantees under well-defined constraints.

Overall, classical optimization methods are most suitable when the EMS problem
can be formulated with well-defined constraints, reliable input data, and have a moderate
number of decision variables. Their transparency makes them attractive for planning and
benchmarking; however, their performance decreases when microgrid operation involves
strong nonlinearities, high uncertainty, or real-time adaptation requirements. Future studies
should therefore use classical methods not only as standalone solutions but also as baselines
for hybrid, uncertainty-aware, and learning-assisted EMS designs.

Table 3. Comparative overview of deterministic mathematical programming approaches for micro-

grid EMSs.

Ref. Method MG Type Objective Key Components Solver/Tool Time/Optimality
[22] MILP+PSO+LP  Hybrid MG Real-time EMS L, battery; Python/PLCnext ~ L20MSavsy
ydrogen proven optimal
[23]  OOBO/PSO/GA/DE Hybrid MG Economic dispatch PV, wind, battery ~ MATLAB 30-45% faster;
no guarantee
Raspberry Pi 4B,
[25]  Rule-based EMS Residential MG Real-time EMS {)V’ dbattery, smart Rule-based logic 1.081 ms; no
oads optimality claim
HOMER . .. PV, wind, battery, HOMER .
[27] Pro + MATLAB Hybrid MG Sizing and EMS diesel Pro + custom Near-optimal
. . . PV, wind, battery, YALMIP + BMIBNB  MINLP: 21.96 s;
[29]  MINLP/PSO Hybrid MG Optimal scheduling diesel + Gurobi PSO: 178.5 s
Minimize economic, PV, battery, CHP,
[35] MIP Multi-energy emission, and heat storage, gas CPLEX Not reported
operational costs boiler
Reduce costs and MIQP solver (exact Exact optimal
[36] MIQP MG cluster emissions, prevent Shared ESS, DERs - solution; execution
solver not specified) .
blackouts time not reported
. . . LP/MILP optimal
[37] LP+MILP Hybrid Minimize operating  ppg ppg MATLAB (linprog,  3;atch; execution
costs and BES sizing intlinprog) + PSO .
time not reported
Minimize grid
[38] QP End-user-driven power cost and PV farm, BESS ?{iﬂ‘?{? ) Not reported
battery dispatch quadprog
[39] MILP Grid-connected er.un.uze cost and Wind, diesel, CPLEX Not reported
emissions battery, EV
Real-time capable;
Peak shaving and QP ZOIZ?r (standard 58% faster
[40] QP DC MG electricity cost PV, wind, BESS, Ev  duadratc optimization;
SO programming .
minimization . suitable for
formulation) . .
real-time operation
[41] LP VPP-based Decrease total PV, ESS, DERs GAMS (LP) Not reported
operating costs
. Optimal DER sizing
Commercial . L. DER-CAM
[42]  MILP (DER-CAM) building minimizing annual PV, Li-ion battery (CPLEX/GLPK) Not reported

cost
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Ref. Method MG Type Objective Key Components Solver/Tool Time/Optimality
L . Low-complexity
. Minimize total Lagrangian dual + . -
[43] LP (Lagrange) Cooperative energy costs RES, ESS CVX (MATLAB) online; runtime not
reported
Optimize V2G
[44] MILP Residential integration and E)Z’ d\SIZG, smart CPLEX 12,5 (C) Not reported
energy cost
Experimentally
[45]  MILP + fuzzy Hybrid Minimize operating  ppgs pgg GAMS/CPLEX validated (HIL);
costs runtime not
reported
Minimize DERs, ESS Near-constant
[46]  Hierarchical MILP Community community multi:MG ’ YALMIP (MATLAB)  decision time as
operational costs MGs scale
[47]  LSTM + MILP PV-storage Mu'um.me daily PV, energy storage Gurobi ]?ay-ahead; run
operating costs time not reported
[31] LP/MILP Grid-connected Cost minimization PV, battery, diesel CPLEX LP: 185305; MILP:
generator 5652 s; 0% gap
[32] MILP Hybrid AC/DC MG~ Optimal energy PV, battery, Gurobi Proven optimal
management converters

The reviewed formulations differ substantially in computational requirements, opti-
mality guarantees, and applicability. LP (no binary variables) is fastest: Ref. [31] reports LP
computation of 1853 s versus 5652 s for the equivalent MILP at a 0% optimality gap. MILP
dominates grid-connected scheduling with on/off switching and outperforms PSO and
LP on identical residential cost metrics [22]. MINLP is most accurate for electrochemical
components but demanding: [29] reports convergence in three iterations (21.96 s) versus
more than 200 iterations (178.5 s) for PSO, with a 36.53% cost reduction over the nearest rule-
based baseline. Meta-heuristics (PSO, GA, DE, and OOBO) handle non-convexity naturally
but offer no formal optimality guarantees: Ref. [23] reports 20-48% cost reduction, 30-45%
faster than PSO/GA/DE, and the MTBO scheme of [48] reports 21.6% lower operating
cost and 13.12% lower emissions than PSO on an identical test microgrid, with consistent
gains over GWO and SSA. Distributed decomposition (ADMM) enables scalable multi-
microgrid coordination without convergence guarantees for non-convex problems [18],
while hybrid hierarchical tools (HOMER Pro + MATLAB) address coordination at different
timescales [27]. Figure 4 synthesizes these trade-offs for practitioners.

3.2. Heuristic and Meta-Heuristic Approach-Based Energy Management Systems

To overcome the above-mentioned problems, heuristic and meta-heuristic techniques
were proposed in the early 1970s [9]. Meta-heuristic algorithms are a class of search algo-
rithms that employ various general heuristics to solve complex optimization problems [49].
The most attractive aspect of meta-heuristic algorithms is that their application does not
require specific knowledge of the optimization problem at hand. Therefore, they can be
used to describe a general problem-solving approach for optimization problems or related
issues. The heuristic and meta-heuristic methods are applied across various engineering
fields, including communications, power systems, microgrid EMSs, and transportation.
Genetic Algorithms (GAs) and particle swarm optimization (PSO) are two commonly used
meta-heuristic approaches in the development of microgrid energy management systems,
primarily due to their parallel computing capabilities. In addition to the well-established
PSO and GA techniques, newer approaches such as Gray Wolf Optimization (GWO) have
emerged. Energy management in microgrids utilizes techniques such as Ant Colony Opti-
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mization (ACO), Bacterial Foraging Optimization (BFO), Artificial Immune Systems (AISs),
Artificial Bee Colonies (ABCs), and Gray Wolf Optimization (GWO) [4].

: Framework for EMS Method Selection in Microgrids
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Figure 4. Decisionguideline for EMS method selection.

The research [50] proposes an effective EMS for standalone and grid-connected so-
lar microgrids using the Bald Eagle Search (BES) optimization algorithm. The microgrid
includes PV panels, fuel cells, and BESSs. BES optimizes one-day scheduling to mini-
mize operating costs, maintain stable DC bus voltage, improve efficiency, and protect the
battery from overcharge and deep discharge. Compared to other optimizers like PSO,
BES achieved lower energy costs, higher efficiency and better battery state-of-charge man-
agement. Despite the advantages mentioned above, its performance depends on proper
parameter tuning and may require re-optimization for different system setups, limiting its
generalizability and real-time application.

Dufo-Lépez et al. [51] proposed a control strategy for optimal energy management
of a hybrid system based on genetic algorithms. The system consists of renewable energy
sources (solar, wind, and hydro), an AC generator, an electrolyzer, and fuel cells. Energy
management is optimized to reduce operational costs, allowing the excess energy produced
by the renewable sources to be used for charging the batteries or producing hydrogen in
the electrolyzer. The load that cannot be supplied by renewable sources can be covered
either by discharging the battery or by using the fuel cells.

The butterfly optimization algorithm is used in [52] for economic optimization schedul-
ing of microgrid groups in both grid-connected and off-grid modes. Tent chaotic mapping
and simplex search techniques are used to improve cost savings by managing distributed
energy sources. However, it lacks adaptability to real-time data and takes longer to run as
it scales up.

Luna et al. [53] presents the design and experimental validation of an adaptable
EMS implemented in real time. The employed architecture enables interaction between
measurement, forecasting, and optimization modules, where a generic generation-side
mathematical problem is modeled with the objective of minimizing operational costs and
load disconnections. The entire EMS has been experimentally tested on a test bench in
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both grid-connected and island modes. Furthermore, its performance has been validated in
scenarios involving significant mismatches in forecast generation and load.

The proposed multi-objective intelligent EMS [54] aims to minimize the operational
costs and environmental impact of a microgrid, considering its pre-operational variables
such as the future availability of RESs and load demand. An artificial neural network (ANN)
is used to predict the PV and wind power generation 24 and 1 h in advance, respectively,
along with the load demand. The battery scheduling is obtained using a fuzzy logic-based
expert system.

Reference [55] proposes a day-ahead optimal energy management strategy for in-
dustrial microgrids with high renewable penetration, operating both islanded and grid-
connected. Using regrouping particle swarm optimization (RegPSO) over hourly intervals,
the method accounts for forecast renewable generation and load demand. The microgrid
meets local demand and trades energy with the main grid, buying or selling power. Objec-
tives include minimizing fuel, operation, maintenance, and energy purchase costs while
maximizing profits from energy sales.

In [56], a microgrid is integrated with wind power generation, fuel cells, a diesel
generator, and an electrolyzer. A fuel cell is used when the energy demand is not covered
by the wind turbine, to ensure energy balance when operating diesel generators to reduce
the operational costs. The fuel cell operates to meet the high load demand, considering
the economic and environmental benefits with a ~70% cost saving. The improved multi-
objective PSO algorithm is used to solve the model.

Marzband et al. [57] proposed a multi-period ABC optimization algorithm for eco-
nomic dispatch, incorporating generation, storage, and demand response offers, including
the intermittent nature of solar energy resources and wind generation. The algorithm
outperforms a modified conventional EMS, as validated on a microgrid testbed, achieving
approximately 30% cost reduction. An ANN-Markov Chain model is employed to forecast
non-dispatchable generation and load demand.

In [58] a novel multi-objective optimization approach for grid-connected microgrids
is proposed integrating a fuzzy logic-based expert system with GWO. The method aims
to minimize generation costs and fossil fuel emissions by optimizing battery capacity and
reducing fossil fuel usage.

The authors in [59] develop a multi-objective optimization model for a microgrid EMS
that includes degradation costs and a carbon trading mechanism. Using a hybrid energy
storage system and demand response, the model smooths renewable fluctuations and
reduces emissions. An artificial hummingbird optimization algorithm finds the optimal
strategy, resulting in 20.2% lower costs, 4.5% less carbon emissions, and 32.6% longer
battery life compared to conventional systems.

The authors of [60] presented a meta-heuristic optimization method to optimize a
microgrid, focusing on the selection and sizing of generation and storage components. The
paper applies two meta-heuristic algorithms: an evolutionary algorithm and PSO. The
proposed approach ensures technical feasibility and economic viability. Moreover, it also
recognizes the uncertainty of using RESs.

In the paper [61], the authors present a real-time EMS for microgrids, employing GA to
minimize the overall costs of operation and CO; emissions while maximizing RES use. The
system integrates MATLAB-dSPACE real-time tools and a ZigBee communication network
designed for challenging environments. Experimental validation on a real microgrid testbed
demonstrates the effectiveness of the proposed RT-EMS under real-world conditions.

A two-layer optimization algorithm for microgrid energy scheduling is introduced
in [62]. Its goal is to drive down the total operational cost, which encompasses the bidding
cost of RESs, the load-shedding penalty, the generation cost of the units, and the battery cost,
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together with demand-responsive loads. The scheme relies on an ACO method capable of
handling time-dependent technical and economic constraints. When benchmarked against
a modified conventional EMS and a PSO-based EMS, the proposed approach lowers energy
cost by roughly 20% and 5% relative to those two methods, respectively. The authors
additionally probe its plug-and-play behavior in several real-time scenarios and confirm
satisfactory operation through experimental testing.

For multi-microgrid systems, Arefifar et al. [63] put forward a centralized EMS built
on a Tabu search algorithm and introduce a probabilistic indicator, EMSI, that lets multiple
energy-management options be assessed at once. This index is defined as the gap between
the microgrid’s operating costs before and after the EMS is applied. Several sensitivity
studies then demonstrate that the method not only recovers operating costs but also yields
long-term financial benefits.

Table 4 provides a comparative overview of heuristic and meta-heuristic EMS ap-
proaches reviewed in this study, summarizing the optimization method, microgrid type,
objective, uncertainty handling, and key components for each reference.

In summary, heuristic and meta-heuristic EMS approaches are preferable for complex,
nonlinear, and multi-objective problems where traditional optimization methods struggle to
obtain feasible solutions within a reasonable computational time. It can manage incomplete
or uncertain data and is easy to adapt to different system models and scales. They are par-
ticularly useful for sizing, scheduling, and operational planning of microgrids with many
components. However, they also have some disadvantages. They are computationally
expensive, especially for real-time control, and may converge to local optima if not properly
tuned. In addition to this, their dependence on algorithm parameters, stopping criteria,
and case-specific tuning limits direct comparability among studies; therefore, future work
should report standardized benchmarks, sensitivity analyses, and computational times
more consistently.

Table 4. Comparative overview of heuristic and meta-heuristic approaches for microgrid EMSs.

Ref. Method MG Type Objective Uncertainty Handling Planning Horizon
. . Minimize operating costs, R Day-ahead (one-day
[50]  BES algorithm Standalone/grid stable DC bus voltage Deterministic scheduling)
[51] GA Hybrid Reduce operational costs, Deterministic Day-ahead
excess energy management
[52]  Butterfly optim. MG group Eccl?;;ﬁﬁgop timization Deterministic Day-ahead
. . . Minimize operational costs . .
[53]  Generic optim. Hybrid and load disconnections Implicit (forecast-based) Real-time
[55]  RegPSO Industrial Ie\fller;gléiigﬁi{seoiﬁ’s and Implicit (forecast-based) Day-ahead (hourly)
[56]  Multi-obj. PSO Hybrid {ie;)];l/ceg,:&fg; ional costs Deterministic Day-ahead
[57]  ABC + ANN-Markov MG testbed Economic @spatch (~30% Stochastic (Markov-chain Multi-period (day-ahead)
cost reduction) forecast)
[58] GWO + fuzzy Grid-connected Mlmml.ze generation costs Implicit (fuzzy) Day-ahead
and emissions
[59] Hummingbird optim.  Hybrid Zﬂ?;:lgies costs and carbon Deterministic Day-ahead
. Optimal sizing and Deterministic ) .
[60]  EA+PSO Hybrid scheduling (uncertainty-aware sizing) Long term-planning
(611 GA Real MG Minimize costs and €02 Deterministic Real-time
[62]  ACO (2-layer) Hybrid IC\/(I);rtumlze total operational Deterministic Day-ahead
[63]  Tabu search Multi-MG Minimize costs, long-term Stochastic (probabilistic Long term-planning

financial benefits

index)

The convergence properties of meta-heuristic and DRL methods are rarely documented

with the rigor applied to deterministic solvers. Ref. [23] reports OOBO convergence curves
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reaching the optimum in fewer iterations than PSO, GA, and DE with matched initialization
(population 100 and 100 iterations); the MTBO scheme of [48] likewise reports faster conver-
gence and lower final cost than PSO, GWO, and SSA on an identical problem. The authors
of Ref. [25] validated their EMS through 100 randomized simulations, reporting a mean
54.58% cost reduction with its standard deviation. For learning-based control, Ref. [64]
identifies low convergence rate, sparse reward, and limited scalability as the primary
DRL challenges, and [65] documents a reward-function sensitivity analysis exposing the
explicit trade-off between unmet-load penalty and battery wear. Reported cost reductions
are relative to author-defined baselines and cannot be ranked directly across studies as
configuration, DER mix, load profiles, and pricing assumptions differ; the figures should
be read as within-study indicators [26,31,65].

3.3. Stochastic, Robust, and Distributionally Robust Optimization Approaches

EMSs use stochastic and robust programming methods to handle uncertainties in
key variables such as electricity prices, solar radiation, wind speed, and load demand.
Stochastic programming models these uncertainties using known probability distributions,
while robust programming addresses them without relying on probabilistic data, assuming
values fall within a defined uncertainty range. Both approaches aim to minimize total
operating costs—including energy trading and system operation—and support effective
decision-making over single or multiple time periods [4,9].

Reference [66] proposes a stochastic mixed-integer programming model for optimal
energy management of unbalanced three-phase AC microgrids. It accounts for uncertainties
in demand, renewable generation, and voltage and includes contingency constraints for
resilient operation. The model, solved via linearization and convex solvers, manages PV,
storage, EV chargers, load control, and backup generation. Tested on real microgrid data, it
minimizes operational costs while maximizing local renewable use and ensuring resilience
during islanded operation.

In [67], EMSs for multi-energy microgrids (MEMGs) that supply both electricity and
heat are presented. The MEMG operator sets energy prices and schedules using a game-
theoretic model, while different users optimize their energy trading. The complex problem
is simplified into a MILP for easier solving and stochastic optimization approach is used to
handle day-ahead and intra-day market coordination, including risk management with
conditional value-at-risk (CVaR). The solution involves breaking the problem into smaller
parts solved in parallel, improving efficiency.

The study [68] proposes a two-stage robust optimization EMS for microgrids combin-
ing carbon trading and demand response to improve low-carbon goals, cost efficiency, and
stability. The first stage plans energy use without full uncertainty, and the second adjusts
based on real data. The model reduces emissions by encouraging renewables but may
increase costs. Demand response and storage help balance loads. Though effective, the
approach requires accurate uncertainty data and has higher computational demands.

Che Hu et al. [69] proposed an energy management model for a microgrid considering
the uncertainties in the demand and supply of electricity. Their two-stage stochastic
program, implemented in GAMS, is validated on a real network at the Nuclear Energy
Research Centre in Taiwan. Battery capacity is sized in the first stage, whereas the second
stage determines the microgrid’s optimal operating strategy.

The paper [70] proposes a two-stage energy management system for grid-connected
microgrids with high RES and EV integration. It uses multi-layer scheduling for individual
microgrids and their community, minimizing operational and risk costs in day-ahead and
real-time markets. Uncertainties are modeled via stochastic programming with Monte
Carlo simulation. The approach is validated on a standard system using GAMS.
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The study in [71] presents a multi-objective stochastic EMS that aims to minimize costs,
reduce losses, and maximize RESs use at the same time. It solves a single MILP problem
considering various wind, solar, and load scenarios to create a set of optimal trade-off
solutions (Pareto frontier). Operators can choose the best schedule based on their priorities.
While this approach improves robustness and captures important trade-offs, it requires
significant computing power, expert decisions to pick solutions, and relies on accurate
probabilistic data.

A two-level pricing mechanism for coupled microgrids to achieve an optimal operating
performance is shown in [72]. This mechanism, based on stochastic programming, is
divided at two levels: the upper level guarantees operational quality by trading energy
with energy market operator; and the lower level performs the actual transactions between
networked microgrids.

The authors of [73] propose an optimization model with aim to maximize energy
exchange benefits while minimizing social costs for an interconnected microgrid using the
Taguchi orthogonal matrices. Uncertainties are represented through interval prediction.
By targeting the worst-case realization, the resulting schedule stays robust across most
uncertainty outcomes, as confirmed through Monte Carlo simulation.

For an interconnected microgrid containing RESs, diesel generators, a BESS, and
assorted loads, Shen et al. [74] develop a stochastic EMS structured as a two-layer, scenario-
based optimization. The upper layer performs forecast-driven economic scheduling, and
the lower layer handles real-time control. Uncertainty is captured via Latin hypercube sam-
pling within a Monte Carlo framework, producing a range of scenarios for the distributed
resources, load, and electricity price, and a sensitivity study is used to derive the standard
deviation of the expected price and the associated reliability level.

Reference [75] presents a stochastic energy management framework for microgrids
during unplanned islanding events caused by main grid disturbances. The paper addresses
uncertainty in islanding duration as well as prediction errors in demand and renewable
power generation. Instead of predicting a fixed disconnection time, the model estimates
a probability distribution and minimizes the expected operational cost. The model also
considers the effect on later grid-connected operation and is formulated as a MILP problem.

Liu et al. [76] proposed two energy management problems for grid-connected micro-
grid considering RESs and load uncertainties. The first addresses scheduling that stays
within predefined energy limits to safeguard the system, whereas the second examines the
permissible real-time deviation in energy capacity for frequency regulation. To cope with
the uncertainties introduced by renewable integration and fluctuating loads, both are cast
as chance-constrained programs. The study shows these problems can be solved using LP
and the approach is validated through two real-world case studies.

A hierarchical control scheme for scheduling and coordinating loads and dispatchable
energy within a microgrid is put forward in [77]. It applies stochastic optimization on a
slow timescale to mitigate RES forecast errors, while deterministic optimization runs on a
fast timescale to refresh the optimal dispatch decisions.

The authors in [78] propose a probabilistic energy management system for remote hybrid
AC/DC microgrids to ensure cost-effective dispatch under renewable energy uncertainty
conditions. The approach includes load management for thermal and electric vehicles, consid-
ering generator limits, controllable loads, and battery charge/discharge constraints.

Table 5 summarizes the stochastic, robust, and distributionally robust optimization
approaches reviewed in this study, which explicitly model uncertainties in renewable
generation, load demand, and electricity prices, offering improved resilience compared to
deterministic methods.
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Table 5. Comparative overview of stochastic, robust, and distributionally robust optimization

approaches for microgrid EMSs.

Ref. Method MG Type Objective Uncertainty Handling Planning Horizon
[66]  Stoch. MILP AC unbalanced Minimize Qp?ratlonal Stochastic (scenario) Day-ahead
costs, maximize RES use
. . Optimize energy pricing  Stochastic (CVaR, : —
[67]  MILP + stoch. optim. Multi-energy MG and scheduling risk-averse) Day-ahead + intra-day
[68] Two-stage robust optim. Hybrid er.umlze costs, reduce Robust (two-stage) Day-ahead
emissions
Optimize battery
[69]  Two-stage stoch. prog. Grid-connected capacity and operation Stochastic (two-stage) Day-ahead
strategy
[70] Stoch. prog. + Monte MG community Mlmrplze operational Stochastic (Monte Carlo)  Day-ahead + real-time
Carlo and risk costs
[71] Multi-obj. stoch. MILP Grid-connected Mlm.ml.ze costs, losses; Stochastic (scenario, Day-ahead
maximize RES use Pareto)
. Optimize energy trading . : -
[72]  Stoch. prog. (two-level) Networked MGs performance Stochastic Day-ahead (pricing)
Maximize energy Robust
[73]  Robust optim. (Taguchi)  Interconnected MG exchange, minimize . Day-ahead
. (interval /worst-case)
social costs
[74] Dogble—layer stoch. Interconnected MG Economlc. scheduling Stochastic (LHS/Monte Day-ahead + real-time
optim. and real-time control Carlo)
[75]  Stoch. MILP Islanding events Mmmyze expected Stochastic (probabilistic) Intra-day (islanding
operational cost event)
[76]  Chance-constrained LP Grid-connected fnergy scheduhng and Chance-constrained Real-time
requency regulation
. . . Optimal load scheduling  Stochastic (slow) + o
[77]  Hierarchical stoch. + det. ~ Hybrid and dispatch deterministic (fast) Multi-timescale
Cost-effective dispatch
[78]  Probabilistic EMS Remote AC/DC hybrid under RES uncertainty Stochastic (probabilistic) = Day-ahead
conditions
Beyond the classical scenario-based, stochastic, chance-constrained, robust, and distri-
butionally robust formulations, Table 6 is extended with three learning-oriented families:
Bayesian and Gaussian-process uncertainty quantification [79,80], probabilistic machine
learning feeding chance-constrained MPC [81], and ensemble forecasting producing cali-
brated predictive intervals [80,82].
Table 6. Uncertainty modeling approaches for EMS optimization.
Approach Representation Typical EMS Use Main Limitation

Scenario-based optimization

Stochastic programming

Chance-constrained programming
Robust optimization

Distributionally robust
optimization

Bayesian/Gaussian-process UQ

Probabilistic ML (NN variance)

Ensemble forecasting

Finite set of RES, load, or price
scenarios

Probability distributions or
scenario probabilities

Probabilistic limits on constraint
violations

Bounded uncertainty sets and
worst-case conditions
Ambiguity sets of probability
distributions

Posterior model weighting (BMA);
Gaussian-process regression;
information-gap (IGDT) sets
Neural-network predictive mean
and variance feeding chance
constraints

Multi-model combination
(3-FNN + BMA); online quantile
ensemble (QPAR)

Day-ahead scheduling and
sensitivity studies

Expected-cost minimization and
risk-aware dispatch

Reliability-constrained operation
under RES/load uncertainty
conditions

Secure scheduling for uncertain
RES generation and demand
Risk-aware EMS when exact
distributions are unknown
Probabilistic forecasting and
risk-aware dispatch without exact
distributions

Chance-constrained MPC;
calibrated real-time dispatch with
confidence bounds

Calibrated predictive intervals for
PV /wind/load forecasting

Scenario quality strongly affects
solution reliability

Requires probabilistic data and
may be computationally
expensive

Constraint reformulation can be
difficult or conservative

May produce conservative
schedules

Modeling and solution
complexity remain high
Cost of posterior/kernel
estimation; prior sensitivity
[79,80]

Requires variance calibration and
interval-coverage validation [81]

Higher training/maintenance
overhead; combiner tuning [80,82]
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Taken together, stochastic and robust programming methods provide a systematic
way to incorporate RESs, load, and market uncertainties into EMS decisions. They are espe-
cially appropriate for day-ahead scheduling, resilience-oriented planning, and risk-aware
operation. Their main gap is computational scalability, which motivates decomposition
techniques, scenario reduction, and hybrid combinations with faster online controllers.

Opverall, optimization-based EMSs provide the clearest mathematical link between objec-
tives, constraints, and operating schedules. Deterministic programming is implementation-
ready and interpretable for moderate-size problems, meta-heuristics improve flexibility for
nonlinear and multi-objective cases, and stochastic/robust methods improve uncertainty
handling. Their main trade-off is computational burden, particularly for large scenario sets,
integer variables, and real-time deployment.

4. Data-Driven, Intelligent and Agent-Based EMSs
4.1. Fuzzy, Neural, and Machine Learning Forecasting

In microgrids, power quality issues can be addressed using Al methods such as
fuzzy logic, ANN, machine learning, deep learning, and game theory. The reliability
of Al-based EMSs depends critically on data quality and the availability of sufficiently
representative training datasets. Purely data-driven methods without physical constraints
are prone to divergence from real system dynamics, particularly under limited data or
noisy measurement conditions [83]. Fuzzy logic enables decision-making similar to human
reasoning, while neural networks are inspired by the structure and function of the human
brain. Compared to fuzzy systems, neural networks are more complex and typically require
larger and higher-quality datasets for effective training [84,85]. Data scarcity remains a
practical barrier in microgrid Al deployment, and recent approaches such as GAN-based
synthetic data generation [84] and physics-informed learning [83,86] have been proposed
to mitigate this limitation.

The proposed EMS in [54] for microgrids use Al techniques with LP-based multi-
objective optimization. The main aim is to minimize the emissions and operational cost
of microgrids using a neural network strategy to predict PV and wind generation, while
a fuzzy expert-based scheduling approach is used for optimal battery management. The
proposed algorithm is better in terms of efficiency than the other conventional multi-
objective model according to the authors.

The study [87] presents a hierarchical EMS for residential microgrids using a hybrid
hydrogen-electricity storage system. The system includes a hydrogen unit for long-term
storage and a battery for daily energy use, managed by two fuzzy logic controllers operating
at different timescales without relying on demand or renewable forecasts. Tested with
real-world data, the proposed EMS shows better cost savings compared to other common
methods like PSO-based and rule-based EMSs.

The authors in [88] present a fuzzy logic-based EMS for isolated microgrids combining
PV, diesel generators, and BESSs. The EMS uses forecasts and optimization algorithms
(particle swarm optimization and Cuckoo Search) to improve diesel generator usage, extend
battery life, and minimize operating costs. A case study in Ecuador shows the system
efficiently maximizes solar power use, preserves battery health, and reduces costs. The
approach is validated via simulation and hardware testing.

This study [89] presents a centralized EMS for microgrids with hybrid PV and a BESS,
using a convolutional neural network (CNN) optimized by an Enhanced Coati Optimiza-
tion algorithm. The CNN-based controller enables near-real-time state-of-charge balancing
without complex calculations. Simulations in MATLAB show that the method outper-
forms existing techniques, achieving significantly lower prediction errors and improved
forecasting accuracy.
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Study [84] uses Generative Adversarial Networks (GANs) within a semi-supervised
learning framework to address the lack of data in microgrid EMSs. The GAN model
generates realistic data, such as PV outputs, using both labeled and unlabeled inputs, which
is useful when real measurements are limited. These synthetic data improve forecasting
model training and help EMSs make better scheduling and operational decisions. GANs
are also combined with deep learning and reinforcement learning (RL) to create adaptive
EMS architectures. However, training GANSs is unstable, and verifying the reliability of
generated data remains a challenge, especially in safety-critical systems.

Jia et al. [90] proposed an adaptive intelligence technique for managing energy in
interconnected microgrids using hybrid energy storage systems, combining batteries and
ultra-capacitors. The goal is to minimize load fluctuations and enhance self-consumption
of renewable energy, especially under uncertain RES generation conditions. The method
introduces variable charging/discharging thresholds to manage energy flow without re-
lying on accurate forecasts. Simulation results, using real RES data, show improved
load smoothing and reduced power fed back to the main grid compared to conventional
PSO-based methods.

The paper [91] addresses the development of a low-complexity fuzzy logic control
strategy for energy management in a residential grid-connected microgrid. The system
leverages generation and demand forecasting to optimize power exchange, considering
battery SOC and forecast errors. Experimental validation in a real-world residential micro-
grid at the Public University of Navarre confirms the strategy’s reliability and effectiveness.
In Table 7, the comparative overview of fuzzy, neural and ML approaches are proposed.

Table 7. Comparative overview of fuzzy, neural, and machine learning approaches for microgrid EMSs.

Ref. Method MG Type Objective Uncertainty Handling Planning Horizon
. . Minimize emissions and Implicit (learned, ANN : S
[54]  ANN + fuzzy logic Hybrid operational costs forecast) Day-ahead + intra-day
. . . Minimize energy costs Implicit (fuzzy, Multi-timescale

[87]  Fuzzy logic (2-layer) Residential with hybrid storage forecast-free) (real-time)
Minimize costs, extend ..

[88]  Fuzzy + PSO/Cuckoo Isolated battery life Implicit (forecast-based) Day-ahead

[89] CNN + Coati optim. Hybrid PV-BESS SoC bale'mcmg and Implicit (learned) Real-time
forecasting accuracy

[84]  GAN (semi-supervised)  General Improve EMS sc'heduhng Implicit (ge'neratlve data Offline (training)
via data generation augmentation)
Minimize load Implicit (forecast-free

[90]  Adaptive intelligence Interconnected MG fluctuations, maximize phat (forecas . Real-time
RESs adaptive)

[91]  Fuzzy logic Residential grid-conn. Optimize power exchange Implicit (forecast-based) Real-time

and battery SoC

4.2. Reinforcement Learning

In [92], the authors used Reinforcement Learning (RL) to create a self-learning EMS for
microgrids. In RL, an agent learns by interacting with its environment, adjusting its actions
based on rewards to improve performance over time. This approach suits microgrids well
due to variable demand and renewable energy output. RL is useful for tasks like energy
dispatch, pricing, and demand management, and it does not need detailed system models.
However, it can be slow and computationally demanding, especially in complex systems,
and depends on well-designed reward functions for effective learning and stability.

Recent RL-based EMS studies show a shift from basic value-based learning toward
deep, policy-gradient, safe, and multi-agent RL formulations. Alabdullah and Abido [93]
formulated a microgrid EMS as a finite-horizon Markov decision process and used a deep Q-
network (DQN) to obtain online scheduling policies under stochastic load, generation, and
price signal conditions. Guo et al. [94] proposed a real-time optimal energy management
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strategy based on proximal policy optimization (PPO), combining offline training with
online dispatch to handle uncertainties in RES generation, demand, and electricity prices.
Yang et al. [95] developed a UCB-A3C strategy that improves exploration in actor—critic
learning and targets uncertainty in wind generation, trading prices, and load demand.
Goh et al. [96] focused on reward-function design and showed that multi-stage reward
mechanisms can improve convergence and reduce the risk of suboptimal policies in DRL-
based EMSs. Harrold et al. [97] extended RL to a multi-agent setting for renewable
integration and microgrid energy trading, comparing centralized and distributed agents
with DDPG, MADDPG, D3PG, and TD3 variants. Wang et al. [98] addressed one of
the main weaknesses of model-free RL by introducing a physical-informed safe RL layer
for multi-energy microgrids, ensuring that learned actions respect physical operating
constraints during both training and testing.

As shown in Table 8, reinforcement learning approaches reviewed in this study offer
online decision-making capability without requiring detailed system models, making
them particularly suitable for real-time EMSs under stochastic renewable generation, load
demand, and electricity price conditions.

Table 8. Comparative overview of reinforcement learning approaches for microgrid EMSs.

Ref. Method MG Type Objective Uncertainty Handling Planning Horizon
. Online scheduling under . .

[93] DQN Grid-connected stochastic conditions Implicit (learned) Real-time

[94]  PPO (deep RL) Hybrid Real-time optimal energy Implicit (learned) Real-time
management

[95] UCB-A3C Hybrid Mlmml'ze costs u'n.der Implicit (learned) Real-time
uncertainty conditions

[96]  DRL (multi-stage reward) Grid-connected ImProve convergence and Implicit (learned) Real-time
policy quality

[97] DDPG/MADDPG/D3PG/TD3  Multi-MG Renewable integrationand  Implicit (learned, Real-time
energy trading multi-agent)

[98]  Safe RL (physical-informed) Multi-energy gnfgrce phys.lcal constraints Imphat. (learned) + physical Real-time

uring learning constraints

Overall, RL-based EMSs are most attractive when microgrid dynamics are uncertain,
nonlinear, or difficult to model explicitly. Compared with deterministic optimization, RL
can improve online adaptability and reduce dependence on exact forecasts; compared
with MPC, it can learn policies from repeated interaction rather than repeatedly solving
an optimization problem online. However, implementation readiness remains limited by
training-data requirements, reward-function sensitivity, constraint satisfaction, explain-
ability, and the need for safe exploration. The most promising recent direction is therefore
safe and hybrid RL, where learning-based policies are combined with physical constraints,
MPC, or optimization-based safety filters.

4.3. Multi-Agent Systems (MASs)

Multi-Agent System (MAS)-based EMSs are treated in this review as data-driven,
intelligent, and agent-based approaches. The defining characteristic of these systems is au-
tonomous agent-based decision-making, where collective intelligence emerges from agent
interactions, negotiation, and coordination rather than from a fixed control architecture.
Individual agents may internally employ optimization algorithms, rule-based strategies, or
machine learning methods, but it is this emergent collective behavior that distinguishes
MASs from other approaches in this category.

MAS-based EMSs consist of autonomous agents that collaboratively solve tasks in
complex environments. These systems include both virtual agents (software algorithms)
and physical agents (controllable micro-resources) that interact locally within the microgrid
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environment. Unlike traditional centralized control methods, MASs operate with limited
local knowledge and decentralized coordination, enabling scalability and robustness in
smart grids with many devices. Communication among agents is typically limited to
neighbors within the microgrid to balance efficiency and data transmission costs, making
MASs an effective approach for microgrid energy management. With their flexibility and
high reliability, MASs are well-suited for developing EMSs, which are reviewed in the
following papers [99-101].

In Reference [102], an EMS based on an ontology-driven MAS is proposed for the
supervision and optimal control of an integrated system comprising residential buildings
and microgrids with various RESs and controllable loads. A range of agents, from simple
reflex-based to advanced learning agents, are designed to cooperate in achieving optimal
operational strategies while satisfying system objectives and constraints. The EMS is
formulated as a coordinated distributed generation and demand response optimization
task, solved through agent-based cooperation and communication. The effectiveness and
applicability of the proposed EMS are validated through multiple case studies.

Zhao et al. [103] propose a MAS-based EMS for a high-altitude PV-small hydro hybrid
microgrid. Using local information, distributed generation is controlled for stable and
efficient operation. Virtual bidding enables fast scheduling, while real-time dispatch is
handled via model predictive control. Simulations on a real-time platform demonstrate the
strategy’s effectiveness in ensuring economic and secure system operation.

In [104], the design of two interconnected hybrid microgrids, each serving a neighbor-
hood and integrating PV, wind turbines, diesel generators, and BESSs. Power exchange is
enabled through network-controlled inverter which supports AC loads. A decentralized
MA-based EMS is employed, including environmental uncertainties and load scheduling.
Simulation results across four scenarios—ideal, sunny, cloudy, and blackout—demonstrate
the system’s ability to maintain resilient and reliable energy distribution.

The article [105] presents an EMS with a decentralized MAS based on a bio-inspired
T-cell optimization algorithm. The EMS enables real-time control, dynamic load balancing,
and effective handling of renewable energy intermittency. Optimal set points for energy
sources and storage are computed using the T-Cell algorithm and validated through OPAL-
RT real-time simulation. A feedback loop ensures continuous monitoring and adjustment in
response to anomalies. Implemented on the JADE platform, the MAS enables autonomous
operation and system-wide coordination.

Reference [85] investigates a sustainable and intelligent EMS for microgrids, based
on a MAS, designed to address the intermittency of RESs. The system enhances energy
efficiency by leveraging AC-DC renewable source complementarity and load flexibility.
A co-simulation using MATLAB and JADE evaluates the system’s performance in a grid-
connected microgrid. The artificial intelligence-based approach offers several advantages.
It can learn complex and changing patterns without the need for detailed system models,
delivers high accuracy in forecasting demand and renewable generation, and supports
real-time, autonomous energy management. However, it also has limitations. It requires
large and high-quality datasets for effective training and its results can be hard to interpret
and validate.

From a comparative perspective presented also in Table 9, MAS-based EMS architec-
tures are well suited for geographically distributed microgrids, multi-microgrid coordina-
tion, and applications where local autonomy is required. Compared with centralized EMSs,
they improve scalability and fault tolerance, but they increase dependence on communica-
tion quality, interoperability, cyber-security, and coordination protocols. However, real-time
applicability depends on communication latency, cyber-security, consensus reliability, and
the ability to maintain safe operation under agent or link failure conditions.
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Table 9. Comparative overview of multi-agent system approaches for microgrid EMSs.
Ref.  Method MG Type Objective Uncertainty Handling Planning Horizon
. . . . Optimal control and Deterministic .
[102]  Ontology-driven MAS Residential /multi-MG demand response (agent-negotiated) Day-ahead/operational
[103] MAS + MPC PV-hydro hybrid Stable :and economic Irpphmt (forecast-based, Real-time
operation via MPC)
[104] Decentralized MAS Interconnected hybrid R.esﬂ.l ent.energy Stochastic (scenario) Real-time
distribution
. . Real-time control and load  Implicit (real-time .
[105]  MAS + T-cell optim. Hybrid balancing feedback) Real-time
. Enhance energy efficiency  Implicit "
[85] MAS (MATLAB/JADE)  Grid-connected and RES use (learned /adaptive) Real-time

The reviewed Al-based EMS studies indicate a clear trend toward data-driven fore-
casting, adaptive control, and hybrid learning—optimization frameworks. Fuzzy logic and
neural network methods are preferable when historical operational data are available and
the microgrid exhibits nonlinear or time-varying behavior. Reinforcement learning extends
this capability to sequential decision-making under uncertainty conditions, eliminating
the need for explicit system models. Multi-agent systems complement these approaches
by distributing intelligence across autonomous agents, enabling scalable coordination in
networked and multi-microgrid configurations. However, limited interpretability, data
quality requirements, dependence on well-designed reward functions, and weak validation
on real microgrids remain important barriers to adoption across all these methods.

Overall, data-driven and agent-based EMSs are strong for forecasting, adaptation,
nonlinear pattern recognition, and distributed coordination, but their implementation
readiness depends on data quality, interpretability, and validation outside the training
or deployment conditions. Compared with optimization-based EMSs, they can improve
real-time responsiveness after training or deployment, but uncertainty handling is often
implicit rather than formally guaranteed.

4.4. Emerging Al Paradigms in Microgrid EMSs

Beyond the data-driven and reinforcement-learning methods of Sections 4.1-4.3,
five directions represent the current frontier of Al for EMSs.

4.4.1. Physics-Informed Neural Networks

By embedding physical laws (energy balance, Kirchhoff’s laws, and electrochemical
degradation) into the loss function, physics-informed neural networks achieve superior
parameter-estimation accuracy with limited or noisy data [83]; Ref. [86] reviews their
use across power systems for state estimation, optimal power flow, and stability predic-
tion. For EMSs, they enable physics-constrained forecasting of PV generation and BESS
degradation [13].

4.42. Large Language Model-Based Negotiation

Rather than solving a numerical problem, an LLM interprets priority rules described
in natural language and generates coordination decisions. Ref. [26] presents the first
validated LLM + MILP framework for priority-aware multi-microgrid EMSs, achieving
100% scheduling reliability across four scenarios with six LLM configurations. The main
open challenge is quadratic scalability: pairwise trading variables grow as O(n?) with the
number of microgrids.

4.4.3. Federated Learning for Privacy-Preserving EMSs

In federated reinforcement learning each agent trains locally and shares only model up-
dates, not raw data [64]. Ref. [106] proposes a federated multi-task reinforcement-learning
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framework combining federated averaging with shared multi-task layers, preserving pri-
vacy with non-IID data across heterogeneous microgrids; Ref. [17] discusses homomorphic
encryption as a complementary mechanism. Open challenges include poisoned updates,
trust without a central authority, and non-IID convergence [14].

4.4.4. Explainable and Frugal Al

Explainable Al is increasingly a deployment prerequisite for safety-critical EMS deci-
sions. A bibliometric analysis of 2150 records (2011-2025) shows interpretability methods
(SHAP, LIME, attention, and surrogate models) accelerating while computational frugality
for edge deployment remains peripheral, producing an interpretability—frugality dichotomy
and a deployability gap [16].

4.4.5. Generative and Agentic Al

Ref. [14] distinguishes generative Al as a scenario-intelligence layer (synthetic data,
probabilistic forecasting) from agentic Al as a bounded decision layer (perception, multi-step
planning, coordinated action) and identifies scalability beyond ~20 nodes, explainability, and
sim-to-real transfer as the primary open challenges for autonomous energy systems.

5. Predictive and Hierarchical Control EMSs
5.1. Model Predictive Control

Model predictive control (MPC) is presented as a separate category not because it is
an independent optimization method but because it defines a closed-loop receding-horizon
structure that may use any solver from Sections 3 and 4 as its engine [13,18]. The key
distinction is computational: MPC must solve its internal problem within each control
interval. Ref. [22] reports a 120 ms PLC cycle for a MILP-based real-time EMS, and [65]
reports DQN inference under 6 ms, whereas MILP-based MPC requires seconds to minutes
per cycle—the operational boundary that justifies treating MPC as a distinct deployment
paradigm. As [64] note, DRL can be embedded within an MPC loop, and [28] identifies
hierarchical distributed MPC as the natural extension of batch EMSs to multi-microgrid
operation, confirming MPC as a framework that builds on, rather than replaces, the methods
of Sections 3 and 4.

The paper [107] presents a DC microgrid with primary, secondary, and tertiary con-
trollers operating in islanded mode. Because microgrids offer a way to embed distributed
generation for powering isolated communities, effective control and optimal management
are essential. The work designs and simulates all three control levels of an islanded DC
microgrid and introduces an MPC-based EMS with real-time measurement feedback that
delivers optimal dispatch, maintaining proper power-flow distribution and least-cost oper-
ation while prolonging BESS life. The EMS can respond to disturbances arising at the lower
control layers. Microgrid behavior is assessed by contrasting two cases—without and with
the EMS—under varying irradiation and electricity demand conditions, and power-balance
compliance is judged from the output of each generation unit, the operating cost, and the
battery SOC.

In [108], an MPC formulation exploits load-management actions such as shifting and
curtailment. The model incorporates RESs, two storage technologies (lithium-ion batteries
and supercapacitors) and conventional controllable loads, and it gauges how accurately
disturbances can be forecast in order to coordinate battery operation with PV output and
grid exchange.

A real-time EMS for DC residential microgrids using MPC and MINLP is presented
in [109]. The proposed DC microgrid comprises four components: ESSs, including lithium-ion
and lead-acid batteries; RESs consisting of PV panels and wind turbines; residential loads
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and a power distribution grid. Unlike traditional static approaches, the system integrates
predictive simulation data for improved adaptability and efficiency. It includes a demand
response strategy to reduce peak-time grid dependency. The results demonstrate its potential
as a scalable and cost-effective solution for dynamic residential microgrid management.

An EMS for a hybrid microgrid that explicitly factors in energy-storage degradation
costs is proposed by Ju et al. [110]. The approach adopts a two-layer predictive controller
for a hybrid system combining batteries and supercapacitors. A key contribution is the
explicit modeling of battery and supercapacitor degradation, which enables a more realistic
estimate of the microgrid’s operating costs.

Model predictive control (MPC) offers several advantages, including high adaptability
to fluctuations in demand and generation, a unified framework for managing systems
with multiple inputs and outputs, and improved system stability with effective constraint
handling. However, its performance is highly dependent on accurate microgrid mod-
eling and reliable forecasts. Additionally, scalability can be limited due to significant
computational requirements, and its effectiveness may decline in the presence of model or
prediction errors.

Overall, MPC is most suitable for applications requiring explicit constraint handling,
fast corrective action, and dynamic coordination between generation, storage, and con-
trollable loads. Compared with purely optimization-based scheduling methods, MPC
provides stronger closed-loop behavior, but it requires accurate models and reliable fore-
casts. A promising direction is the integration of MPC with Al-based forecasting and robust
optimization to improve both adaptability and reliability.

5.2. Distributed and Networked MPC

Distributed and networked MPC extends the predictive-control concept from a single
supervisory controller to multiple coordinated controllers. This structure is particularly
relevant for networked microgrids, community energy systems, and multi-microgrid
clusters, where each local controller optimizes local objectives while exchanging limited
information with neighboring controllers or an upper-level coordinator.

Sen and Kumar [111] propose an adaptive Distributed MPC (DMPC) for energy man-
agement of a Building Integrated Microgrid (BIMG) with PV, wind turbines, battery storage,
plug-in EVs, and a backup diesel generator. A Kalman filter updates the linearized system
matrices in real time, while the objective function minimizes electricity costs, carbon emis-
sions, and battery degradation, subject to occupant thermal comfort constraints (PMV /PPD
indices). The strategy is validated through 24-hour MATLAB/Simulink simulations and
Hardware-in-Loop experiments on an RTDS/dSPACE platform. In [112], a cooperative
energy management scheme based on DMPC for grid-connected microgrid communities
is proposed. The general structure is virtualized as a two-level hierarchy to simplify in-
ternal power exchange interactions, after which local MPC controllers installed in each
MG solve the global cost function iteratively via a cooperative logarithmic-barrier method
following a sparse communication protocol. The approach targets Pareto-optimal solutions
approximating centralized MPC results, while significantly reducing computational time
for large-scale microgrid communities. Real-time Hardware-in-Loop (HIL) experiments on
a dSPACE platform validate the effectiveness of the proposed strategy.

The main advantages are scalability, modularity, and reduced dependence on a single
central controller; the main challenges are communication delays, convergence, privacy,
and robustness under partial information conditions.
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5.3. Al-Assisted MPC

Al-assisted MPC combines model-based predictive control with data-driven fore-
casting, surrogate modeling, or adaptive parameter tuning. Machine-learning models
can improve forecasts of RES generation, load demand, electricity prices, and battery
degradation, while MPC translates these forecasts into constrained control actions.

Dankir et al. [113] integrate an LSTM-based load forecasting model within an Eco-
nomic MPC (EMPC) framework for microgrid energy management. The LSTM captures
long-term temporal dependencies in residential consumption data, providing adaptive
predictions that improve the MPC’s forecasting accuracy and operational cost minimization.

Kayalvizhi and Kumar [114] propose a fuzzy adaptive MPC for load frequency control
of an isolated microgrid comprising diesel, fuel cell, wind, solar, and battery storage units.
A rule-based fuzzy controller dynamically tunes the weighting parameter Ry, in the MPC
cost function, improving adaptability across different operating scenarios. The proposed
approach outperforms both standard MPC with fixed tuning parameters and conventional
PI controllers, as evaluated by the integral time square error (ITSE) performance index.

Table 10 summarizes the predictive and hierarchical control approaches reviewed in
this section.

Table 10. Comparative overview of predictive and hierarchical control approaches for microgrid EMSs.

Ref.  Method MG Type Objective Uncertainty Handling Planning Horizon
. Minimize operating costs, Implicit (receding-horizon . .
[107]  MPC DC islanded extend BESS lifespan feedback) Rolling /receding
[108] MPC Grid-connected Optimize battery . Implicit (forecast-based) Rolling /receding
performance and grid usage
[109] MPC + MINLP DC residential zdlmrmze peak-time grid Implicit (forecast-based) Rolling/receding
ependency
~ . Minimize operating costs, Deterministic . . ~
[110]  Two-layer MPC Hybrid including ESS degradation (forecast-based) Rolling/receding (two-layer)
[111]  Adaptive DMPC Building MG Minimize electl.rlc%ty costs Imp hCIt. (Kalman-filter Rolling/receding
and carbon emissions estimation)
. . Minimize overall community = Deterministic . .
[112]  Cooperative DMPC MG community operational costs (forecast-based) Rolling /receding
[113] EMPC + LSTM Grid-connected =~ Minimize operational costs Implicit (LSTM forecast) Rolling/receding
[114]  Fuzzy adaptive MPC  Islanded Load frequency control Implicit (fuzzy-adaptive) Real-time (LFC)

Overall, predictive and hierarchical control methods offer strong real-time applicability
because they explicitly connect supervisory scheduling with dynamic system response.
MPC is particularly attractive for constrained operation, but scalability and computational
burden remain key concerns for large, networked, or multi-energy microgrids.

6. Comparative Discussion and Research Gaps

Across the reviewed literature, deterministic optimization remains useful for transpar-
ent benchmarking, meta-heuristic methods provide flexibility for non-convex and multi-
objective EMS problems, stochastic and robust formulations improve uncertainty handling,
Al-based methods improve forecasting and adaptation, MASs improve distributed coordi-
nation, and MPC improves closed-loop real-time operation. However, direct comparison
remains difficult because studies often use different microgrid models, time resolutions, ob-
jective functions, uncertainty assumptions, and validation scenarios. As noted in Section 3,
the reported improvements are within-study figures and are not directly comparable across
studies, owing to differing baselines, test systems, and planning horizons.

The analysis, structured through the three-dimensional framework of architecture,
decision method, and application context, reveals eleven specific gaps shown in Table 11.

Table 12 synthesizes the review by mapping representative studies onto the
three-dimensional framework of Section 2 and the decision-method taxonomy of Sections 3-5,
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comparing them across eight dimensions ranging from control architecture and solver to
hardware validation and implementation maturity.

Overall, Table 12 shows that most mature, hardware-validated deployments remain
deterministic and single-microgrid in scope, whereas learning-based and multi-agent ap-
proaches extend to larger scales but are predominantly validated in simulation—reinforcing
the gaps identified in G1-G11.

Table 11. Identified research gaps in energy management systems for hybrid microgrids.

Gap Description References
Architecture-aware benchmarking is absent. No study compares the same EMS

G1 algorithm for both centralized and distributed architectures using the same test ~ [13,65]
system.

Application-context coverage remains uneven. Islanded, offshore, and intercon-

G2 nected multi-microgrid scenarios are significantly underrepresented. (13,171
Forecasting and optimization intervals remain too coarse. Real-time hardware

G3 . . . . . L . . [13]
implementations with sub-15 min online re-optimization are still unavailable.

G4 Battery energy storage system (BESS) degradation cost is neglected in most opti- [13,31]

mization formulations.
Distributed optimization lacks rigorous convergence guarantees. Furthermore, no
G5 MPC-based EMS has demonstrated hardware validation for systems with more than ~ [14,18]
two interconnected microgrids.
Large language model (LLM)-based EMSs exhibit quadratic computational com-
Gé6 plexity (O(n?)) and have only been validated for systems containing up to four ~ [26]
interconnected microgrids.
Explainability remains largely absent in learning-based EMSs. Research on explain-
G7 able artificial intelligence (XAI) substantially lags behind predictive-performance  [14,16,23,65]
studies, while frugal Al approaches are even less explored.
Power Hardware-in-the-Loop (PHIL) validation is rarely employed for experimen-

G8 tal verification of advanced EMS strategies. [22,25]
Thermal dynamics of hydrogen-system components are omitted in the majority of

G9 . [28,29]
EMS formulations.
Communication delays and network reliability are generally neglected in EMS

G10 . gt [24,25]
modeling and validation.

G11 Optimal allocation of AC and DC loads remains insufficiently investigated. Inap- [32]

propriate allocation may increase grid imports by up to 20%.
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Table 12. Comprehensive comparison of the primary reviewed EMS approaches across eight dimensions.

Method (Ref.) Arch. Cix Solver/Tool Unc. HW Scale Cost Benchmark Maturity Related Refs
Networked MG review [17] D GC +MMG  Review (various) Stoch/Rob - NMG cluster Survey (cost vs. isolated) Review [18,24]
MILP + PHIL [22] C GC Python/PLCnext Det PHIL Residential 50-58% cost reduction Prototype [31,45]
OOBO/K-means [23] C GC MATLAB Det Sim Residential 20-48% vs. PSO/GA/DE Simulation  [48,57]
Real-time HIL [25] D GC RPi + OPAL-RT Det HIL AC/DC cluster  54.95% cost reduction Prototype [53,105]
LLM + MILP [26] H GC+MMG  Python + LLMs Det Sim 4 MGs Lower cost vs. baselines Simulation  [14,31]
21-MG VPP [27] H GC+MMG HOMER Pro + MATLAB  Det Sim 21 MGs Lower LCOE vs. isolated Simulation  [41,46]
Battery-H, [28] C 1S Python MIP Det Sim Resid./comm. Low loss-of-load prob. Simulation  [15,29]
MINLP offshore [29] C IS YALMIP + BMIBNB Det Sim Offshore Hy 36.53% (3 vs. >200 iter) Simulation  [15,28]
Joint MILP [31] C GC CPLEX Det Sim Campus LP 1853 s vs. MILP 5652 s Simulation  [34,45]
Hybrid AC/DC [32] C GC Gurobi Det Field  Nanogrid ~20% grid-import reduction Field [31,34]
Autonomous RL [65] C IS DON agent Impl Field Island MG <6 ms; 73-95% reward Prototype [64,93,94]
PINN [84] C GC Custom NN Impl Sim DER estimation ~ Superior accuracy (limited data) ~ Simulation  [84,86]

Abbreviations. Arch.: C = centralized, D = distributed, H = hierarchical. Ctx: GC = grid-connected, IS = islanded, MMG = multi-microgrid. Unc.: Det = deterministic, Stoch = stochastic,
Rob = robust, Impl = implicit (learned). HW: Sim = simulation, HIL = hardware-in-the-loop, PHIL = power hardware-in-the-loop, Field = field/testbed. LCOE = levelized cost of energy.
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7. Conclusions

This paper emphasizes the critical role of EMSs in the efficient and sustainable op-
eration of microgrids, particularly as the integration of distributed energy resources and
electric vehicles increases. EMSs must balance multiple objectives, including cost reduction,
system reliability, and environmental impact, while managing the variability inherent
in RESs.

The choice of decision-making methods for EMSs depends on specific system goals,
operational modes, and available computational resources. Various approaches, from
traditional optimization techniques to artificial intelligence and agent-based methods,
provide various benefits tailored to specific applications.

However, challenges remain in managing uncertainty, ensuring secure communica-
tion, protecting customer privacy, and validating EMS strategies under realistic operating
conditions. Future research should prioritize benchmark datasets, hardware-in-the-loop
and field validation, hybrid Al-optimization and AI-MPC frameworks, cyber-secure dis-
tributed control, privacy-preserving data exchange, and scalable EMS architectures for
remote, islanded, and networked microgrids.

Author Contributions: Conceptualization, M.M. (Marija Mandi¢) and I.R.; methodology, M.M.
(Marija Mandi¢), M.M. (Motalleb Miri) and L.R.; investigation, M.M. (Marija Mandi¢), M.M. (Motalleb
Miri), ILR. and D.J.; writing—original draft preparation, M.M. (Marija Mandi¢), M.M. (Motalleb Miri),
LR. and D.J.; writing—review and editing, M.M., (Marija Mandi¢), M.M. (Motalleb Miri), LR. and D.].
All authors have read and agreed to the published version of the manuscript.

Funding: This work has been fully supported by the Croatian Ministry of Science, Education and
Youth under the project LUMINIH2 (NPOO.C3.2.R3-11.04.0088).

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: No new data were created or analyzed in this study. Data sharing is
not applicable to this article.

Conflicts of Interest: Authors Marija Mandié¢, Motalleb Miri, Ivan Radas were employed by the
KONCAR—Electrical Engineering Institute Ltd. The remaining authors declare that the research was
conducted in the absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial intelligence

ANN Artificial neural network
BESS Battery energy storage system
CHP Combined heat and power

EMS Energy management system
ESS Energy storage system

GAN Generative adversarial network
LpP Linear programming

MAS Multi-agent system

MILP Mixed-integer linear programming
MINLP  Mixed-integer nonlinear programming
MPC Model predictive control

PV Photovoltaics

Qr Quadratic programming
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RES Renewable energy source
RL Reinforcement learning
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