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Abstract

As power grids transition towards highly renewable generation on a global scale, maintain-
ing dynamic stability is becoming a major challenge. Replacing traditional synchronous
generators with inverter-based renewables strips the grid of rotational inertia, leaving
active distribution networks highly vulnerable to frequency deviations and voltage spikes.
To avoid expensive poles and wires upgrades, Battery Energy Storage Systems (BESS)
are increasingly being deployed as Non-Network Solutions (NNS). However, the current
literature reveals a distinct gap between the macro-scale economic planning of these storage
assets and the micro-scale dynamic control actually required to keep the grid resilient. To
address this gap, this review proposes a multi-layer deterministic synthesis framework
that links physical renewable modelling, degradation-aware techno-economic planning,
deterministic forecasting, and EMS dispatch through offline time-domain control validation
for AC-microgrid energy storage integration. The research examines how advanced cen-
tral control units within battery management systems can rigorously and jointly estimate
State of Charge (S50C) and State of Energy (SoE) to ensure accurate grid-aware dispatch.
Furthermore, the study explores the integration of degradation-aware economic modelling
in HOMER Pro with dynamic transient control in MATLAB/Simulink R2025b, driven
by hybrid metaheuristic optimization algorithms like Grey Wolf Optimizer (GWO) and
Particle Swarm Optimization (PSO). This analysis demonstrates that integrating energy
storage must be treated as a tightly coupled multidimensional optimization problem to
successfully deliver the secure and sustainable infrastructure needed to solve the modern
energy trilemma.

Keywords: energy storage systems; non-network solutions (NNS); techno-economic
optimization; active distribution networks; hybrid metaheuristics; battery management
systems (BMS); grid resilience

1. Introduction

The global energy landscape is presently undergoing a significant paradigmatic trans-
formation, shifting from a centralized, fossil-fuel-based generation model toward a decen-
tralized, decarbonized framework supported by Renewable Energy Sources (RES). This
transition is intricately linked to the broader integration of distributed energy resources
(DER), including electric vehicles (EV), battery storage, and flexible demand, within both
transport and power systems [1,2]. At the same time, power planners are increasingly
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required to accommodate high proportions of renewables while maintaining system ade-
quacy, flexibility, and reliability [3]. This transition is fundamentally driven by the need to
address the Energy Trilemma, which demands a balance between energy security, social
equity, and environmental sustainability.

However, the rapid deployment of stochastic resources, particularly solar photovoltaic
(PV) and wind, introduces structural challenges for modern power systems. As Inverter-
Based Resources (IBR) progressively replace traditional synchronous generators, the grid
loses the rotational inertia that historically buffered frequency deviations and enhanced
dynamic stability [3]. Without this inherent inertia, power systems become more vulnerable
to rapid frequency excursions, voltage instability, and power-quality issues, especially
in distribution networks with significant PV penetration [4,5]. To mitigate these risks,
Energy Storage Systems (ESS) have emerged as critical assets rather than optional add-ons.
Distributed and grid-scale storage can provide peak shaving, voltage regulation, frequency
support, grid support in weak networks, and improved utilization of excess renewable
generation [3-6]. Nonetheless, energy storage system integration is no longer a simple
hardware installation task. It has evolved into a complex multi-objective optimization
problem that must simultaneously consider economic viability, degradation-aware sizing
and placement, forecasting uncertainty, power system constraints, and advanced control
strategies [7-11].

NNSs represent strategic and flexible alternatives to capital-intensive grid expansions;
this approach has gained prominence as a method to defer or eliminate the need for tra-
ditional pole-and-wire upgrades by strategically deploying BESS to manage peak loads
and thermal constraints. While a growing body of literature extensively covers individual
aspects of grid modernization, most existing reviews treat economic planning, automa-
tion, and dynamic control as isolated domains. Conventional reviews frequently overlook
the tightly coupled interdependencies between macro-scale investment decisions, such
as degradation-aware BESS sizing, and the micro-scale time-domain control required to
maintain stability in low-inertia grids. Consequently, there is a critical need for a holis-
tic review that bridges long-term techno-economic planning with short-term operational
stability assessment through offline simulation. Hirsch et al. [12] reviewed microgrid
technologies, key drivers, applications, ownership models, regulatory issues, and outstand-
ing challenges. Their review provides a broad overview of microgrid development and
highlights the role of distributed energy resources in improving resilience and renewable-
energy integration. As reported in [13,14], recent studies also highlight the importance of
degradation-aware BESS allocation, cycle and calendar ageing, renewable-energy network
planning, energy storage integration, load electrification, power quality, grid congestion,
system stability, and technical and economic performance indicators. However, these stud-
ies mainly address broad microgrid development, degradation-aware BESS planning, and
network-level energy-transition challenges. They do not specifically provide an integrated
synthesis linking energy storage economics, degradation-aware planning, deterministic
forecasting, optimization-based EMS operation, and offline dynamic control validation for
AC-microgrid energy storage integration. Therefore, the gap addressed in this review is the
lack of a unified framework connecting long-term techno-economic storage planning with
short-term operational forecasting and dynamic stability assessment in AC microgrids.

To address this critical gap, this review paper examines these dimensions under the
unifying theme of optimal energy storage integration in modern power systems. It focuses
on three key perspectives: Non-Network Solutions (NNS) for grid deferral, deterministic
load forecasting for operational certainty, and hybrid control strategies for dynamic stability.
The primary contributions of this review are fourfold. First, it offers a critical synthesis of
current NNS deployment strategies, demonstrating how strategic energy storage can defer
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physical infrastructure upgrades while balancing short-term economic gains with long-
term battery degradation. Second, it provides a comprehensive evaluation of structured
forecasting and optimization techniques required to manage the multidimensional uncer-
tainties of stochastic renewable generation. Third, it delivers an in-depth analysis of hybrid
metaheuristic control strategies, such as GWO-PSO, and their effectiveness in enhancing
transient stability and dynamic performance within low-inertia, inverter-dominated grids.
Finally, it proposes a multi-scale validation framework that connects economic planning in
HOMER Pro, meso-scale generation and degradation analysis in PVsyst, and micro-scale
dynamic stability modelling in MATLAB/Simulink.

1.1. Grid Stability and Low-Inertia Stability Challenges

A fundamental technical issue associated with grids dominated by RES stems from
the inherent characteristics of photovoltaic and wind generation. Traditional synchronous
generators naturally offer rotational inertia, which helps stabilize frequency during dis-
turbances; in contrast, generation interfaced with inverters does not possess any intrinsic
inertial response. As the integration of renewables continues to rise, this transition towards
low-inertia operation leads to increased rates of change in frequency, reduced damping,
and greater susceptibility to even slight imbalances between supply and demand [8]. These
stability issues are further intensified by the unpredictable nature of weather conditions.
PV output can experience rapid and substantial fluctuations over short time scales due to
cloud transients, while variations in wind speed introduce short-term changes in mechani-
cal input power. Under such circumstances, system operators are forced to utilize costly
spinning reserves, engage fast-ramping units, or limit renewable generation to preserve
grid stability. In distribution networks, a high penetration of PV systems also causes volt-
age increases, reverse power flow, and additional strain on traditional voltage regulation
devices, such as on-load tap changers and capacitor banks, which are too slow to respond
to rapid fluctuations in renewable output. Furthermore, integrating energy storage into
traditional AC networks demands highly complex synchronization circuitry. While some
research suggests transitioning to DC microgrids to bypass these specific AC synchroniza-
tion hurdles, the fundamental reality of modern infrastructure is that AC microgrids remain
dominant; therefore, resolving these AC-specific stability challenges through advanced
hybrid control strategies is essential [11].

The absence of rotational inertia in inverter-dominated networks significantly ex-
acerbates frequency excursions and voltage instability. Research indicates that without
coordinated BESS response, traditional voltage regulation devices are frequently bypassed
by fast transients. Integrating advanced hybrid control algorithms directly mitigates these
physical issues; for example, predictive controllers successfully reduce Total Harmonic
Distortion to 1.22 percent (down from 6.00 percent) and improve the Voltage Deviation
Index to 4.85 percent under dynamic loads. Furthermore, advanced energy storage systems
can provide real power compensation instantaneously within 0.2 s upon detecting a critical
rate of change in frequency event. This mathematical precision proves that sub-second
offline time-domain simulation control is essential to maintain transient stability in modern
AC microgrids.

1.2. Framework for Energy Storage System Integration

The integration of energy storage systems into renewable-rich power systems rep-
resents a multidimensional challenge that spans long-term planning, short-term opera-
tional scheduling, and dynamic control assessment through offline simulation. Although
recent advances in battery technologies have improved efficiency, scalability, and cost-
effectiveness, effective energy storage system deployment cannot be achieved through
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hardware-oriented design alone; instead, system performance and overall value are gov-
erned by the interaction between economic feasibility, renewable generation uncertainty;,
and the dynamic control requirements imposed by power electronic interfaces and grid
stability constraints. A growing body of literature highlights that energy storage integration
decisions made at the planning stage directly influence operational flexibility, degradation
behaviour, and dynamic performance assessed through offline simulation. For example,
power system planning studies demonstrate that energy storage must be coordinated with
other flexible resources to accommodate high renewable penetration while maintaining reli-
ability and economic efficiency. At the same time, degradation-aware allocation and sizing
studies show that operational strategies such as arbitrage, peak shaving, and grid support
services can significantly affect battery lifetime and long-term investment returns; these
findings underscore the need to jointly consider economic modelling and lifecycle degra-
dation in energy storage system integration [12-14]. Furthermore, the stochastic nature
of renewable generation and load demand introduces substantial uncertainty into energy
storage system operation. Reviews on hybrid renewable energy systems and industrial
energy management consistently report that inaccurate forecasting of photovoltaic output,
wind availability, and demand profiles leads to suboptimal energy storage scheduling
and reduced system performance [15]. Consequently, deterministic forecasting techniques
and uncertainty-aware energy management frameworks have become essential compo-
nents of modern integration; they enable initiative-taking rather than reactive operational
decision-making. Dynamic control assessment through offline simulation plays a critical
role in translating planning and scheduling decisions into stable system operation. Studies
on distributed battery energy storage implementation, DC microgrids, and hybrid micro-
grids demonstrate that conventional rule-based controllers are often insufficient under
fast-varying renewable conditions. This inadequacy strongly motivates the adoption of
optimization-based and hybrid control methods. Advanced mathematical approaches, such
as metaheuristic-based optimization, have shown improved capability in balancing stabil-
ity objectives, economic targets, and computational efficiency in complex energy storage
system applications [16,17]. To capture these tightly coupled dimensions, this review struc-
tures the energy storage system integration problem around three interdependent pillars:
economic modelling and lifecycle degradation, deterministic forecasting under renewable
uncertainty, and optimization-based hybrid control methods. Unlike the broader review
perspectives in [12-14], which mainly examine microgrid technologies, degradation-aware
BESS allocation, renewable-energy network planning, distribution and transmission system
challenges, energy storage integration, power quality, grid congestion, system stability, and
technical and economic performance indicators, this review focuses specifically on linking
storage economics, forecasting, optimization, and offline dynamic control validation for
AC-microgrid energy storage integration. This framework provides a coherent basis for
synthesizing recent advances in energy storage system planning, operation, and control;
it explicitly highlights the interdependencies that must be addressed to achieve reliable,
cost-effective, and scalable energy storage integration in renewable-dominated power
systems [18].

Integration frameworks that decouple planning from operation often overlook the
cumulative impact of forecast errors. Current studies demonstrate that prioritizing the
State of Energy reduces capacity estimation errors by 5 percent. This highlights that the
nexus between planning and dynamic control is not merely conceptual but a direct driver
of capital efficiency and reliability.
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1.2.1. Economic Modelling and Lifecycle Degradation

The economic viability of Energy Storage System deployment is primarily determined
by the Levelized Cost of Storage (LCOS), which encompasses capital expenditures, ef-
ficiency losses, operational expenses, and long-term degradation. Battery degradation,
influenced by cycle ageing, depth-of-discharge patterns, and calendar ageing, can dimin-
ish usable capacity and lead to considerable replacement costs. Consequently, modern
optimization frameworks are progressively incorporating degradation-aware modelling,
which guarantees that operational strategies prolong battery lifespan while preserving
economic feasibility.

Modern optimization frameworks show that incorporating degradation-aware mod-
elling is critical. Static planning models often trap planners in local optima, whereas
models that dynamically adjust for depth of discharge and calendar ageing yield superior
results. For example, integrating calendar ageing into operational planning effectively
lowers battery degradation and extends the physical life of the battery. Quantitative as-
sessments demonstrate that degradation-aware dispatch strategies can reduce total battery
ageing by approximately 6.3 percent daily. Furthermore, advanced algorithms achieve
a 7 to 21 percent reduction in costs for hybrid microgrid sizing compared to traditional
baseline models. This confirms that precise economic modelling is the primary lever for
financial viability.

1.2.2. Deterministic Forecasting Under Renewable Uncertainty

Dependable Energy Storage System scheduling is significantly reliant on precise,
deterministic modelling of photovoltaic output, wind availability, and fluctuations in
load. Traditional statistical models, such as ARIMA and SARIMA, are commonly utilized;
however, they demonstrate constraints when faced with non-stationary or highly volatile
scenarios. In contrast, advanced deterministic and parametric modelling frameworks
offer enhanced accuracy in the presence of intricate nonlinear patterns without relying on
black-box algorithms. These structured methodologies empower the Energy Management
System (EMS) to operate proactively, thereby enhancing stability, reducing operational
expenses, and minimizing uncertainties associated with renewable variability. At larger
scales, planning and operation frameworks increasingly couple these deterministic models
with optimization routines to handle high proportions of renewables and flexible resources.
Such structured approaches empower the EMS to operate proactively rather than reactively,
thereby enhancing both stability and cost efficiency. The transition from statistical to
structured deterministic modelling is substantiated by measurable gains. State-of-the-art
frameworks drastically compress forecasting errors, which directly informs optimal battery
dispatch. For instance, implementing advanced time series models reduces the Mean
Absolute Percentage Error to between 0.8 percent and 2.6 percent for energy consumption
forecasting. Furthermore, high-fidelity demand prediction achieves Root Mean Square
Error values of 3.85 percent for short-term horizons. This precision is not just academic;
it enables proactive scheduling that can decrease load shedding by 25 percent compared
to traditional deterministic scheduling. By providing exceptionally reliable predictions,
the energy management system proactively balances demand and prevents the costly
overcommitment of storage resources.

1.2.3. Optimization-Based and Hybrid Control Methods

Control strategies determine how BESS interacts with PV systems, loads, and the
electrical grid during offline simulation of microgrid operation. Conventional rule-based
and linear controllers provide ease of use but struggle in dynamic environments charac-
terized by high levels of renewable energy. Optimization-based methods, such as Model
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Predictive Control (MPC), enhance tracking precision but introduce significant computa-
tional challenges at larger scales. Metaheuristic algorithms, including PSO, GWO, and
their hybrid forms such as GWO-PSO, strike an effective balance between robustness and
computational efficiency. This facilitates multi-objective optimization under uncertain
conditions. Their capacity to harmonize stability objectives, economic targets, and offline
simulation constraints renders them essential in contemporary control frameworks. The
efficiency gap between conventional and hybrid control is pronounced. While rule-based
controllers often struggle during rapid frequency events, hybrid metaheuristic frameworks
(such as the Grey Wolf Optimizer and Particle Swarm Optimization) significantly accelerate
transient response. For example, implementing advanced predictive controls achieves
tracking response time improvements of 35 percent and reduces Total Harmonic Distortion
to exactly 1.22 percent. Furthermore, these methods consistently improve steady state-
of-charge tracking performance by 3.1 percent, providing the precise dynamic support
required to maintain stability in low-inertia grids.

1.3. Review Scope and Methodological Approach

The literature screening process was structured using a PRISMA-informed approach
to improve transparency, traceability, and reproducibility. A PRISMA-informed approach
was adopted because the aim of this paper is to provide a structured technical review of
energy storage economics, forecasting, optimization, and control strategies in modern AC
microgrids, rather than to conduct a full systematic review limited to one narrow research
question. Nevertheless, the main PRISMA stages, including identification, screening, re-
trieval, eligibility assessment, and inclusion, were followed to ensure that the selected
studies were relevant, traceable, and systematically justified. The search was conducted
across IEEE Xplore, ScienceDirect, Scopus, and Web of Science, which were selected because
they index major peer-reviewed publications in electrical engineering, renewable energy
systems, microgrids, power electronics, and energy management. The research covered
literature published between 2012 and 2026 and used keyword combinations related to
microgrid, energy storage system, distributed energy resources, non-network solutions,
battery management systems, grid resilience, supercapacitors, pumped hydro storage, fore-
casting, optimization, techno-economic assessment, and control. Additional search terms
included grid inertia, energy storage system optimization, battery degradation, forecasting
uncertainty, hybrid metaheuristics, ESS economics, HOMER Pro, MATLAB/Simulink,
and PVsyst.

To ensure that the review captured the main relevant and representative literature,
studies were included when they addressed at least one of the main technical themes of
the paper: system-level energy storage integration, renewable intermittency, forecasting,
techno-economic assessment, optimization, battery degradation, or microgrid control. Pri-
ority was given to peer-reviewed studies that presented methodological rigour, quantitative
assessment, modelling or simulation results, practical validation, or the use of contemporary
engineering tools for system-level analysis. Studies were excluded when they were dupli-
cates, outside the scope of electrical distributed energy resources or renewable-energy-based
microgrids, focused primarily on battery chemistry or materials rather than system-level
integration, addressed unrelated automation topics, or lacked sufficient methodological or
quantitative relevance to the review objectives.

As illustrated in Figure 1, the initial database search identified 186 records. After
removing 26 duplicate records, 160 records were screened by title and abstract. At this
stage, 35 records were excluded because they were not aligned with the review scope.
The remaining 125 reports were sought for retrieval, of which two reports could not be
retrieved. Therefore, 123 full-text reports were assessed for eligibility. During the full-
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text assessment, 20 reports were excluded because they lacked sufficient technical depth,
quantitative assessment, practical validation, or direct relevance to ESS-based microgrid
modelling, forecasting, optimization, techno-economic assessment, or control. Following
this process, 103 studies were included in the final literature synthesis. These studies
were grouped into key thematic categories covering ESS integration, forecasting, techno-
economic assessment, optimization, and control. This structured screening process ensured
that the final literature set captured the main research directions required to analyze the
interaction between storage economics, renewable intermittency, grid resilience, and control
performance in modern AC microgrids.

Figure 1. PRISMA-informed literature screening and inclusion flowchart.

The framework integrates renewable generation modelling, physical system simu-
lation, long-term techno-economic planning, deterministic forecasting, and short-term
dynamic control validation into a unified workflow for AC-microgrid energy storage
planning. As illustrated in Figure 2, renewable generation profiles, load demand, battery
parameters, tariff structures, and grid constraints are processed through interconnected
modelling and validation layers using tools such as PVsyst/ETAP, HOMER Pro, and MAT-
LAB/Simulink to support optimal BESS sizing, dispatch coordination, and system stability
assessment. The framework explicitly links long-term planning objectives, including NPC,
LCOE, and storage sizing, with short-term operational stability metrics such as frequency
response, voltage regulation, and transient performance. Operational results from MAT-
LAB/Simulink dynamically update system constraints and input parameters, enabling
iterative refinement of BESS sizing, dispatch strategies, and transient stability performance.

Figure 2. Proposed multi-layer framework for AC-microgrid energy storage integration.
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2. Energy Storage Technologies and Architecture

Advanced control algorithms and optimization frameworks play a key role in the effec-
tive integration of energy storage systems into renewable-based power systems; however,
their performance is limited by the underlying storage technology and the architectural
configuration in which it is deployed. The successful deployment of energy storage sys-
tems is heavily contingent on the selection of appropriate storage technologies and the
design of system architectures that are compatible with the physical characteristics of the
power system, the operational goals of the application, and the economic constraints. The
physical properties of energy storage technologies vary significantly with respect to energy
and power density, dynamic response capability, efficiency, cycle life, and degradation
behaviour. These factors not only determine the short-term performance of a storage
device under a given set of operating conditions, but also its long-term reliability, eco-
nomic viability, and grid service appropriateness. For example, high energy density and
moderate response times are beneficial for energy shifting and peak shaving, while high
power density and ultra-fast dynamics are more suitable for frequency regulation, voltage
support, and mitigation of renewable intermittency. Therefore, the suitability of specific
ESS technology for applications such as renewable smoothing, peak demand reduction, syn-
thetic inertia provision, or long-duration energy balancing is significantly different for AC
microgrids compared to utility-scale power systems. In parallel with technology selection,
the architectural configuration through which storage is integrated into the power system
plays a decisive role in determining overall system performance. The choice between
AC-coupled, DC-coupled, and hybrid integration topologies directly affects conversion
efficiency, power flow controllability, fault management, and the degree of coordination
achievable between renewable generation and storage resources.

Moreover, integration topology has important practical implications, including the
ease of retrofitting storage into existing installations, protection and grounding require-
ments, scalability of future system expansion, and compatibility with advanced energy
management systems. AC-coupled architectures are often favoured for their modularity
and deployment flexibility, particularly in retrofit scenarios, whereas DC-coupled configu-
rations enable tighter electrical and control-level integration between renewable sources
and storage at the cost of increased control and protection complexity. Hybrid architecture
attempts to reconcile these trade-offs and is increasingly explored in systems characterized
by high renewable penetration, heterogeneous loads, and stringent performance require-
ments. In this context, a comprehensive understanding of both energy storage technologies
and system integration architectures is essential for the informed design and evaluation of
modern renewable energy systems. Decisions made at the technology and topology levels
impose fundamental constraints on achievable control performance, economic optimization,
and system resilience.

Accordingly, this section provides a structured review of the dominant ESS technolo-
gies and integration architectures reported in recent literature. Emphasis is placed on
clarifying their operational roles, elucidating key performance trade-offs, and highlighting
the implications of technology—architecture co-design for advanced energy management
and optimization frameworks. This foundational discussion establishes the context for the
subsequent analysis of economic modelling, deterministic load and generation modelling,
and hybrid control strategies presented in later sections of this review.

As shown in Figure 3, power flows from renewable sources, such as PV modules and
wind turbines, through dedicated converters directly into a common AC-microgrid bus. A
bidirectional DC/AC grid-tied inverter (VSI) enables the BESS to absorb excess generation
or discharge power to meet demand; meanwhile, the central EMS coordinates forecasting
and offline time-domain control using telemetry data from the grid and generation sources.
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By treating every generation and storage asset as an independent parallel node, this AC-
coupled configuration allows bidirectional power flow to be seamlessly managed across
the bus to reliably supply the Local AC Loads and interact with the broader Utility Grid.
This parallel architecture empowers the EMS to execute precise, grid-aware dispatch based
on rigorous SoE estimations, successfully bridging the critical gap between macro-scale
economic planning and micro-scale dynamic stability.

Figure 3. Proposed AC-coupled hybrid renewable energy microgrid architecture.

2.1. Energy Storage Technology Overview

Energy storage technologies deployed in modern power systems include lithium-ion
batteries, flow batteries, lead—-acid batteries, and supercapacitors; each technology exhibits
distinct electrochemical or electrostatic characteristics that determine its energy and power
capability, response speed, lifetime, and degradation behaviour, dictating its suitability
for specific grid services. Lithium-ion batteries dominate residential, commercial, and
utility-scale energy storage applications due to their high energy density, high round-
trip efficiency, and favourable cycling performance. These characteristics make them
well suited for energy arbitrage, peak shaving, renewable generation smoothing, and
ancillary grid services. However, lithium-ion batteries are sensitive to operating conditions
such as high C-rates, deep depth-of-discharge cycling, and elevated temperatures, which
accelerate capacity fade and internal resistance growth. As a result, their effective utilization
increasingly depends on degradation-aware operational and optimization strategies that
explicitly account for lifetime impacts. Flow batteries, particularly vanadium redox systems,
offer long cycle life and the ability to independently size power and energy capacity [19].

This decoupling makes them attractive for long-duration storage and high-cycling
applications, including renewable firming and capacity adequacy support. Despite these ad-
vantages, their lower energy density and higher capital costs limit widespread deployment,
confining most applications to large-scale stationary installations. Lead—acid batteries re-
main relevant in low-cost backup and off-grid applications where simplicity and low initial
investment are prioritized. However, limited cycle life, reduced depth-of-discharge (DoD)
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tolerance, and lower efficiency restrict their suitability for systems with high renewable
penetration and frequent cycling requirements.

Supercapacitors are characterized by extremely high power density and ultra-fast
response times, but extremely low energy density. These properties make them effective
for transient power support, voltage stabilization, mitigation of rapid PV output fluctu-
ations, and the provision of synthetic inertia. While unsuitable for standalone energy
balancing, supercapacitors provide significant value when integrated with batteries in
hybrid configurations.

Beyond electrochemical batteries and pumped hydro storage, a comprehensive micro-
grid framework must consider other mechanical, thermal, and chemical storage mediums
to support grid stability. Compressed air energy storage provides scalable long-duration
storage by compressing air in underground caverns or tanks, although it operates at a
lower round-trip efficiency of 40 to 70 percent. For high-power and short-duration needs,
such as fast frequency stabilization, flywheels are effective mechanical storage systems.
Furthermore, hydrogen and fuel-cell-based storage serves as an emerging alternative for
long-term storage by converting stored hydrogen gas back into electricity, with system
lifespans reaching around 10,000 operating hours. Finally, thermal energy storage systems,
using media such as hot water tanks or phase-change materials, provide a flexible asset for
shifting heating and cooling loads to integrate intermittent generation, typically offering
operational lifespans of around 15 years.

Table 1 compares major energy storage technologies in terms of energy density, re-
sponse time, lifespan, and key applications. The comparison supports the review by
showing how different technologies serve distinct roles in modern power systems, from
fast frequency support to long-duration and bulk energy storage. These differences are
important for lifecycle-aware techno-economic assessment, particularly when consider-
ing degradation, replacement needs, and long-term planning in renewable-integrated
power systems.

Table 1. Comparison of energy storage technologies.

Technology Energy Density Response Time Lifespan Key Applications
Lithium-ion High Less than 10 to 15 years Peak Shaer.lg’
1s energy shifting
Flow Batteries Low Seconds 10,000-20,000 cycles Long-duration storage
Lead-Acid Low Seconds 5 to 15 years Backup power
. . Up to
Supercapacitors Very Low Milliseconds 1,000,000 cycles Fast frequency support
Pumped
Hydro Storage Low 15t030s 50 to 100 years Bulk energy storage
Flywheels Low Seconds Up to hundreds of Fast frequency support

thousands of cycles

Compressed Air

Long duration
Low Minutes 20 to 40 years and bulk
energy storage

Hydrogen and Hioh Seconds Around Long-term
Fuel Cells & to minutes 10,000 operating hours chemical storage
Thermal Storage Variable Minutes Around 15 years Heating and cooling

load shifting
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2.2. Energy Storage Integration Topologies

Beyond storage technology selection, the electrical arrangement of renewable genera-
tors, energy storage devices, and power electronic interfaces, referred to as the integration
topology, plays a critical role in determining overall system efficiency, flexibility, and
controllability. Current research and practical implementations primarily focus on three
configurations: AC-coupled systems, DC-coupled systems, and hybrid storage architec-
tures. The Hybrid Energy Storage System (HESS), most commonly combining batteries
and supercapacitors, has gained increasing attention in AC microgrids. In such systems,
batteries manage medium- to long-term energy balancing, while supercapacitors handle
fast transients and high-power events. This functional separation reduces high C-rate
stress on batteries, mitigates degradation, and improves overall system resilience and
lifetime performance.

2.2.1. AC-Coupled Systems

In AC-coupled architectures, the PV generation and battery energy storage systems
are connected to a common AC bus through separate inverters; AC-coupled systems are
suitable for retrofitting existing PV installations, as storage can be added without major
modification to the PV-side hardware; AC-coupled systems also have modular expansion
and clear functional separation between generation and storage subsystems, but typically
need multiple power conversion stages, thus losing a significant amount of energy through
conversions from DC to AC and then back to DC for charging before being reconverted
to AC for grid injection, which lowers the overall efficiency compared to DC-coupled
architectures. As shown in Figure 4, RES and the battery system each connect to a shared
AC bus through their own inverters, making this design flexible and easy to add to existing
systems; however, this requires multiple conversions of electricity, resulting in higher losses
and lower efficiency than with a DC-coupled system.

Figure 4. AC-coupled architecture.

2.2.2. DC-Coupled Systems

DC-coupled architectures connect PV arrays and energy storage systems to a shared
DC bus via DC-DC converters, with a single inverter interfacing the DC bus to the grid
or AC loads. This configuration reduces the number of conversion stages and enables
direct PV-to-battery charging, leading to improved system efficiency. DC-coupled systems
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are particularly suitable for new installations and advanced AC microgrids, where DC-
bus voltage regulation and coordinated power flow control can be implemented within
the energy management system [20-22]. However, these benefits come at the cost of
increased control and protection complexity. Recent studies indicate that implementing DC
distribution for commercial fleets can result in significant reductions in CAPEX and OPEX
while increasing system efficiency by approximately 3% compared to AC distribution.
Figure 5 shows the DC-coupled configuration with dedicated converters to integrate RES
and BESS through a common DC bus, while a single grid-forming inverter connects the
stabilized DC bus to the grid and AC loads. Compared with the AC-coupled alternatives,
this configuration reduces power conversion stages, enables direct PV-to-battery charging,
and improves system efficiency.

Figure 5. DC-coupled architecture.

2.2.3. Hybrid Energy Storage Architectures

Hybrid energy storage architectures integrate multiple storage technologies, most
commonly batteries, to exploit complementary energy and power characteristics. These
configurations are increasingly adopted in AC microgrids and high-renewable-penetration
systems where both long-duration energy balancing and fast transient response are re-
quired. In DC-based hybrid architectures, the supercapacitor branch buffers high-frequency
PV and load fluctuations, while the battery branch manages medium- to long-term energy
exchange. This coordinated operation reduces battery cycling severity, mitigates degra-
dation, and aligns naturally with degradation-aware planning and control frameworks.
This infrastructure simplifies the process of integrating photovoltaics (PVs) and storage
systems, reducing the number of required converters and enhancing scalability. As shown
in Figure 6, a DC-coupled HESS architecture can integrate RES, lithium-ion batteries, and
supercapacitors on a common DC bus with dedicated bidirectional DC-DC converters for
each storage asset. The batteries provide the sustained balancing, and the supercapacitors
provide the transient buffering, thus reducing the high-frequency stress on the batteries and
decreasing degradation, while a single centralized grid-tied inverter manages the efficient
delivery of stabilized power to the grid and AC loads.

As shown in Table 2, a HESS integrates the high energy density and ultra-fast response
capabilities of standalone units to overcome the limitations of each architecture, enabling
supercapacitors to buffer transient stress and extend battery lifetime in unstable renewable
energy systems.
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Figure 6. DC-coupled HESS.
Table 2. Comparison of storage configurations.

Feature Battery-Only Supercapacitor-Only HESS (Battery + SC)

Response Time Moderate Ultra-fast Multi-scale (Fast and Slow)

Energy Capability High Very Low High

Degradation Stress High Low Reduced (SC buffers stress)

Lifetime Shorter Very Long Extended (Battery protected)

Primary Use Energy shifting Transient mitigation Microgrids with high variability

2.2.4. Solid-State Transformers in Hybrid AC and DC Microgrids

Solid-state transformers (SSTs) are emerging power electronic interfaces that enable
controllable power exchange between medium-voltage AC networks, low-voltage AC loads,
DC buses, renewable energy sources, and energy storage systems. Unlike conventional
low-frequency transformers, solid-state transformers integrate power electronic conversion
stages, enabling voltage regulation, bidirectional power flow, reactive power support,
power quality improvement, and coordinated AC and DC link control. These capabilities
make solid-state transformers relevant for hybrid AC and DC microgrids where renewable
generation, battery energy storage systems, electric vehicle charging, and flexible loads
require dynamic management.

From a control perspective, solid-state transformers can support multiport energy rout-
ing, DC bus regulation, grid-forming or grid-supporting operation, and fast disturbance
response. They can also improve the coordination between distributed energy resources
and storage devices by providing a flexible interface between AC and DC subsystems.
However, the literature notes that these devices remain less commercially mature and can
involve high capital cost variability. In addition, their implementation introduces protection
challenges, semiconductor reliability concerns, and advanced supervisory control require-
ments. Nevertheless, solid-state transformers can simplify power routing at the system
level by enabling direct interaction between AC and DC links, reducing reactive power
flow issues, and improving energy management flexibility. Therefore, their application
is most suitable for advanced microgrid systems where improved controllability, higher
power quality, flexible energy routing, and compact design can justify the additional cost
and implementation complexity.
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2.3. Implications of Integration Topology for Energy Management Systems

Advanced energy management systems are constrained in their design and perfor-
mance by the selection of energy storage technology and integration topology. Control
methodologies, ranging from rule-based approaches to deterministic and optimization-
driven techniques such as PSO and GWO, operate within the physical and electrical
limitations defined by the selected architecture [23]. Therefore, the integration topology
directly affects the achievable control bandwidth, optimization timeframe, and system
responsiveness to dynamic disturbances [24].

For instance, DC-coupled autonomous microgrids can use direct DC-bus signalling
to balance power between PV arrays, wind turbines, and batteries without the latency
associated with multiple DC-AC conversion stages. In contrast, AC-coupled systems often
require more sophisticated synchronization and frequency regulation protocols to maintain
stability between distributed resources [25]. In addition to conventional AC-coupled and
DC-coupled converter-based architectures, solid state transformers represent an advanced
interface for future hybrid AC and DC microgrids. They offer enhanced controllability,
coordinated AC and DC link operation, and flexible power routing, but at the expense of
higher cost, increased protection complexity, and implementation challenges.

It is therefore essential to explicitly define system boundaries, power flow pathways,
and converter interfaces to ensure consistency in future analyses involving economic
modelling, deterministic load and generation modelling, and optimization-based energy
management system design [26]. The technological and architectural considerations out-
lined in this section establish the foundation for the economic, deterministic, and control
frameworks examined through offline simulation in the subsequent sections.

3. Economic Constraints and Optimization Strategies

The integration of ESS into modern power grids is not merely a technical challenge
of voltage regulation and frequency control; it is fundamentally an economic optimiza-
tion problem. The decision to deploy storage depends heavily on the trade-off between
high upfront Capital Expenditures (CAPEX) and the long-term Operational Expenditures
(OPEX), driven by efficiency losses, fuel costs, and component degradation. While technical
feasibility is a prerequisite, the ultimate deployment of hybrid systems is governed by the
minimization of the Net Present Cost (NPC) and the Levelized Cost of Energy (LCOE) over
the project’s lifetime.

3.1. Tariff Structures and Optimization Objectives

It is important to note that this review emphasizes a structural methodology of eco-
nomic optimization, rather than a focus on specific monetary values or fixed rates of tariffs.
Electricity prices are highly volatile, dependent on location and subject to rapid regula-
tory changes. Therefore, the dependence on static price inputs limits the durability and
applicability of the review. Instead, this paper assesses optimization frameworks on their
ability to manage dynamic price structures, such as time-of-use (TOU) ratios and peak
demand penalties, rather than evaluating their efficiency at a specific, transitory price point.
Currently, current literature recognizes HOMER Pro as the primary tool for modelling these
complex economic constraints. The primary objective of optimization in these frameworks
is to minimize the NPC, which represents the total lifetime cost adjusted to the present
year and is usually expressed as the total annualized cost divided by the capital recovery
factor [27].

However, static cost analysis often proves insufficient due to market fluctuations. A
recent study [28] highlights that investor choice is particularly sensitive to the difference
between electricity buying and selling prices. This research confirmed that advantageous
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feed-in tariffs are often a key factor in determining the economic viability of battery de-
ployment, suggesting that deterministic optimization algorithms should account for tariff
sensitivity rather than relying on fixed inputs.

3.2. Levelized Cost of Energy and Feasibility Across Diverse Applications

The versatility of the NPC and LCOE optimization framework is demonstrated across
various scales and applications in recent literature. In the context of rural electrification,
hybrid PV-battery systems have been shown to significantly undercut fossil-fuel generation
costs; specifically, the optimization of groundwater pumping systems in Ecuador reveals a
substantial reduction in the LCOE compared to diesel-only alternatives [29]. This highlights
the economic dominance of storage in remote areas without relying on fixed price points
that are vulnerable to market fluctuations. Transitioning to urban and campus microgrids,
optimizing solar and wind capacities can achieve renewable fractions up to 72% while
maintaining an LCOE competitive with grid tariffs [30,31].

This economic advantage extends to transportation infrastructure as well. Research
into AC microgrids integrated with Electric Vehicle (EV) fleets suggests that treating EVs as
flexible loads through Demand-Side Management (DSM) reduces the required stationary
battery capacity, thereby lowering the overall NPC [32,33]. Furthermore, sensitivity analysis
demonstrates that while hydrogen fuel cells provide reliable backup, their high LCOE
currently limits them to niche applications compared to standard battery systems [34].

3.3. Site-Specific Constraints and Hybridization

To minimize the high costs of energy storage, recent literature has advocated for the
diversification of energy sources and the careful choice of location to improve economic
returns. Ong et al. [35] used Geographic Information Systems (GIS) alongside HOMER to
assess the integration of solar and wind into an existing hydroelectric power plant. They
found that, due to resource complementarity, hybridization reduces diesel dependency
more efficiently than standalone solar. Similarly, Nguyen et al. [36] evaluated a solar—
biogas-BESS system in Vietnam; their work demonstrated that including biogas as a
dispatchable renewable energy source stabilized solar variability and allowed for a smaller,
more cost-efficient battery bank in line with net-zero targets.

The importance of spatial-economic links is further strengthened by Karadeniz
et al. [37] and Lauro et al. [38], who used multi-criteria decision-making and GIS to opti-
mize the physical location of offshore wind and onshore solar assets, ensuring that LCOE
calculations account for real-world resource availability constraints.

3.4. The Sizing—Dispatch Optimization Trade-Off

The critical limitation of conventional techno-economic simulation tools is the inherent
contradiction between optimal system size in the planning phase and optimal dispatching
in the operating phase. Although HOMER Pro is widely recognized for its robust capacity
allocation, its internal dispatch strategies, specifically cycle charging and load following,
are often considered too rigid for modern energy systems characterized by dynamic tariffs
and high penetration of renewables. This mismatch between planning and performing has
prompted researchers to explore alternative routes to optimization.

There are two primary approaches to solving this conflict: external sizing optimization
and external dispatch control logic. Wahid et al. [39] noted that the proprietary derivative-
free optimization algorithm used in HOMER is prone to converge to local optima, often
missing the global minimum cost configuration. To address this, they utilized an external
algorithm to independently optimize the capacity of PV, diesel, and battery components;
this resulted in a significant reduction in the LCOE compared to native optimization.
Conversely, Pontes et al. [40] asserted that the main limitation of HOMER is not in sizing
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accuracy, but in operational flexibility. They used MATLAB Link to replace HOMER's
built-in dispatch strategies with a custom peak-aware control algorithm capable of reacting
to complex tariff structures; this led to a significant reduction in grid peak demand costs
without altering the underlying component sizes. The core distinctions and economic
benefits of these two methodologies are concisely contrasted in Table 3.

Table 3. Comparative analysis of optimization approaches: sizing vs. dispatch.

Feature External Sizing Optimization [39] External Dispatch Control [40]

Primary Focus Component capacity (CAPEX) Operational logic (OPEX)

Critique of HOMER Prone to local optima traps Built-in strategies lack dynamic flexibility
Integration Insight Achieves a lower global LCOE Actively reduces peak demand charges

While Table 3 summarizes the fundamental distinctions between these methodologies,
their practical superiority depends strongly on the specific operational environment. Ex-
ternal sizing optimization significantly outperforms dispatch control in isolated networks,
where high initial capital expenditures determine project feasibility and tariff volatility
is absent. In such static environments, avoiding local optima during component selec-
tion is critical for achieving the minimum Levelized Cost of Energy. In contrast, external
dispatch control is more effective in grid-integrated systems exposed to highly dynamic
pricing structures and substantial peak demand penalties. Under these volatile operating
conditions, the ability to actively shift loads and manage battery state of charge in real
time provides significantly greater economic benefits than optimizing physical equipment
capacity alone.

3.5. Integration with Physical Modelling Tools

Although HOMER provides a reliable macroeconomic view, it lacks the physical
fidelity to model accurately complex shading, thermal losses, and electrochemical degra-
dation. A meso-scale integration strategy is being adopted to address this constraint,
using tools such as Helioscope or PVsyst. This integration is explicitly demonstrated in
building-integrated photovoltaic (BIPV) applications [41], where the specific energy yield
(kWh/kWp) is maximized by using the Helioscope to model physical constraints such as
roof geometry, barrier shading, and string mismatch. This high-fidelity generation profile is
then imported into the HOMER system. This smooth transmission of data ensures that the
economic model is based on realistic yield data and not theoretical capacity estimates. Such
a layered methodology is essential; accurate estimates of renewable energy penetration
require reliable physical modelling to validate the underlying economic assumptions made
in the HOMER Pro 3.18.4 techno-economic software [42].

In addition, meso-scale platforms such as PVsyst are used to perform detailed elec-
trochemical modelling of the battery cells, which provides an accurate rate of degradation
over time and allows HOMER to plan realistic costs for the replacement of batteries. Table 4
shows the specific relationship between these layers of physical and economic optimization.

3.6. Battery Degradation and Operational Trade-Offs

The oversimplification of battery ageing remains a primary limitation in standard
techno-economic modelling. Optimization frameworks must distinguish between calendar
ageing and cycle ageing to provide accurate estimations of life-cycle costs. Lithium-ion
batteries often face significant utility challenges in 100% renewable scenarios; low utilization
in seasonal roles can severely undermine their economic feasibility [43]. Flow batteries
provide a robust alternative for grid integration because they typically exhibit superior
cycle life compared to solid-state variants [44]. However, in hydrogen-based systems,
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the finite lifespans of electrolysers and fuel cells impose strict constraints on operational
scheduling [45]. The penetration of rooftop solar and electric vehicle charging infrastructure
creates rapid fluctuations that increase the stress on storage assets, leading to power quality
issues and accelerated capacity fade [46,47]. Operational strategies must reconcile the
conflict between short-term demand response and the long-term preservation of component
health [48].

Table 4. Alignment of physical and economic optimization tools.

Macro-Scale Tool

Feature (PVsyst and Helioscope) (HOMER Pro 3.18.4) Integration Advantage
Economic dispatch .
. . . . Ensures that economic models are
Primary Physical modelling (e.g., modelling focused on L .
. . . . based on realistic energy yield rather
Function shading, string layout). energy balancing and . . .
. than theoretically installed capacity.
cost optimization.
PVsyst provides
Battery Electrochemical cell System autonomy and effective ‘pattery capacity hich all
Modelling degradation analysis replacement forecasting degradation over time, which allows
’ " HOMER to schedule realistic
replacement costs
Optimization Goal Max1m1z§ physical Minimize Net Present Links p}}ysma.l yield directly to
energy yield. Cost (NPC). economic savings.

Improper management can lead to inconsistent performance and increased operational
expenses, particularly when the system is subjected to high-frequency charge—discharge
transitions [49]. These factors necessitate a health-aware control strategy, assessed through
offline simulation, to balance AC-microgrid stability against the high replacement costs of
storage assets [50].

4. State of the Art in Hybrid Renewable Energy Systems and Forecasting

While the selection of appropriate energy storage technologies and integration topolo-
gies establishes the physical capabilities of a modern power system, the operational ef-
ficiency of these assets is fundamentally governed by the cyber layer of the EMS. The
stochastic variability of RES, particularly solar and wind, introduces complexities that tra-
ditional deterministic control models struggle to manage effectively [51,52]. Consequently,
the state of the art has migrated toward advanced co-simulation integration. These lever-
age structured text automation and hybrid metaheuristic frameworks capable of handling
non-linear dependencies and complex operational constraints [53,54]. This section critically
reviews the current landscape of automated control architectures, hybrid optimization
strategies for system stability, and the requisite operational frameworks that underpin these
advanced techniques.

4.1. Advanced Load and Distribution Forecasting

Accurate load and distribution forecasting serves as the fundamental prerequisite for
reliable microgrid operation and optimal energy dispatch. As modern power networks tran-
sition toward high renewable penetration, advanced predictive frameworks have become
essential for managing the complex variability inherent in smart grids and decentralized
energy systems [55,56]. Traditional deterministic approaches often fail to capture the highly
non-linear nature of modern electrical loads; consequently, stochastic modelling architectures
have emerged as the standard for extracting complex temporal patterns from historical op-
erational data. On the generation side, profiling the exact output of renewable resources
is vital to maintain AC-microgrid stability and minimize reliance on expensive spinning
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reserves. Advanced forecasting architectures are highly effective at predicting solar radiation
and wind availability; they reliably model both power consumption and generation profiles
over varying time horizons [57,58]. By capturing the complex dependencies of meteorological
variables, these robust mathematical frameworks provide grid operators with the precise gen-
eration estimates necessary to schedule energy storage dispatch effectively. On the demand
side, predicting load consumption requires sophisticated techniques to account for heteroge-
neous consumer behaviour and shifting daily schedules. Structured load models enhanced
by data clustering techniques significantly improve short-term forecasting accuracy across
diverse multi-type buildings and commercial facilities. This highly granular approach to load
profiling directly empowers advanced anomaly detection and automated demand response
mechanisms [59-61]. Ultimately, integrating these robust forecasting methods is critical for
the effective management of variable renewable energy systems. It ensures that the overar-
ching energy management system operates with exceptionally reliable power estimations to
minimize levelized costs and preserve overall grid stability [61,62].

The efficacy of these predictive models is best evaluated through standardized error
metrics, primarily the Mean Absolute Percentage Error and Root Mean Square Error. Table 4
provides a comparative quantitative synthesis of recent artificial intelligence-driven fore-
casting models. The data illustrates that integrating advanced clustering and deep learning
algorithms significantly reduces error margins, which directly dictates the efficiency of
battery dispatch and overall grid economics.

As shown in Table 5, recent forecasting methodologies substantially enhance the op-
erational efficiency and economic performance of Distributed Energy (DE) systems. The
quantitative evidence indicates that advanced machine learning and statistical models
applied to historical consumption data significantly reduce prediction uncertainty, thereby
improving demand estimation and dispatch scheduling accuracy. These improvements
facilitate enhanced battery utilization, reduced renewable curtailment, and more effec-
tive demand response strategies for end-use consumers. Furthermore, the comparative
analysis highlights that forecasting accuracy plays a pivotal role in addressing seasonal
consumption variability and peak demand events, thereby strengthening system reliability,
and improving overall cost effectiveness. Overall, the synthesis demonstrates that high-
precision load forecasting is a critical enabler for economically optimal and operationally
resilient microgrid energy management frameworks.

Table 5. Comparative analysis of forecasting accuracy and dispatch.

Dispatch and

Reference Forecasting Method Accuracy Metric .
Economic Impact
Predictability Reduced renewable
. . coefficient of uncertainty and
[62] Hybrid Ensemble Learning 0.9821 for renewable improved decentralized
forecasting. system operation.
Improved predictive
[61] Comprehensive Artificial accuracy using Optimized storage scheduling
Intelligence Review multimodal weather and and reduced power curtailment.
generation data.
Clustering Enhanced Reduced MAE by 14.00 percent Improv.ed load
[59] . . . L balancing and
Deep Learning during variable conditions. ‘ . o
orecasting stability.
Reduced MSE to 0.012 for Improved smart grid balancin
[58] Hybrid Deep Learning household demand and 0.045 P & &

for solar generation.

in net zero buildings.
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4.2. Hybrid Metaheuristic Optimization for Control

Beyond advanced predictive frameworks, the optimal control and sizing of Hybrid
Renewable Energy Systems (HRES) represent a complex multi-objective optimization
problem. A critical challenge here is the “exploration vs. exploitation” dilemma; single
algorithms often fail to balance searching the entire solution space against refining a
specific local solution. To address this, hybrid metaheuristic algorithms have emerged as
a dominant methodology. A prominent example is the hybridization of GWO and PSO.
In this dual-strategy approach, GWO is utilized for its superior exploration capabilities to
locate promising regions of the solution space; meanwhile, PSO is employed to exploit the
specific optimal solution within that region [63]. As illustrated in Figure 6, recent research
demonstrates that the GWO-PSO hybrid significantly outperforms standalone algorithms
in the optimal management of grid-connected PV-battery systems; it effectively balances
technical constraints with economic targets.

To employ hybrid metaheuristic algorithms effectively, the optimization objectives
must be mathematically defined. In renewable-integrated microgrids, common objective
functions include emission minimization, network loss minimization, autonomy maximiza-
tion, and total cost minimization.

The emissions minimization objective can be expressed as

Femissions = Z (t=1 TZ =1 GPg )EFg (1)

where Pg(t) is the power generated by source g at time t, and EF, is the emission factor of
that generation source.
The network power-loss minimization objective can be expressed as

Flosses = Z (t = 1)T2 ((l/]) € Ql)Iijz(t)Rij (2)

where I;j(t) is the current magnitude in the distribution branch between nodes i and j at
time t, and R;j is the branch resistance.
System autonomy can be improved by minimizing the loss of power supply probability:

(E (t = 1)TLunmet<t))

autonomy Y (t = 1)TLdemand(t)

3)

where Lyymet(t) is the unmet load at time ¢, and Lg,;,4,4(f) is the total load demand. A
lower LPSP value indicates higher autonomy and improved local supply reliability.
The total cost minimization objective can be expressed as

Feost = Ccap + Cop + Cnaint + Cdeg + Cgrid (4)

where Ceap, Cop, Craint, Cdeg and Cgrid represent capital, operating, maintenance, degrada-
tion, and grid-interaction costs, respectively.
These individual objectives can be combined into a weighted multi-objective function:

Frotal = W1Fcost + WaFemissions + W3Flosses + WaFautonomy (5)

where wq, wy, w3, and wy are weighting coefficients selected according to the economic,
environmental, technical, and reliability priorities of the microgrid. This formulation
enables hybrid optimization algorithms to balance economic performance, environmental
impact, network efficiency, and energy autonomy.

Equations (1)—(5) define the main objective functions used to guide optimization-based
energy management in renewable-integrated microgrids. Equation (1) represents emission
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minimization by reducing the contribution of generation sources with higher emission
factors and encouraging greater utilization of renewable generation and storage dispatch.
Equation (2) targets network loss minimization by reducing branch current-related losses
across the distribution network, which improves technical efficiency and reduces unnec-
essary energy dissipation. Equation (3) supports autonomy maximization by minimizing
the loss of power supply probability, where a lower LPSP value indicates greater local
supply reliability and reduced dependence on external grid support. Equation (4) repre-
sents total cost minimization by combining capital, operating, maintenance, degradation,
and grid-interaction costs, thereby linking operational dispatch decisions with long-term
economic feasibility. Finally, Equation (5) combines these objectives into a weighted multi-
objective function, allowing hybrid metaheuristic algorithms to balance economic, envi-
ronmental, technical, and reliability priorities according to the specific requirements of the
AC microgrid.

This formulation is important because energy storage operation is not governed by a
single objective. For example, a dispatch strategy that minimizes cost may increase battery
degradation, while a strategy that maximizes autonomy may require additional cycling
or higher storage capacity. Similarly, reducing emissions and network losses may require
different dispatch priorities depending on renewable availability, load demand, and grid
conditions. Therefore, the weighted formulation in Equation (5) provides a flexible structure
for hybrid algorithms such as GWO-PSO to search for a balanced solution rather than
optimizing one performance indicator in isolation. By adjusting the weighting coefficients,
the energy management system can prioritize cost reduction, reliability, emission reduction,
or technical efficiency depending on the operational goals of the microgrid.

Other evolutionary approaches, such as the Slime Mould Algorithm and Genetic
Algorithms (GA), are also being deployed to solve multi-objective problems related to
the energy trilemma [16]. However, translating these complex algorithms into reliable
field operations using structured text and Programmable Logic Controllers (PLCs) remains
essential for managing the stochastic nature of distributed energy resources (DERs) and
ensuring grid stability.

4.3. Data Preprocessing and Feature Extraction

The accuracy of advanced predictive and control algorithms is heavily dependent
on the quality of data input. Raw renewable energy data is often non-stationary and
contains noise due to sensor errors, environmental interference, or transmission failures [64].
Therefore, robust pre-processing frameworks are essential for reliable algorithm execution.
Signal decomposition strategies, such as Empirical Mode Decomposition (EMD), Variational
Mode Decomposition (VMD), and Wavelet Decomposition (WD), are widely employed to
handle the severe volatility of wind and solar data. These methods break down complex,
non-stationary time series into simpler sub-signals or Intrinsic Mode Functions (IMFs).
This “divide and conquer” strategy allows forecasting frameworks to calculate individual
components separately, significantly improving overall operational reliability [64,65].

Additionally, data normalization techniques, such as Min-Max scaling, are standard
practice to accelerate algorithm convergence by scaling inputs to a specific range. Further-
more, addressing missing data through advanced imputation methods rather than simple
deletion is crucial for maintaining the integrity of time-series datasets used in executing
hybrid control strategies. Table 6 describes the core pre-processing techniques needed to
prepare raw, unstable AC-microgrid data for accurate forecasting and optimal control.

Simple scaling methods such as Min—-Max and Z-score standardization are essential
to accelerate the convergence of hybrid algorithms. Meanwhile, complex decomposition
strategies, such as EMD, VMD, and WT, are required to isolate underlying trends from
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severe signal noise. Ultimately, selecting the right technique based on the specific charac-
teristics of the dataset enables the energy management system to effectively mitigate the
unpredictability of renewable energy production.

Table 6. Comparative analysis of data preprocessing techniques.

Technique

Primary Function

Best Use Case

Min-Max Normalization

Scales features to a fixed range
(e.g,0to1)

Accelerating algorithm convergence
(e.g., GWO-PSO)

Z-Score Standardization

Transforms data to mean 0 and
standard deviation 1

Handling datasets with significant,
unpredictable outliers.

Empirical Mode Decomposition (EMD)

Breaks non-linear signals into
Intrinsic Mode Functions

Processing highly volatile renewable
data (e.g., wind speed)

Variational Mode Decomposition (VMD)

Separates signals into
band-limited modes

Isolating true signal trends from
severe weather noise

Wavelet Transform (WT)

Multi-resolution time—frequency
domain decomposition.

Denoising sudden transient events or
severe weather spikes.

Principal Component Analysis (PCA)

Transform correlated variables
into uncorrelated components.

Reducing feature redundancy in
high-dimensional weather data

Seasonal-Trend Decomposition (STL)

Separates seasonal, trend, and
residual components

Load forecasting scenarios with
strong seasonal fluctuations

4.4. System Integration and Techno-Economic Modelling

The integration of advanced co-simulation automation strategies into practical power
systems requires robust simulation tools to validate their economic and technical viability.
In the existing literature, tools such as HOMER Pro are widely used to design and optimize
HRES configurations at a macro-economic level; however, traditional feasibility studies of-
ten simplify microgrids as balanced single-phase systems to reduce computational load [66].
Recent techno-economic modelling has addressed the severe complexities of unbalanced
three-phase AC networks [67]. This paradigm shift is critically important because modern
energy management systems must accurately reflect the physical realities of low-voltage dis-
tribution grids where phase asymmetries and volatile load imbalances are highly prevalent.
To bridge the critical gap between static capacity planning and dynamic control, emerging
techno-economic frameworks now couple macro-scale sizing software with high-fidelity
dynamic simulators. Researchers increasingly incorporate optimization models such as
Mixed-Integer Linear Programming (MILP) and MATLAB-based environments to perform
joint optimal sizing and transient operational analysis [68]. This integrated approach ex-
plicitly accounts for the physical power quality challenges that static economic models
traditionally overlook. By validating rigorous operational constraints against long-term
economic targets, such coupled models ensure that infrastructure investment decisions
remain resilient to both financial uncertainty and severe physical grid disturbances.

Moreover, the current frontier of system integration in the literature emphasizes
the necessary transition from isolated software models to advanced co-simulation vali-
dation. Advanced studies now utilize dynamic simulation environments, such as MAT-
LAB/Simulink, to execute complex control programming. This enables offline simulation
of hybrid metaheuristic algorithms such as GWO-PSO. This layered approach combines
deterministic time-series forecasting, hybrid optimization, and high-fidelity three-phase
simulation, forming a comprehensive basis for modern EMS. Such rigorous validation
frameworks are essential to advance these control strategies from theoretical academic
research into highly reliable NNS for AC microgrids.
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5. Hybrid Control Strategies

The integration of renewable energy sources requires advanced management to main-
tain the balance between supply and demand; current literature indicates that metaheuristic
optimization algorithms provide a reliable mechanism for hybrid systems [67]. Studies
show that approaches such as the GWO effectively determine the optimal sizing and con-
trol of energy storage systems to minimize the error between the initial and final state of
charge [67]. Building directly upon these optimization strategies, recent research highlights
that the optimal integration of battery storage serves as a highly efficient non-network solu-
tion for expanding AC-microgrid capacity. While traditional grid planning relies heavily
on capital-intensive infrastructure improvements, modern frameworks prioritize smart in-
vestment options to defer these massive costs [68]. Furthermore, utilizing techno-economic
modelling tools enables researchers to rigorously verify the financial and technical feasi-
bility of deploying non-network solutions under varying load conditions and generation
uncertainties [69]. A summary of key NNS solution integration for AC microgrids is shown
in Table 7.

Table 7. Key non-network solution integration factors for AC microgrids.

Factor Description Related Framework
Techno-Economic Validating smart investments against Links to the techno-economic models
Feasibility traditional infrastructure upgrades. discussed in Section 3.
System Health Index Incorpora.tmg physical asset conditionto ~ Expands on t.he physical constraints
defer equipment replacements. mapped in Figure 2.
Voltage Stability Co'orc%lpat}ng NNS to ensure grid Builds upon the energy management
reliability in renewable-heavy systems. workflow in Figure 7.
Metaheuristic Utilizing algorithms like GWO for Extends the traditional predictive
Optimization near-optimal sizing and control. strategies evaluated in Section 4.

Cost-Reflective Pricing

Accurately modelling network costs when ~ Addresses the economic gaps identified
integrating distributed energy. in the literature.

The strategic placement and sizing of distributed renewable energy within AC micro-
grids fundamentally alter how network costs are estimated and modelled for cost-reflective
pricing [70].

Furthermore, multi-stage integrated planning models leverage these energy storage
solutions alongside scenario reasoning to enhance overall equipment selection and capacity
optimization [71]. To clearly identify existing gaps in the literature, Table 8 summarizes
selected planning studies. This demonstrates that while algorithms such as GWO success-
fully reduce installation costs and grid dependence, a substantial research opportunity
remains to combine these algorithms with physical AC-microgrid constraints. Furthermore,
incorporating the health index of existing physical assets into this expansion planning
justifies deploying energy storage to postpone expensive equipment replacements and
preserve overall grid reliability [72].

The wider implementation of non-network solutions must take AC-microgrid stability
and spatial constraints into consideration, following the evaluations shown in the tables. To
maximize the capacity of an AC microgrid, distributed renewable energy must be placed
and sized optimally [73]. To achieve this mathematically, planners typically utilize an objec-
tive function to minimize the total expansion cost; this balances traditional infrastructure
upgrades against smart NNS investments:

. T
min Ctotal = Zt:l (Cnetwork(t) + CNNS(t) + Coperation(t) + Closs(t)) (6)
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Figure 7. Schematic workflow of the hybrid GWO-PSO algorithm, detailing the HRES control

calculation.

Table 8. Summary of advanced planning and control studies for hybrid microgrids.

Reference Approach Key Objectives NNS Type Benefits Highlighted
o Minimize state of Lead—acid and Reduced grid dependence
[66] Grey Wolf Optimizer charge error. lithium-ion batteries. and lower installation costs.
Expansion Evaluate new Distributed Identifies pathways
[67] lanning review market designs energy resources for modern grid
p & gns: 8y ' market integration.
Optimize Manages load
. . . Smart -
[68] Multi-stage planning transmission . . uncertainties and defers
. investment options. . .
and distribution. capital expenditure.
. . N Establishes fairer pricing
Cost-reflective Estimate and model Distributed
[69] - schemes and accurate
modelling network costs. renewable energy. .
cost allocation.
. . Optimize Integrated Enhanc.:es Scenario
[70] Multi-level planning equipment capacit enerey svstems reasoning for precise
P pactty: BY 5y ' component selection.
. . Optimize capital
[71] 'Health 1nd'ex Delay physical Battery energy allocation and extends
incorporation equipment replacement.  storage systems.

physical asset lifespan.

Beyond economic sizing, these non-network solutions must be coordinated with

dynamic reactive power compensators, such as Static Synchronous Compensators (STAT-

COMs), to ensure voltage stability during transient events in wind-penetrated AC

microgrids [74].

https://doi.org/10.3390/ electronics15122549


https://doi.org/10.3390/electronics15122549

Electronics 2026, 15, 2549

24 of 32

This dynamic support principle extends even to complex offshore networks, where
planners evaluate the feasibility of AC versus DC connection options [75]. Furthermore,
putting strong group key management protocols in place is crucial to safeguarding the
communication frameworks controlling these vital non-network assets as these decen-
tralized energy storage systems become increasingly digitalized and integrated into the
smart grid [76]. To fully realize these stability objectives, the physical infrastructure must
be governed by advanced hybrid control strategies. Decentralized approaches such as
droop control and active power—frequency control are essential for ensuring equitable
load sharing and mitigating transient stability issues within AC microgrids. By integrat-
ing these primary control mechanisms with battery energy storage systems, the network
can autonomously regulate voltage and frequency deviations without relying entirely on
potentially vulnerable communication links.

Battery Management Systems and State Estimation in AC Microgrids

In NNS-like islanded AC microgrids, the BMS acts as the central intelligence unit,
ensuring safe, optimized energy dispatch [77-80]. It continuously monitors internal cell
parameters to safeguard the physical asset while coordinating with overarching energy
production systems [81,82]. When integrated with renewable generation, the BMS governs
bidirectional DC-DC converters to align battery output safely with highly variable solar
or wind resources [83,84]. By strictly monitoring operational limits, it protects the system
against severe hazards like thermal runaway and deep discharging [85,86]. It actively or
passively redistributes energy to equalize charge levels across varying cells, ensuring no
single cell limits the usable energy range during peak production cycles [87,88]. To execute
these production and protection strategies effectively, the NNS-integrated BMS must man-
age two distinct but correlated metrics: the SoC and the SoE [89,90]. In advanced academic
modelling, these metrics are primarily defined using standard continuous-time integral
equations. SoC quantifies the remaining available charge using Coulomb counting [91,92].
However, it possesses a significant limitation because it does not account for the nonlinear
terminal voltage dynamics during operation [50]. It is defined mathematically as

Joi() de

SOCt = SOCO — C
n

)
where C,, represents the nominal capacity. Similarly, SoE incorporates real-time voltage
variations by integrating power over time [93,94], because useful battery capacity varies
nonlinearly with terminal voltage, internal parameters, and temperature. SoE provides a
much more direct and accurate representation of the actual energy an NNS can produce
and supply to the grid [95]; it is formally defined as

Joi(&)u(e) dz

n

SoE; = SoEy — (8)
where E; is the nominal energy and u(¢) is the terminal voltage.

While these continuous-time integral formulas form the rigorous computational foun-
dation for a deterministic BMS, they are practically interpreted through simplified opera-
tional ratios for system monitoring under offline simulation. For SoC, this ratio is explicitly
defined as

_ Remaining Charge (Ah)

50C = Nominal Capacity (Ah)

x 100 9)
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Similarly, the operational ratio for the State of Energy is defined as

_ Remaining Energy (KWh)
~ Nominal Capacity (KWh)

SoE x 100 (10)
Furthermore, research demonstrates a highly stable positive correlation between SoC
and SoE, which can be mathematically modelled using a quadratic polynomial [92]:

SoE = a - Soc*(k) + b-SOC(k) + ¢ (11)

Because directly measuring these states is impossible, a smart BMS utilizes advanced
algorithms to process current, voltage, and temperature data under offline simulation
to co-estimate both metrics [95-97]. This co-estimation allows the BMS to correct sensor
noise and cumulative errors by cross-referencing their strong positive correlation [98-100].
For islanded AC microgrids, the BMS must prioritize SoE over SoC for load distribution
and energy production decisions [101,102]. While SoC indicates the charge percentage
required for internal cell balancing, SoE accurately quantifies the actual releasable energy;,
preventing the BMS from overestimating available capacity and causing unexpected power
shortages during dispatch [102]. Collectively, Equations (6)—(11) provide the mathematical
foundation for battery state estimation and dispatch coordination within AC microgrids.
These equations define the continuous-time and operational forms of SoC and SoE, as well
as their polynomial relationship, which supports degradation-aware battery operation
and grid-aware energy management under offline simulation. When combined with
the objective functions in Equations (1)—(5), these state-estimation equations help link
optimization targets, battery health constraints, and dispatch decisions within a unified AC-
microgrid energy management framework. Table 9 summarizes the operational comparison
of SoC and SoE in Battery Management Systems.

Table 9. Quantitative improvements in state tracking and economic operation.

Quantitative Tracking Direct Economic and

Parameter/Algorithm Improvement Operational Effect Reference

SoC Improved tracking Prevented saturation; reduced required [66]
performance by 3.1 percent. battery cell count.
Reduced capacity estimation ~ Prevented capacity overestimation;

SoE [99]
error by 5 percent. prevented unexpected power shortages.

Hybrid GWO-PSO Precise ofﬂme time-domain Lowered Total Net Prgsent Cost-; [63]

state tracking. reduced expensive grid energy imports.

This table synthesizes the quantifiable improvements in state estimation and their
direct economic impacts when managed by advanced hybrid control algorithms. The data
illustrates that precise tracking of the State of Charge improves operational performance by
3.1 percent, which directly reduces the required number of battery cells and lowers capital
costs. Furthermore, prioritizing State of Energy reduces capacity estimation errors by
5 percent, preventing the system from overestimating available energy and avoiding costly
power shortages. By integrating these precise state estimations, algorithms like the Grey
Wolf Optimizer and Particle Swarm Optimization successfully balance transient technical
constraints with macro-economic targets, ultimately lowering the Total Net Present Cost
and reducing reliance on expensive grid imports.

The successful deployment of non-network solutions depends heavily on the sophis-
ticated capabilities of the BMS. By accurately monitoring the internal charge state health
limits through the State of Charge, alongside the grid-aware operational performance
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represented by the State of Energy, the system bridges the critical gap between battery
protection and economically efficient grid operation. This dual-state estimation ensures
that distributed energy storage assets can reliably deliver the precise amount of energy re-
quired to defer costly infrastructure upgrades without unintentionally accelerating battery
degradation or causing premature decommissioning.

Quantitatively, improved SoE estimation directly influences economic outcomes by
mitigating battery degradation costs. Accurate SoE tracking prevents the system from
overcommitting storage resources, thereby avoiding unnecessary charging and discharging
cycles as well as excessive depth-of-discharge events. Since cycle ageing is proportional
to both the total energy exchanged and the depth of discharge, minimizing these unnec-
essary cycles reduces the degradation cost per kilowatt-hour. Consequently, this precise
operational control extends battery cycle life, delays significant capital replacement ex-
penditures, and lowers the overall Levelized Cost of Storage. Furthermore, achieving
comprehensive dynamic stability requires these non-network solutions to operate in coordi-
nation with primary network support technologies such as STATCOMs. A STATCOM is a
power-electronics-based device that provides dynamic reactive power support to maintain
short-term voltage stability during transient grid disturbances. While relying solely on
conventional network reinforcement solutions is both expensive and operationally inflexi-
ble, coordinating STATCOMs with distributed battery energy storage systems maximizes
voltage stability enhancement at a fixed investment cost.

The reviewed literature demonstrates that integrating advanced deterministic energy
management frameworks with coordinated reactive power compensation is not merely a
complementary operational strategy. Rather, it is a fundamental requirement for ensuring
the long-term techno-economic viability and dynamic stability of modern low-inertia
power systems.

6. Conclusions and Future Trends

As modern energy systems continue to decentralize, future research must increasingly
address the inherent conflict between macro-scale economic planning and micro-scale
dynamic stability. The next generation of advanced deterministic energy management
systems will need to rely on highly advanced, adaptive control strategies to achieve un-
precedented accuracy in the face of extreme renewable variability. This will enable a
critical shift from reactive fault mitigation to proactive, grid-aware energy planning. Future
frameworks must optimize droop controls to precisely manage active power sharing and
maintain strict frequency stability in low-inertia environments. Moreover, the continu-
ous development of hybrid metaheuristic algorithms, such as the GWO-PSO framework,
must transition from theoretical software simulations to real-time industrial automation
applications. Validating these complex control logics through real-time Power Hardware-
in-the-Loop (HIL) platforms, such as OPAL-RT, alongside standard industrial protocols
like ST, will be vital for active distribution network management. Crucially, the success of
this instantaneous adaptive control over bidirectional energy flows will depend heavily
on next-generation BMS utilizing rigorous co-estimation algorithms to provide flawless
real-time SoE boundary conditions.

Finally, the transition to a decarbonized energy landscape requires a fundamental
paradigm shift from traditional, capital-intensive pole-and-wire upgrades to smart, highly
responsive Non-Network Solutions. The reviewed literature demonstrates that BESS
can fulfil this critical infrastructure deferral role only if their integration is treated as a
tightly coupled, multi-dimensional optimization problem rather than a simple hardware
installation. By seamlessly linking degradation-aware economic modelling in tools such as
HOMER Pro to high-fidelity physical generation data from PVsyst and dynamic transient
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control in MATLAB/Simulink, network operators can successfully bridge the critical
optimization gap identified in contemporary studies. This holistic, multi-scale framework
ensures that the strategic deployment of energy storage not only preserves grid stability
in the absence of rotational inertia but also minimizes LCOE over the project lifecycle.
Consequently, it delivers the secure, equitable, and sustainable infrastructure required to
solve the modern energy trilemma.
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