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Abstract

The accelerating global climate crisis—combined with the uneven distribution of fossil fuel
resources, rising oil prices, increasing demand for modern energy systems, and the global
shift toward low-carbon economies—has necessitated a fundamental transformation in how
energy is produced, distributed, and consumed. Renewable energy sources (RES) such as
solar and wind are central to this transition. However, their integration into power systems
presents persistent challenges due to intermittency, decentralization, and the limitations of

traditional grid infrastructure.

Microgrids (MGs) have emerged as a flexible and resilient solution for the decentralized in-
tegration of distributed energy resources (DER), playing a key role in advancing intelligent,
low-carbon power networks. As the demand for sustainable, secure, and responsive energy
systems grows globally, MGs—especially those incorporating DER and hydrogen technolo-

gies—are becoming indispensable components of the evolving energy landscape.

While MGs hold promise for energy resilience and sustainability, their implementation faces
challenges like high initial capital investment for infrastructure, technical complexity in inte-
grating diverse DER, and interoperability issues with legacy grids. These barriers affect stable
operation and the broader scalability of MG solutions. Accordingly, this research is directed
toward addressing these multifaceted issues to enable more effective localized generation and

control, advancing sustainability, energy independence, and resilience.

The study begins by developing and evaluating integrated strategies to overcome the techni-
cal, economic, and environmental hurdles associated with MG deployment as a first objective.
It focuses on the optimized design of a sustainable MG architecture that incorporates solar,
wind, and hydrogen-based storage alongside sector coupling mechanisms. Through system-
level analysis, the research underscores hydrogen’s pivotal role in increasing grid flexibility,
compensating for the intermittency of renewable resources, and enhancing long-term energy
security. This foundational investigation affirms the value of MGs in supporting decarboniza-
tion and improving energy resilience through hydrogen-enabled sector coupling and cross-

sectoral integration.
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In regions where utility grids are unreliable—characterized by frequent outages—MGs are
often required to operate in islanded mode. While islanded operation enhances energy au-
tonomy and resilience, it also introduces significant technical complexity. Without main
grid support, islanded MGs must coordinate energy balance and economic operation across
both short-term dynamics and long-term planning. Moreover, islanded MGs dominated by
converter-interfaced DERs face considerable challenges in maintaining voltage and frequency
stability under dynamic load and generation conditions. These operational challenges high-
light the need for robust and well-coordinated control strategies specifically designed for is-

landed MG environments.

In response, the subsequent phase of the thesis develops and evaluates advanced decentralized
primary control strategies for islanded MGs. Within this framework, two distinct approaches
are pursued: a virtual complex impedance-based method, which enhances transient response,
system stability, and power-sharing accuracy by shaping the converter’s output impedance;
and a computationally guided optimization framework, which systematically tunes control
parameters to better coordinate with the dynamic characteristics of the interfacing filter and
electrical network. These strategies are grounded in a detailed analysis of VSCs, including
their control architectures and interfacing filters, which are vital for maintaining system sta-

bility and ensuring power quality.

Building on these strategies, the final phase of the thesis introduces an Adaptive Hybrid
PSO-Embedded Genetic Algorithm (AHPEGA) for the neuroevolutionary training of Multi-
layer Perceptron Controllers (MLPCs) in VSC-based islanded MG. This approach combines the
global search efficiency of GA with the fine-tuning capabilities of PSO to dynamically optimize
both the weights and biases, as well as hyperparameters, of the neural network—resulting in

improved convergence and generalization in nonlinear control tasks.

Overall, this thesis presents a comprehensive, multi-layered approach to MG con-
trol—encompassing sustainable system design and advanced decentralized control strate-
gies—and delivers scalable, sustainable, and computationally guided solutions for resilient
operation in islanded mode. These contributions establish a foundation for advancing intel-
ligent control in islanded MGs integrated with renewable resources, thereby supporting the

broader transition toward robust, efficient, and sustainable power systems.

Keywords: Power grid, Microgrids, FCEVs, Electrolytic hydrogen, Emission reduction, Re-
newable energy curtailment, Islanded operation, Virtual complex impedance, Control param-
eter optimization, PSO-MLPNN, PSO-embedded GA, Neuroevolutionary training, Multilayer
Perceptron Controllers (MLPCs)
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Chapter 1

Introduction

1.1 Evolving Electric Power Grid

The global climate change crisis, driven by human-caused greenhouse gas emissions, poses
one of the most formidable challenges humanity has ever faced. These emissions come pre-
dominantly from the energy sectors, accounting for approximately 75 % of the total [1]. No-
tably, electricity and heat production is a major contributor to these emissions. Consequently,
aligning with the recommendations of the International Energy Agency (IEA) requires a rad-
ical transformation in energy production, transportation, and consumption. Rather than re-
lying on fossil fuels, the transition to renewable energy sources (RES), including wind, solar,
bioenergy, geothermal, and hydro, plays a pivotal role in the achievement of sustainable en-
ergy goals [2], [3]. Attaining this transition requires collaborative efforts among governments,
development partners, and the private sector as they invest in innovative strategic plans and

cutting-edge technologies to unlock the full potential of renewable energy.

In the coming years, renewables, particularly wind and solar photovoltaic (PV) technologies,
are expected to account for an increasingly larger proportion of global electricity generation
[1], [2]. These technologies play a key role in reducing carbon emissions across the trans-
portation, buildings, and industry sectors. Moreover, the transition to renewables is essential
for enabling the production of low-emission fuels such as hydrogen — particularly for hard-
to-electrify sectors like heavy industry, aviation, shipping, and long-haul transport, where

direct electrification remains technically or economically challenging [3], [4].

To support the global transition toward a cleaner and more resilient energy future, the electri-
cal power system is evolving into a Smart Grid—an intelligent infrastructure designed to meet
climate targets, integrate high shares of renewable energy, and enhance reliability and effi-

ciency across the network [5]. At the core of this evolution is the deployment of information



and communication technologies (ICT), which enable real-time coordination between gener-
ation and consumption. The Smart Grid aims to deliver clean, secure, and efficient electricity
through a paradigm that is decarbonized (minimizing reliance on carbon-intensive genera-
tion), decentralized (integrating distributed energy resources), digitized (utilizing data-driven
automation), and democratized (empowering end-users to actively participate in energy pro-
duction and decision-making) [6], [7]. These capabilities facilitate competitive electricity
trading among producers and consumers, ensure reliable supply for critical loads, reduce op-
erational costs, modernize aging infrastructure, and expand energy access to underserved
communities [8], [9]. Within this context, microgrids (MGs) are key enablers of smart grids,
providing a flexible framework for managing distributed energy resources (DER)—including
renewable and non-renewable distributed generators, energy storage systems (ESS), and local
electrical loads—by coordinating them as a locally controlled energy system that can oper-
ate either in connection with the main grid or independently [10], [11]. As MGs continue to
evolve, they are increasingly valued for enabling emerging energy technologies such as green
hydrogen, next-generation battery systems, and vehicle-to-grid (V2G) integration. Among
these, green hydrogen holds particular promise for decarbonizing sectors that are difficult to
electrify. Produced through electrolysis powered by renewable energy, it offers significant

emissions reductions in industries such as heavy transport and manufacturing [3], [4].

While these technical advancements are crucial, realizing the expanded role of MGs—not
only as decentralized energy nodes but also as integration platforms bridging multiple energy
sectors—demands enabling policies, adaptive regulatory frameworks, and supportive market
designs that foster flexibility, resilience, and innovation. As the global push for sustainable,
intelligent, and robust energy systems intensifies, MGs are positioned to play a pivotal role

in shaping the energy landscape of the future [12].

1.2 Microgrids as a Means of Integrating Distributed Energy

Resources: Opportunities and Challenges

The traditional centralized power generation model has long been the backbone of modern
electrical grids. However, it faces numerous challenges, including transmission losses, vul-
nerability to large-scale outages, high dependency on fossil fuels, limited scalability to meet
growing energy demand, and inherent incompatibility with the distributed and variable na-
ture of RES [6]. These shortcomings highlight the growing need for more flexible, resilient,

and sustainable energy systems.

In this context, decentralized generation has emerged as a viable alternative, offering localized

energy production that reduces transmission inefficiencies and alleviates stress on centralized
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Fig. 1.1: Evolution of power systems toward converter-dominated architectures.

infrastructure. Renewable DERs—such as solar PV and wind turbines—and supporting tech-
nologies like ESS are key drivers of decentralized generation, providing cleaner and more
sustainable power options [6], [7]. To enable the effective integration of renewable DERs and
ESS, MGs have gained traction as adaptable, self-sustaining energy systems capable of oper-
ating both in grid-connected and islanded modes [11], [13]. MGs act as controllable entities
that enhance local energy management, increase renewable penetration, and improve system
flexibility [12].

Unlike conventional power systems that rely on synchronous generators for both energy con-

version and inherent system stability, MGs depend largely on power electronic converters



(PECs) to interface DERs. This marks a fundamental shift toward converter-dominated ar-
chitectures, where power electronics play a central role in control and energy management
functions [14]. In this transition, the natural inertia and damping traditionally provided by
synchronous machines are significantly reduced, weakening the system’s ability to passively

respond to disturbances.

As MGs and the broader grid evolve toward such converter-based configurations—as illus-
trated in Fig. 1.1—ensuring stability becomes increasingly reliant on advanced control strate-
gies. While this shift enhances flexibility and controllability—especially in accommodating
high penetrations of renewable energy—it also introduces important technical challenges,
particularly during MG islanded operation. These include diminished frequency stability due
to low system inertia, increased complexity in real-time control, and the need for accurate
coordination and synchronization among DERs—challenges that are further compounded by

the variable nature of renewable generation [12], [15].

Additionally, PECs can impact power quality by introducing harmonics and electromagnetic
interference and may trigger adverse control interactions—such as resonance or instability
in weak or low-inertia grids—thereby affecting overall system robustness and dynamic per-
formance [10], [16]. The limited fault current contribution from PECs also complicates pro-
tection design, requiring more sophisticated detection and isolation mechanisms tailored to

converter-based architectures, rather than conventional schemes used in traditional grids.

Addressing these challenges requires innovative approaches in both hardware and control
domains. Advanced energy storage technologies—such as next-generation batteries and
hydrogen-based systems—play a critical role in mitigating power fluctuations and ensuring
energy availability amid variable renewable generation. Equally important are advanced de-
centralized control strategies specifically designed to manage the complexity and dynamic
behavior of modern MGs. To contribute to this evolving field, this thesis aims to design and
optimize sustainable MG systems that integrate DER for long-term energy balance and cost
minimization, while developing computational intelligence—based optimization and control
techniques to enhance the dynamic performance, efficiency, and adaptability of islanded MGs

under decentralized primary control.

1.3 Research Objectives

The primary aim of this thesis is to design and optimize sustainable MG systems that effec-
tively integrate DER for long-term energy balance and cost minimization, while developing
advanced control techniques to enhance the dynamic performance, efficiency, and adaptabil-
ity of MG operation. In line with this aim, the dissertation sets out to achieve the following

specific research objectives:



Objective 1: To design and optimize MG systems that effectively integrate DER, focusing on
long-term energy balance and cost minimization, while incorporating hydrogen-based stor-
age solutions. This objective aims to enhance the sustainability and operational efficiency of

MG by leveraging renewable energy sources and advanced storage technologies.

Objective 2: To develop advanced control and optimization techniques for VSC-based is-
landed MG, including the implementation of virtual complex impedance-based control strate-
gies to improve power sharing accuracy and voltage and frequency regulation, and the devel-
opment of a computationally guided, simulation-based optimization framework for coordi-
nated tuning of filter and controller parameters to enhance dynamic performance, efficiency,

and adaptability under varying operating conditions.

Objective 3: To enhance voltage and frequency regulation in VSC-based islanded MG by
developing MLP-based controllers trained through a neuroevolutionary approach, thereby
improving control adaptability, robustness against disturbances, and generalization to vary-

ing operating conditions.

1.4 Key Contributions of the Research

In line with the objectives outlined earlier, this dissertation presents the following key con-

tributions, which directly address and fulfill the research aims:

Contribution I: Optimizing Hydrogen Integration and Distributed Energy Resources

in Sustainable Microgrids

« Investigated how renewable hydrogen produced from excess renewable energy from PV
and WT can reduce carbon emissions, minimize electricity wastage, and lower lifetime
energy costs in MG. By utilizing surplus energy for green hydrogen production through
electrolysis and charging the battery energy storage system (BESS), the overall system

efficiency is enhanced and battery lifetime extended.

» Developed a comprehensive framework for integrating renewable energy sources with
hydrogen production and utilization across power generation and transportation sec-
tors, focusing on long-term energy balance, cost minimization, and enhanced opera-

tional efficiency.

+ Implemented a dual strategy for storing surplus renewable electricity in BESS and pro-
ducing renewable hydrogen onsite through electrolysis, maximizing the use of renew-

able energy and improving system efficiency and battery lifetime.

« Highlighted renewable hydrogen’s dual role in decarbonizing both the electricity and

transportation sectors, thus reinforcing sector coupling and enhancing sustainability.



Table 1.1: Mapping of Research Objectives, Contributions, and Corresponding Publications in the Dis-
sertation.

Objectives Contributions
Objective 1 | P & P» Contribution I
Objective 2 | P53 & P, | Contribution II & Contribution III
Objective 3 | P; & F; Contribution IV

« Demonstrated that injecting excess renewable electricity into the grid during surplus
periods can reduce operational costs, enhancing the economic and environmental ben-
efits of integrating hydrogen-based energy systems into sustainable microgrid archi-

tectures.

Contribution II: Development of Virtual Complex Impedance-Based Decentralized
Control Strategy for VSC-based Islanded MG

+ Developed a virtual complex impedance shaping strategy to enhance voltage and fre-
quency regulation, improve transient performance, and achieve accurate decentralized
active and reactive power sharing among multiple VSCs operating under islanded MG

conditions.

« Validated the proposed strategy through detailed simulation studies, demonstrating ro-

bust performance against various system disturbances and dynamic load changes.

Contribution III: . Development of a computationally guided, simulation-based op-

timization framework for VSC parameter tuning

« A computationally guided simulation-based framework was developed in MAT-

LAB/Simulink to optimize the LC'L filter and controller parameters of VSCs.

+ The framework improves the adaptability and dynamic performance of VSCs under

varying operating scenarios, contributing to more robust and efficient MG control.

« It ensures compliance with IEEE-519 standards, achieving improvements in transient
response and maintaining acceptable THD levels, thereby supporting high-quality

power delivery even under disturbances.

Contribution IV: Development of Neuroevolutionary Training of MLP Controllers

for Voltage and Frequency Control in VSC-based islanded MG

+ Developed the Adaptive Hybrid PSO-Embedded GA (AHPEGA) approach, which inte-

grates particle swarm optimization (PSO) and genetic algorithm (GA) with a local search
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mechanism to optimize both MLP parameters and hyperparameters, overcoming limi-
tations of conventional training methods and enhancing convergence, robustness, and

generalization.

Benchmarking results demonstrate AHPEGA'’s superior accuracy, stability, and rapid
convergence, showcasing its potential to revolutionize neural network training and ad-

vanced MG control systems.

Validated the robustness of the proposed controller under step load changes involving
both linear and nonlinear loads, confirming improved dynamic response and reliable

primary control performance.
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1.6 Outline of the Thesis

This dissertation is structured around the key publications listed in Section 1.5 and is orga-

nized into six chapters, as outlined below:

Chapter 1 provides the general introduction, outlining the research objectives, main contri-

butions, and associated publications.

Chapter 2 addresses MGs optimization, emphasizing the objectives and techniques for effec-

tive integration of DER.

Chapter 3 presents the optimized design of sustainable MG, highlighting the incorporation
of DER and hydrogen integration strategies.

Chapter 4 details advanced control techniques for VSC-based islanded MG, including virtual

complex impedance-based control and computationally-guided optimization frameworks.

Chapter 5 explores the neuroevolutionary training of MLP controllers for voltage and fre-

quency control in VSC-based islanded MG.

Chapter 6 concludes the dissertation and proposes future work in the addressed research

area.



Chapter 2
Microgrid Optimization

2.1 Objectives of Microgrid Optimization

The design and optimization of MGs are shaped by the diverse and sometimes conflicting
interests of various stakeholders within the electricity supply chain. These stakeholders in-
clude system and network operators, owners and operators of DG units, energy suppliers,
consumers, and regulatory authorities [17]. A critical aspect of MG design and optimization
is the clear identification of design objectives. These objectives can be singular or encompass
multiple specific targets that the MGs must achieve [18]. The primary design and optimization
goals for MGs revolve around economic efficiency, environmental sustainability, and techni-
cal performance. Additionally, MGs can be engineered to simultaneously address multiple

design objectives, striving to achieve an optimal balance among them.

2.1.1 Optimization of Microgrids Based on Economic Objective

The economic objective of MG optimization focuses on achieving cost-effectiveness, financial
sustainability, and efficient energy production, consumption, and revenue generation. This
objective balances economic benefits with reliability and environmental considerations. The
design objective aims to reduce operational costs by continuously optimizing the economi-
cal dispatch while serving consumers [17]. In the economic option, the goal is to minimize
total costs regardless of network impact or performance, which may be preferred by DG own-
ers or operators. However, this approach operates DG without concern for grid or emission

obligations, and its main limitations stem from the physical constraints of DG systems.

Optimizing MGs with a focus on economic objectives involves various strategies designed to
cut costs while ensuring an efficient and reliable energy supply. One crucial approach is the

optimal dispatch of DER, which entails scheduling energy generation and storage to minimize



fuel consumption and maximize the use of renewable sources [3]. By leveraging renewable
energy sources like solar and wind, MGs can significantly reduce fuel costs and decrease re-
liance on traditional energy sources, thereby enhancing both economic efficiency and energy
security. Additionally, the implementation of ESS plays a vital role in balancing supply and
demand. ESS allows for the storage of excess energy during periods of low demand and its
release during peak demand, reducing the need for costly peaking power plants and lower-
ing overall energy expenses. Studies have demonstrated that ESS can enhance the economic

performance of MGs by optimizing energy usage and decreasing dependence on grid power

(3], [4].

2.1.2 Optimization of Microgrids Based on Environmental Objective

The environmental objective of MG optimization aims to minimize environmental impact
by promoting renewable energy sources, reducing greenhouse gas emissions, and enhancing
sustainability. This involves operating the MG in an eco-friendly manner, prioritizing the
dispatch of DG units with lower emissions, regardless of financial or technical considerations
[17], [18]. This approach aligns with environmental targets and regulatory schemes, focusing

solely on emission quotas and the physical limitations of DG systems.

To achieve these environmental objectives, MGs integrate renewable energy sources and ad-
vanced energy storage systems. Combining batteries and hydrogen production systems is an
effective strategy. Excess energy from PV panels and wind turbines can be stored in batter-
ies for short-term use, providing quick response times to balance supply and demand [3], [4].
For long-term storage, excess energy can produce hydrogen through electrolysis, which splits

water into hydrogen and oxygen using electricity [4].

Hydrogen serves multiple purposes. It can fuel hydrogen fuel cell vehicles (FCEVs), where the
fuel cell generates electricity through a reaction between hydrogen and oxygen, producing
only water as a byproduct. This transition from fossil-fuel-based vehicles to FCEVs signif-
icantly reduces greenhouse gas emissions and fossil fuel dependency [3], [4]. Additionally,

hydrogen can be used as a backup power source. During periods of low renewable energy
MG Optimization
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Fig. 2.1: Different Microgrid optimization objectives
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production or high demand, stored hydrogen can be converted back into electricity using

hydrogen fuel cells, ensuring a reliable power supply with zero emissions.

By integrating batteries and hydrogen-based energy storage systems, MGs achieve a bal-
anced and resilient energy storage solution. Batteries provide immediate energy support,
while hydrogen offers long-term storage and additional applications, such as fueling vehi-
cles and backup power generation. This integrated approach optimizes the environmental

performance of MGs, enhancing their overall efficiency and reliability.

2.1.3 Optimization of Microgrids Based on Technical Objectives

Technical optimization of MG focuses on enhancing reliability, efficiency, and stability while
ensuring optimal resource utilization. It prioritizes minimizing power losses, voltage vari-
ations, and device loading without considering DG production costs and revenues. System
operators favor this approach due to its emphasis on technical performance. As illustrated in

Fig. 2.1, different technical objectives have been presented in the literature.

Reliability and Resilience

Ensuring reliability and resilience is a key technical objective, particularly for critical loads.
MGs must withstand disruptions such as natural disasters and grid outages while maintaining
a stable power supply. This capability is crucial for critical infrastructure, such as hospitals,
emergency services, and data centers, which require uninterrupted power to function effec-
tively. MGs enhance resilience by providing localized power generation and storage, which
can operate independently from the main grid during outages. The integration of renewable
energy sources and advanced storage technologies further strengthens the resilience of MGs

by ensuring a sustainable and reliable power supply [19].

Energy Management and Control

Advanced Energy Management Systems (EMS) and real-time control strategies are essential
for optimizing MG operations, ensuring stability, reliability, and cost-effectiveness. These sys-
tems dynamically regulate power generation, storage, and distribution to maintain a demand-
supply balance while adapting to fluctuations using predictive control and real-time optimiza-
tion techniques [20]. Given the diverse nature of MG—integrating renewable energy sources,
dispatchable units, storage systems, and loads—an EMS is critical for coordinating these ele-

ments to ensure efficient and sustainable operation.

Since each DER has different operational costs and constraints, optimal dispatch is necessary
for continuous supply and economic viability. In grid-connected mode, EMS maximizes ef-

ficiency by strategically trading power with the grid and optimizing DER usage to enhance
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profits. Conversely, in islanded mode, the focus shifts to extending MG operation without
external support, requiring intelligent resource allocation. To achieve these goals, EMS em-
ploys optimization algorithms that schedule energy resources based on predefined objectives,

ensuring cost reduction, energy efficiency, and reliable integration of renewables.

Beyond optimization, EMS incorporates hardware and software components to monitor, con-
trol, and forecast energy flow. By continuously analyzing load demand, renewable generation
patterns, and storage levels, EMS ensures that microgrids operate at peak efficiency. Through
intelligent energy dispatch, and real-time forecasting, EMS plays a pivotal role in enhanc-
ing resilience, sustainability, and economic viability, making it indispensable in modern MG

operations.

Integration of Distributed Energy Resources

Incorporating renewable sources such as solar and wind requires addressing their intermit-
tency. ESS, including hybrid storage solutions like battery-hydrogen combinations, play a
crucial role in ensuring a stable and reliable energy supply. These systems balance short-
term and long-term storage needs, enhancing overall MG stability [21]. Key objectives in-
clude minimizing costs, maximizing renewable energy integration, reducing load shedding,
and achieving an optimal levelized cost of energy (LCOE). Peak shaving is also considered to

enhance energy efficiency and reduce emissions.

Optimal Sizing and Allocation

Optimal sizing and allocation of DER are crucial for ensuring MG efficiency, reliability, and
cost-effectiveness. Proper sizing and placement help balance technical and economic con-
straints while meeting demand effectively [22]. MG sizing involves architecture selection
and energy flux optimization to enhance performance. Optimization studies may focus on
component sizing, energy management, or a combined approach using advanced algorithms.
Renewable energy utilization depends on geographic factors and resource availability. Ulti-
mately, efficient MG sizing and energy management are essential for cost reduction, reliability,

and sustainability [23].

Grid Interaction and Islanding

MGs operate in both grid-connected and islanded modes. Technical optimization ensures
seamless transitions between these modes while maintaining stability and reliability. In grid-
connected mode, MGs provide ancillary services, whereas in islanded mode, they indepen-
dently manage energy supply and demand. Advanced control algorithms facilitate smooth

transitions, ensuring continuous operation [21].
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System Efficiency

Maximizing system efficiency in MG involves minimizing energy losses and optimizing en-
ergy conversion processes. Advanced monitoring systems help identify and mitigate energy
losses, ensuring each component operates within its optimal range. Intelligent control sys-
tems and optimization algorithms play a vital role in ensuring optimal resource utilization and
reducing waste within MG. Techniques such as GA, PSO, and reinforcement learning dynam-
ically adjust the operation of energy systems based on real-time data, improving efficiency
and stability. By integrating these strategies, MGs achieve higher efficiency, reliability, and

sustainability, leading to cost reductions and improved performance [24], [25].

Stability and Power Quality

Stability and power quality are critical for smooth MG operation. Stability ensures steady-
state operation despite supply and demand fluctuations, while power quality maintains volt-
age stability and minimizes disturbances such as harmonics or flicker. Techniques like the
Unified Power Quality Conditioner (UPQC) with coordinated PQ theory controller-based op-
timization enhance both stability and power quality, ensuring reliable and efficient MG oper-
ation [12], [15].

2.1.4 Optimization of Microgrids Based on Combined Objectives

The combined objective approach addresses the multi-objective problem of optimal dispatch
for distributed generation (DG), considering economic, technical, and environmental factors.
Specifically, it converts technical and environmental criteria into economic equivalents while
considering constraints imposed by both the network and DG physical limits [26]. This ap-
proach is particularly relevant for actors who participate not only in traditional energy mar-

kets but also in other potential markets related to network services and emission certificates.

2.2 Techniques for Microgrid Optimization

Optimization techniques for MGs aim to enhance efficiency, reliability, and stability by utiliz-
ing various computational and analytical methods. These techniques can be broadly catego-
rized into artificial intelligence (AI)-based optimization, metaheuristic algorithms, and classi-

cal analytical methods, as illustrated in Fig. 2.2.

2.2.1 Artificial Intelligence (AI)-Based Optimization

Al-driven techniques, including machine learning (ML) and deep learning (DL), are increas-

ingly applied in MG optimization. For instance, reinforcement learning (RL) has been utilized
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to develop real-time optimization strategies for MGs, addressing challenges such as the vari-
ability of renewable energy sources and the complexity of mixed-integer nonlinear program-
ming problems [27]. Additionally, convolutional neural networks (CNN) have been proposed
for economic dispatch in MG, offering efficient and reliable solutions compared to traditional
methods [28].

2.2.2 Population-Based Metaheuristics

These algorithms operate on a population of potential solutions, iteratively improving them
through mechanisms inspired by natural processes. Techniques such as GA, PSO, and Ant
Colony Optimization (ACO) have been effectively applied to optimize MG operations. A com-
parative study demonstrated the efficacy of these algorithms in determining the optimal sizing
of hybrid standalone MG, highlighting their ability to handle complex, nonlinear optimization
problems [29], [30].

MG Optimization
Techniques
v v v v v v
Artificial Intelligence (AI) Population-based Hybrid Hybrid Non-Population-Based Analytical &
based optimization Metaheuristics Metaheuristics | | Metaheuristics-Al Metaheuristic Classical methods
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Evolutionary = Swarm-Intelligence = Physics or Chemistry = Human Behavior & Trajectory-Based Physics-Based (Single
Computations based based Social Science-Inspired Metaheuristics Solution) Algorithms

Fig. 2.2: Classification of Microgrid Optimization Techniques

2.2.3 Hybrid Metaheuristics

Combining multiple metaheuristic algorithms can balance exploration and exploitation ca-
pabilities, leading to improved optimization performance. For example, integrating GA with
PSO has been shown to enhance the convergence rate and solution quality in MG optimiza-
tion tasks. Such hybrid approaches address the limitations of individual algorithms, providing

more robust solutions for complex energy management problems [20].

2.2.4 Hybrid Metaheuristics-Al

The integration of Al techniques with metaheuristic algorithms further enhances MGs opti-
mization. For instance, combining deep reinforcement learning (DRL) with PSO enables adap-
tive energy management in dynamic environments, effectively addressing the uncertainties
associated with renewable energy sources [27]. This hybridization leverages the strengths of

both Al and metaheuristics, offering improved adaptability and efficiency in MG operations.
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2.2.5 Non-Population-Based Metaheuristics

These methods focus on iteratively improving a single solution. Algorithms such as Simulated
Annealing (SA) and Tabu Search (TS) have been applied to MG optimization problems. Their
effectiveness lies in their ability to escape local optima and efficiently search the solution
space, making them suitable for specific optimization challenges in microgrid management
[31].

2.2.6 Analytical and Classical Methods

Traditional optimization approaches, including linear programming (LP) and mixed-integer
linear programming (MILP), provide mathematically rigorous solutions for MG optimization.
While these methods are well-suited for problems with well-defined constraints, they may
face challenges when dealing with highly nonlinear and uncertain systems. Nonetheless,
they remain relevant, especially when integrated with Al and metaheuristic techniques to

enhance overall optimization performance [32].

2.3 Control Strategies for Microgrids

Control systems are essential for the real-time operation and stability of MG, managing power
flow, voltage, and frequency to ensure smooth operation, whether connected to the main grid
or operating independently. The primary goals are to maintain stability, prevent outages, and

respond to real-time changes in energy demand and supply [33].

MGs control strategies ensure stability, reliability, and efficiency through power generation,
load balancing, and grid interaction. These strategies are divided based on time response and
functionality into three hierarchical levels: primary, secondary, and tertiary control [34], as
illustrated in Fig. 2.3. Each level can be further categorized into centralized, decentralized,
and distributed approaches based on control architecture, decision-making processes, and

communication requirements [35].

2.3.1 Hierarchical Control

This control method is structured into three levels: primary, secondary, and tertiary, each

differing in response speed and duties.

Primary Control: Primary control is the first and fastest level in the hierarchical control sys-
tem, focusing on local controllers. It requires minimal or no communication to address power
network issues quickly, stabilizing frequency and voltage, though not at nominal values [36],

[37]. In the case of MGs, the main functions include controlling active power and voltage
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Fig. 2.3: Microgrid hierarchical control

in island mode and regulating MG frequency when disconnected from the main grid. Pri-
mary control manages inner voltage and current control loops, frequency regulation, and
power sharing, with droop control being the most common decentralized approach. Other
communication-based techniques, such as master-slave control, can also be used, though they
are less common. The appropriate selection of control strategies depends on various factors,
including the nature of the MG, the types of DG used, and the specific requirements of the

system.

Secondary Control: Secondary control focuses on restoring the system to its nominal oper-
ating conditions after a disturbance, operating on a slower timescale than primary control
and often involving coordination among multiple controllers. It compensates for steady-state
errors in voltage and frequency, bringing them back to nominal values after primary control
stabilization [36], [37].

Tertiary Control: Tertiary control operates on a slower timescale and involves higher-level
decision-making in the hierarchical control of MG. It manages power exchange between the
MG and the main grid, optimizing operation by controlling active and reactive power refer-
ences for each DER based on economic criteria. In grid-connected mode, it considers load
changes, generation forecasts, energy storage, demand requirements, and market signals to
minimize costs while meeting demand. In island mode, it restores reserves, manages conges-
tion, and adjusts power based on resource availability. An EMS at this level coordinates DER,
forecasts supply and demand, and ensures compliance with grid codes, optimizing overall

grid operation and maintaining stability [36], [37].

2.3.2 Centralized Control

A centralized control strategy, commonly used in traditional power systems, involves a single

central controller that collects data from each local controller (LC) and generates commands
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for them. In this setup, LCs do not communicate with each other and cannot act indepen-
dently. The central controller processes the information and issues commands via a com-
munication network, as shown in Fig. 2.4a. This centralized scheme offers the advantage of
controlling the entire system from a single point. However, it is susceptible to a single point of
failure, which could lead to the collapse of the entire MG. Other drawbacks include potential
performance issues due to communication delays and measurement errors, as well as a high
computational burden on the central controller, especially in geographically large MG. Ad-
ditionally, expanding or reconfiguring the system requires redesigning the central controller,
adding to its complexity. Despite these drawbacks, centralized control can be effective where

communication is reliable and system stability is paramount.

2.3.3 Decentralized Control

In decentralized control, each unit is managed by its LC without digital communication links
between units, as shown in Fig. 2.4b. Each controller operates independently, relying solely
on local measurements to manage a specific part of the MG. This approach is well-suited for di-
verse, complex, and large-scale systems, offering plug-and-play capability and computational
efficiency [38]. It enhances system reliability by preventing disturbances from propagating,

allowing continued operation even if multiple units fail.

Decentralized control addresses several limitations associated with centralized and distributed
control strategies by enhancing economic feasibility, scalability, and operational reliability.
Unlike centralized schemes, it avoids single points of failure and reduces infrastructure costs,
as it does not rely on a central controller or extensive communication infrastructure. Fur-
thermore, unlike distributed control, which still requires communication among local agents,

decentralized control operates fully autonomously—each unit makes decisions based solely
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on local measurements. However, its lack of coordination mechanisms poses challenges in
systems with multiple DERs. Strong electrical coupling among units can lead to suboptimal
performance, power sharing inaccuracies, and dynamic instabilities, especially under varying

load or generation conditions.

2.3.4 Distributed Control

Distributed control offers a balanced compromise between the global coordination of cen-
tralized approaches and the autonomy of decentralized schemes. In this strategy, each DER
operates with its own local controller while exchanging limited information with neighboring
units through a communication network. Local controllers communicate directly with one
another, facilitating a distributed cooperative effort, as shown in Fig. 2.4c. This structure en-
hances scalability, fault tolerance, and adaptability, making it suitable for complex microgrid
architectures with multiple DERs. Unlike centralized control, it avoids single points of fail-
ure and reduces computational bottlenecks by distributing decision-making responsibilities.
Compared to purely decentralized control, distributed schemes enable cooperative behavior
among units, which significantly improves power-sharing accuracy, voltage and frequency

regulation, and dynamic performance [38].

However, distributed control still depends on a reliable communication infrastructure. La-
tency, synchronization issues, or communication failures can degrade system performance
or even jeopardize stability. Additionally, implementing consensus algorithms or distributed
optimization protocols introduces complexity in controller design and real-time operation
[38].
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Chapter 3

Optimized Microgrid Design with
Renewable Energy and Hydrogen

Integration

3.1 Introduction

In an era where climate change and energy security are at the forefront of global concerns,
the international energy landscape is undergoing a pivotal transformation as the demand for
clean, resilient, and efficient power solutions continues to rise [1], [39]. As traditional central-
ized power systems remain heavily dependent on fossil fuels, they face mounting challenges,
including resource depletion, environmental degradation, supply volatility, and grid instabil-
ity. These pressing issues underscore the urgent need for innovative and sustainable energy

alternatives [40].

In response, MGs designed with DER and hydrogen integration have emerged as a transfor-
mative solution. By facilitating independent operation and the seamless integration of di-
verse energy sources, MGs enhance both resilience and sustainability. This chapter explores
the optimized design of sustainable MGs, highlighting the critical role of DER and hydrogen
technology in overcoming contemporary energy challenges and enabling a more robust and

flexible energy system.

By harnessing RES such as solar, wind, and bioenergy, MG offers a decentralized and resilient
energy infrastructure that reduces reliance on fossil fuels while promoting sustainability [3],
[4]. When integrated with advanced storage and management systems, these RES can en-

hance grid stability and supply reliability. The incorporation of hydrogen technology further
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strengthens MG capabilities, providing increased energy security, grid independence, and car-
bon neutrality. Hydrogen plays a crucial role not only in energy storage and distribution but
also in enabling sector coupling, where energy is efficiently integrated across electricity, in-
dustry, and transportation sectors [41], [42]. This integration allows MG to function as hubs
for optimized energy management, utilizing surplus renewable energy for hydrogen produc-
tion. The hydrogen produced can then be used for backup power generation, fuel cell vehicles,
or heating systems. By addressing the intermittency challenges of renewable energy, hydro-
gen ensures flexible and reliable energy storage, thus further boosting grid resilience and

supporting long-term carbon neutrality [3].

3.2 Enhancing Renewable Energy Integration in Microgrids

through Sector Coupling

The integration of RES in MG marks a significant shift in energy systems. As demand for
cleaner energy grows, MG with renewable technologies are crucial for addressing environ-
mental and energy security challenges. MG offer decentralized energy generation and dis-
tribution, integrating RES, reducing fossil fuel dependency, and enhancing system resilience.
However, the variability of RES such as solar and wind necessitates addressing intermittency

challenges to ensure a stable and reliable power supply [42].

Addressing intermittency challenges is crucial for the successful integration of RES in MG.
The variability in solar and wind generation can disrupt a stable power supply, necessitating
advanced solutions to enhance grid flexibility. According to the International Renewable En-
ergy Agency (IRENA), renewable electricity could supply 86% of global power consumption
by 2050 under the 1.5°C scenario, with solar PV and wind energy contributing 74% of this
share [1], [40]. Accommodating such high shares of variable renewables requires significant
advancements in grid flexibility, further underscoring the need for integrated energy solutions
[40]. Key strategies include advanced energy storage systems, demand response mechanisms,
and optimization techniques to balance supply and demand effectively. However, these ap-
proaches often focus solely on electricity. A more comprehensive solution is sector coupling,
which integrates electricity, heating & cooling, industrial processes, and transportation. By
interconnecting these sectors, MG can enhance resilience, optimize energy utilization, and
drive broader decarbonization efforts [41]. Sector coupling enables the efficient use of sur-
plus renewable energy across these sectors. For instance, in addition to charging BESS, excess
electricity can be used to produce hydrogen, an energy carrier for various applications. Hy-
drogen, through fuel cells, can provide backup power, heating, or fuel for electric vehicles,
ensuring efficient utilization of generated energy and improving overall efficiency and stabil-
ity. Hydrogen as a storage and transport medium creates a holistic energy ecosystem, sup-

porting decarbonization and optimizing energy use [40]. Moreover, hydrogen can be utilized

20



\4

Direct Use of Power 5 0 $ -@ =&
- ' = £ IR -
B o
Transport Sector
- 1118
| COMMERICAL
‘:'h v anatio Commercial Sector ﬂ
Hy CHy 2 Industry Sector
Renewable Energies

Indirect Use of
Excess Powe

Power Sector

A

<

Ha, Oq

N
Y

jan)
O
e}
l Electrolyser

CO,

]

No —)M NH 7| Residential Sector  Health Care Sector  Agricultural Sector
3

Fig. 3.1: Representation of sector coupling and its role in enhancing energy system flexibility.
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in industrial processes, such as steel production, and as a feedstock for chemical industries,
further expanding its role in achieving a sustainable energy system (see Fig. 3.1). Further-
more, sector coupling technologies, such as electrolysers for hydrogen production, enable
demand to respond more dynamically to grid control signals in renewable energy-integrated
MG, enhancing grid flexibility and stability [4], [43].

In addition to the benefits of hydrogen in sector-coupled technologies, its integration with
BESS in hybrid storage systems enhances MG efficiency, flexibility, and resilience. This com-
bination allows MG to effectively manage both short-term power fluctuations and long-term
energy demands [3], [4]. While BESS is ideal for rapid response and high power demands, hy-
drogen storage supports long-duration energy storage and provides backup during extended

outages.

By shifting long-duration storage to hydrogen, the hybrid system reduces stress on BESS, en-
abling it to operate with shallower discharge depths. This results in fewer cycles, less degra-

dation, longer battery lifespan, and reduced maintenance costs.

3.3 Optimized Microgrid Architecture and System Physical
Modeling

3.3.1 Optimized Microgrid Architecture

The optimized MG architecture, designed to integrate renewable energy sources and hydro-
gen technology for enhanced efficiency and resilience, is being developed to meet the energy
demands of an industrial park in Adama, Ethiopia, located approximately 100 km from the
capital, Addis Ababa [3]. This industrial hub primarily depends on the national utility grid
for its power supply. However, frequent grid interruptions disrupt manufacturing operations,

necessitating a diesel generator as a backup to sustain continuous production during outages.
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According to Ethiopian Electric Utility (EEU) data from 2020 and 2021, the industry expe-
rienced an average of 50 outages per year, with a mean repair duration of 66.21 hours [3],
[44]. The primary causes of these interruptions include system blackouts, under-frequency
events, and transmission line overloading. Given these persistent power challenges, integrat-
ing alternative energy sources at the production site is a strategic move to enhance energy
reliability, alleviate pressure on the national grid, and reduce dependency on fossil fuel-based
backup systems [45], [46].

Previous feasibility studies conducted at the site [3], [43], [47] have identified solar and wind
energy as the most viable renewable energy options for integration. The region exhibits
promising resource potential, with average wind speeds exceeding 4 m/s at 10 meters and
daily solar radiation surpassing 6 kWh/m?/d [47], [48]. Leveraging these abundant local re-
sources, the proposed MG architecture is designed to provide a reliable, resilient, and sustain-
able power supply. The MG integrates DER, including PV systems and wind energy, supported
by a hybrid storage system that combines BESS and hydrogen storage. This setup ensures a
stable and flexible power supply by addressing the intermittency challenges of renewable en-
ergy sources, enabling the industrial park to operate efficiently while advancing sustainability

and energy independence.

Building on this foundation, various configurations of PV panels, WT, and hybrid storage so-
lutions are explored to determine the most efficient and reliable energy supply strategy for
the industrial park [3]. By integrating both short-term (BESS) and long-term (hydrogen) stor-
age, the system ensures grid energy balance and flexibility while maximizing the utilization

of locally available renewable resources.

As part of the transition to a more sustainable and self-sufficient energy system, the model

in Fig. 3.2 replaces the dependency on the utility grid and diesel generator backup with a
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Fig. 3.2: System transition from diesel-supported grids to renewable-dominated configurations with
integrated hydrogen systems.
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Fig. 3.3: Optimized Microgrid Architecture for the Case Study.

fully renewable-based approach. By tailoring the MG’s design to the industrial park’s load
profile and local renewable resource potential, the proposed architecture (Fig. 3.3) enhances
energy self-sufficiency while maintaining economic feasibility and promoting environmental
sustainability. In this optimized MG architecture, PV and WT are the primary power sources,
with hybrid storage managing supply and demand. Excess electricity is stored in BESS for
short-term fluctuations or converted into hydrogen through electrolysis for long-term stor-

age, supporting grid reliability and sector coupling applications [3], [4].

Beyond providing backup power through Proton Exchange Membrane Fuel Cells (PEMFC),
the electrolytic hydrogen produced from renewable sources is also used to fuel 30 FCEVs,
representing an initial step toward reducing fossil fuel dependence in transportation [3]. This

underscores hydrogen as a key energy carrier, crucial for enabling sector coupling.
3.3.2 System Physical Modeling

Renewable Energy Potential and Demand Analysis

In the MG modeling and optimization process, energy potential and demand analysis are
conducted beforehand to assess the effectiveness and suitability of the renewable energy-
integrated MG for the case study. As shown in Fig. 3.4a, the site receives an annual average

solar radiation of 6.06 kWh/m?/d. The clearness index, which represents the ratio of global

23



horizontal irradiance to the extraterrestrial irradiance, ranges from 0.51 to 0.68, indicating
favorable conditions for PV system deployment [3]. Similarly, Fig. 3.4b depicts the monthly
mean wind speed at the site, where the annual average, computed from hourly wind speed

data, is 4.95 m/s, with monthly variations between 3.6 m/s and 5.5 m/s [3].

Following the energy potential, the industrial park’s hourly electrical and hydrogen load pro-
files were synthesized from daily average data to generate 8,760 hourly values for a full year.
The total daily electrical load profile was obtained from the AIP, showing an average energy
consumption of 60.462 MWh/d with an annual peak demand of 4.23 MW.

Additionally, a hypothetical hydrogen refueling station, powered by renewable sources, was
assumed to be located in AIP, meeting a daily hydrogen demand of 180 kg/d. Given a 6 kg
FCEV tank capacity [49]-[51], this station could refuel 30 FCEVs daily. With a hydrogen
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Fig. 3.4: Site meteorological data: (a) Solar radiation and (b) wind speed measurements.
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Fig. 3.5: (a) Hourly electrical load profile. (b) Hourly hydrogen load profile.

consumption rate of 0.6 kg/100 km [3], [50], each vehicle could achieve a range of 1 000 km
per refuel.

To make the hourly load profile more realistic, daily and hourly random variability (15% and
10%, respectively) were considered to add randomness to the load profile. Then, in each time

step, the value in that time step is multiplied by a perturbation factor (az,) [3]:
ap =1+ 084+ 6, (3.1)

where J; and d, represent the daily and hourly perturbation factors, respectively. The syn-

thesized hourly electrical and hydrogen load profiles are illustrated in Fig. 3.5a and Fig. 3.5b.
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Components Physical Modeling

PV System Modeling: Solar irradiance and ambient temperature are key factors that sig-
nificantly impact the output of the PV system. The power generated by the PV system (Ppy)
is mathematically expressed as [3], [4], [52]:

G
Ppy =Ypy frv <GT STTC>

Tc
14+ ap <TC,STC)] (3.2)

where Ypy is the rated capacity of the PV array [kW], fpy is the PV derating factor [%], G
represents the solar irradiance, G s7¢ is the standard test condition (STC) irradiance, Tt is
the cell temperature, and T s7c is the standard test condition temperature. This equation

captures how variations in solar irradiance and temperature affect the system’s performance.

Wind Turbine Modeling: The electrical output of a wind turbine is influenced by factors
such as wind speed, air density, and turbine characteristics, which vary by location, making
wind power highly intermittent and nondispatchable. To estimate the wind speed at hub

height, the following equations are used [3], [53], [54]:

a
Zhub
Vhub = Vanem ( “ ) (3'3)

Zanem

ln (Zhub/Z())

In (Zanem/ZO) (3'4)

Vhub = Vanem
where v, is the wind speed at hub height, vgnem is the anemometer wind speed, zp, is the

hub height, and « is the power law exponent.

The expected power output of the wind turbine at hub height wind speed is determined by the
wind turbine’s power curve, which relates wind speed to electrical output. If the wind speed
is outside the turbine’s operating range (below the cut-in or above the cut-out speed), no
power is produced [3], [54]. The actual wind turbine power output (P 7¢) is then calculated
by adjusting the standard power output at standard conditions (P 7¢,sTc) by using the air
density ratio, as given below [3], [49]:

Pyra = Pywra,stc <[')00) (3.5)

where p is the actual air density, and py is the standard air density (1.225 kg/m?).

PEMFC Modeling: A PEMFC is an electrochemical device that converts chemical energy

from hydrogen into electrical energy through an electrolytic reaction, with water vapor being
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the primary byproduct [3], [55]. The PEMFC power output is calculated as:
Pre =V xIxN (3.6)

Where Prc is the power output, V' is the voltage of a single cell under load, I is the current,
calculated by multiplying the current density by the active cell area, N is the number of cells
in the stack. The fuel consumption of the generator as a function of its electrical power output

is given by the following equation [3], [56]:
F = FyYrpco + F1Prc (3.7)

where F' is a fuel consumption rate [kg/hr], Fj is a generator fuel curve intercept coefficient
[kg/hr/kW ,.qicql, F1 is the fuel curve slope in [kg/hr/kW yuiput], Yrc is the rated capacity of
the generator [kW].

The PEMFC Fj is the ratio of its no-load fuel consumption to its rated capacity. In this research
Fp and F are set to zero and 0.05 kg/hr/kW, respectively, which gives a constant efficiency
of about 60 % [3].

The PEMFC fixed cost (Crc, fi,;) and marginal cost (C'rc mar) of energy can be calculated as

(3], [56]:

Crc
Cre,fiz = Crc,oem + 7 -
FC

+ FOYFCCfuel,eff; CFC,mar = Flcfuel,eff (3-8)

where Crc rix is a fixed cost of energy [$/hr], Crcmar is the marginal cost of energy
[$/kWh], Crc,0&Mm is the operation and maintenance cost [$/hr], Crc, is the replacement
cost [$], Rrc is the generator lifetime [hr], Yr¢ is the capacity of the generator [kW], and
Cluel,eff is the effective price of fuel [$/kg]. As hydrogen is produced onsite from excess
power generated by PV and WT, the marginal cost of energy for the PEMFC generator is

ZEero.

PEME Modeling: Electrolysis is a well-established method for hydrogen production and
more attractive if integrated with power generation systems based on renewable energy
sources [3]. The most common types of electrolysers are alkaline and Proton Exchange Mem-
brane electrolyzers [57]-[59]. In a renewable energy-integrated microgrid, a Proton Exchange
Membrane electrolyzer (PEME) serves as both a hydrogen production unit and a flexible load,
dynamically adjusting its operation based on real-time energy availability [60], [61]. Its high
efficiency and rapid response time make it ideal for managing the intermittency of solar and
wind energy, allowing excess electricity to be utilized effectively for hydrogen production
[62], [63]. As a flexible load, PEME can scale its consumption up or down to balance supply-

demand fluctuations, enhancing grid stability [64]. Its compact and scalable design ensures
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seamless integration into microgrid systems, while its ability to operate efficiently under vari-
able loads maximizes hydrogen yield without straining the power network [65], [66]. Addi-
tionally, PEME produces high-purity hydrogen, crucial for applications such as fuel cells and
industrial processes, further reinforcing its role in optimizing energy utilization within the
microgrid [67], [68].

BESS Modeling: Integrating BESS into grid-connected MGs enhances reliability, supports
energy arbitrage, and improves renewable utilization, though economic viability depends on
system design, market dynamics, and policy support [3], [45], [69]. In weak-grid areas, BESS
is vital for outage resilience, renewable fluctuation management, and peak demand support
[70], [71]. The operational performance of BESS is governed by its state of charge (SOC),
charging/discharging efficiency, and technical constraints such as capacity limits and degra-

dation characteristics [54], [72]. The power output of the battery (Ppgss) is calculated as:
. . Pch .
Pprss = npPys, (discharging mode); Pppss = —, (charging mode) (3.9
nB

where Pppgss is net power output/input of the battery [kW], Py is power discharged from
the battery [kW], P,;, is power used to charge the battery [kW], np is battery efficiency (in-

cludes round-trip efficiency).

The SOC of the battery is updated at each time step ¢ using:

P.nne — Pais/nB

SOC; = SOC_1 +
CBEss

(3.10)

where SOCY is battery state of charge at time ¢, Cpggg is total battery capacity [kWh]. The
battery operates within defined constraints to ensure longevity and optimal performance.
Charging ceases once the SOC' reaches its maximum limit (SOC},,,), while discharging
stops when the SOC' drops to its minimum threshold (SOC),;,). Additionally, a depth of
discharge (DoD) limit is enforced to prevent excessive depletion, minimizing degradation

and extending the battery’s lifespan.
The lifetime throughput of the BESS for each point in the lifetime curve is calculated using

the following equation [3], [54]:

Gmaz Vs
Quigatine = I (22500 ) DoD 611

where Q) 1; fetime is the lifetime throughput [kWh], f is the number of cycles to failure, DoD
is the depth of discharge [%], ¢maz is the maximum capacity [Ah], V,,op, is the nominal voltage
[V].

Unlike generators, BESS incur no fuel costs, leading to an effectively zero fixed energy cost.
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The marginal energy cost includes both battery wear and energy costs. The battery energy
cost is calculated by dividing the total charging cost by the total energy stored. In a load-
following strategy (LF), the energy cost is nearly zero, as the battery charges with surplus
energy [3]. However, in a cycle-charging strategy (CC), where the generator operates at full
capacity and excess energy is used to charge the battery, the energy cost becomes important.

The battery wear cost (C,,) is calculated as [3], [56]:

Cr, b

Chy =
Y NbQLifetime Vit

(3.12)

where CY,, is the battery wear cost [$/kWh], ()., is the replacement cost of the battery bank
[$], IV is the number of batteries in the battery bank, Q1 fetime is the lifetime throughput of
a single battery [kWh], and ), is the round-trip efficiency [%].

The formula for calculating battery energy cost (C., ) which is significant in a CC strategy,
is given as:

(3.13)

where Cj , is the battery energy cost at time step n [$/kWh], C,.; is the cost associated
with charging the battery storage at time step ¢ [$], F. ; is the amount of energy put into the
battery at time step ¢ [kWh].

Grid Modeling: In a grid-integrated MG system, the grid can be considered as a component
from which the MG system can purchase AC electricity and to which it can sell AC electricity
[3], [56]. Accurate grid modeling is essential for optimizing performance, ensuring reliability,
and achieving economic efficiency. This involves simulating interactions between the MG
and the main grid while considering key parameters such as grid sell and purchase capacity
(kW), net metering policies, energy pricing ($/kWh) including grid tariffs and sell-back rates,
demand charges ($/kW/mo), grid emissions, interconnection fees ($), standby charges ($/yr),

and grid outages.

Grid outages are modeled as time periods during which no electricity can be exchanged with
the grid. Parameters such as mean failure frequency, mean repair time, and repair time vari-
ability define random outages throughout the year [54]. During these events, the MG transi-
tions to island mode, ensuring an uninterrupted power supply to critical loads and enhancing

system resilience.

As a dispatchable power source, the grid’s fixed and marginal energy costs are also considered.
The fixed cost is zero, while the marginal cost equals the real-time grid power price plus any
emission-related penalties [56]. In this research, grid emissions are assumed to be negligible,

given that wind and hydro dominate the power generation mix [3].
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3.3.3 Energy System Dispatch Strategy

Beyond modeling individual components, it is essential to analyze their collective operation
as a system. This requires making real-time decisions at each time step, including which
generators to activate, their output levels, battery charge or discharge status, and grid trans-
actions [54], [56], [73]. The dispatch strategy in MG governs these decisions to ensure effi-
cient, reliable, and cost-effective operation. It directly influences economic performance, fuel
consumption, and overall sustainability by balancing supply and demand while considering
operational constraints, grid interaction, and energy storage. To maintain system reliability,
the simulation ensures that available capacity always meets or exceeds the required demand at
each time step [3], [56]. The required operating capacity (P,.) and required operating reserve

(Pres) are given as:
Pre = Prg+ Pres;  Pres = 10% * Prg + 20% * Ppy + 30% * Pywra (3.14)

where Pp is the electrical load demand [kW], P,¢s is the required operating reserve [kW],
Ppy is the PV power output [kW] and Pyyrg is the WTG power output [kW].

At each time step, the output from non-dispatchable sources, PV and WT, is expected to meet

the load demand and the required operating reserve. If their generation is insufficient to meet
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Fig. 3.6: Load-following dispatch strategy in a grid-integrated microgrid showing interaction between
local generation, storage, and the utility grid.
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Fig. 3.7: Cycle-charging dispatch strategy in a grid-integrated microgrid showing interaction between
local generation, storage, and the utility grid.

load demand, dispatchable sources, including PEMFC, BESS, and the utility grid, are allocated
to supply the remaining net load and maintain system energy balance [3], [54], [56]. The net

load is calculated as:

Prynet = Pre — Preg;  Prec = Pwras + Ppv (3.15)

where Pr,¢; represents the net load demand [kW], and Prpg is the total renewable power
generation [kW]. The net load Pr,¢; can be negative (excess generation), zero (balanced de-

mand and supply), or positive (deficit requiring dispatchable sources).

An optimized dispatch strategy is essential for balancing economic efficiency, environmental
performance, and system resilience. By prioritizing renewable energy and minimizing fuel
consumption, the strategy reduces both operating costs and emissions. In hybrid systems that
prioritize local generation, the utility grid may function as a secondary source during periods
of insufficient local supply. The environmental benefits depend on the grid’s generation mix:

renewable-dominated grids reduce emissions, while fossil fuel-reliant grids can increase the
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overall carbon footprint, offsetting local gains.

Building on this, MG can operate in grid-connected or islanded mode, and the dispatch strat-
egy must be adaptable to both scenarios. In grid-connected mode, the utility grid serves as a
secondary source, providing power when local renewable generation is insufficient or when
grid electricity is economically favorable (see Fig.3.8). The surplus energy from local genera-
tion is prioritized to charge the BESS. Any remaining excess energy powers the electrolyzer
for hydrogen production. Further surplus energy is then exported to the grid, subject to net
metering policies and tariff structures. During grid outages, the MG transitions to island
mode, prioritizing local generation and storage to support critical loads. In dynamic stud-
ies, advanced control mechanisms facilitate seamless transitions between modes, enhancing

overall system resilience and reliability.

Energy dispatch strategies in MG differ in how generators operate to meet real-time load de-
mand and manage surplus energy. One approach ensures that the generator produces only
the power required to meet the net load at any given moment, while excess renewable energy
is utilized for secondary purposes such as charging the battery or supplying deferrable loads
[3], [54]. This method reduces fuel consumption and unnecessary generator operation, lead-
ing to lower costs and emissions (see Fig.3.6). However, since the generator does not always
run at optimal efficiency, its fuel utilization may be suboptimal. In contrast, another strategy
runs the generator at full capacity whenever it is turned on, with surplus energy directed
to battery charging, deferrable loads, or even electrolyzer operations (see Fig.3.7). Although
this approach maximizes generator efficiency, it can lead to higher operational costs, par-
ticularly when fuel prices are high [56], [73]. For generators with high fuel costs, such as
hydrogen-powered PEMFC systems, the preferred strategy is to follow the net load demand.
This approach minimizes fuel consumption by prioritizing the generator to supply only the
net load [3].

3.3.4 System Economic Modeling

To achieve minimum total investment costs and meet technical and emission constraints,
one of the key issues in renewable integrated MG design is optimal planning of DER in the
MG setup. The optimization tools and techniques used for the optimal design of renewable-
integrated MG are reviewed in [74]. One of the most powerful tools for this purpose is HOMER
Pro [3], [4]. Table 3.1 provides possible decision variables and limits for optimal components
sizing. The component specifications and economic parameters for the DER used in this re-
search are given in the article [3], where detailed information can be found. Based on the

input data, the optimal planning and optimization of grid-integrated MG are determined.

Determining the optimal sizing of DER involves various methods and techniques, one of

which is evaluating the life cycle cost (or net present cost) of each component. Life cycle
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Table 3.1: The input data for components possible decision variables.

Component Decision Variables Unit

Grid 2,2.52,4.23 MW
PV 0-20 MW
WTG 0,1,2,3,4 no
PEMFC 2.5,3,35,4,45 MW
BESS 0 - 1600 no
PEME 3,3.5,4,45 MW
HTank 3,3.5,4,4.5 MW
Conv 0-6 MW
DS LF, CC -

cost represents the present value of all installation and operational costs throughout the life-
time of the project, minus the present value of all revenues earned during the same period [3],
[54], [57]. A key objective in optimizing DER is to minimize the total life cycle cost, which
is treated as the objective function in the optimization problem. This objective aims to min-
imize costs while simultaneously meeting relevant constraints, such as energy balance and

economic feasibility. The cost (objective function) to be minimized is formulated as:

min Cype = Y fan (Ce + Cr + Cognr + Crg + Cg — Cr) (3.16)
t=0

where C., C;, Cogm, Crg, Ca, and Cp are the capital cost, replacement cost, operation and
maintenance cost, generator fuel cost, cost of purchase of power from the grid, and revenue

cost, respectively. fg,, is the discount factor.

By minimizing the objective function Cy pc while satisfying these constraints, the optimal

sizing and dispatch of DERs are determined to ensure both economic and technical efficiency.

The discount factor and the annual real discount rate can be calculated from the nominal
discount rate and expected inflation rate as [57], [59], [75]:
1 . 1= f

1 =

1+i)" 1+ f

fan = (3.17)

where n is the project life time which is 25 year in this project, where ¢ is real discount rate, i
is nominal discount rate which is taken as 8 % and f is expected inflation rate which is taken
as 7 %.
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3.4 Results and Discussion

This section presents the key optimization results, comprehensively evaluating the proposed
system’s performance. The analysis highlights the advantages and sustainability of the op-
timized supply option, demonstrating its technical and economic feasibility for the selected
industrial load. Furthermore, the results offer insights into the system’s potential to enhance

energy resilience, minimize carbon footprint, and ensure long-term operational viability.

3.4.1 Evaluation of Optimization Results

In pursuit of a sustainable and resilient energy transition, the proposed system shifts from
the unreliable utility grid, which typically relies on diesel generators as backup during inter-
ruptions, to a fully renewable-based solution. This is achieved through an optimized hybrid
configuration that integrates PV panels, WT, BESS, and hydrogen technology, as shown in
Fig. 3.3.

In the conventional system, the industrial load is served primarily by the grid, with a 5 MW
diesel generator available as backup during outages. While this setup requires no upfront
capital investment (CAPEX), its economic and environmental drawbacks are substantial. The
frequent and prolonged grid outages necessitate extensive diesel generator operation, lead-
ing to excessive fuel consumption, high operating expenses (OPEX), and significant carbon
emissions. Specifically, the DG operates for 3 746 hours annually, consuming $2.5 M /yr in
fuel costs and emitting 6 677.8 t/yr of CO3. Consequently, the conventional system incurs the
highest total net present cost (NPC) of $108 M and an annual OPEX of $4.87 M, as detailed in
Table 3.2. Moreover, the system incurs higher demand and energy costs, further intensifying

its financial inefficiency (Fig. 3.9b).

To address the economic and environmental drawbacks of the conventional system, the pro-
posed hybrid configuration transitions to a fully renewable-based approach (see Fig. 3.3). This
system integrates solar PV, WT, BESS, and hydrogen technologies to ensure a sustainable and
self-sufficient power supply. By harnessing on-site renewable resources, it reduces reliance
on imported diesel fuel, significantly lowering OPEX and emissions. Notably, the system
achieves a 67.87% reduction in LCOE, dropping from 0.221 $/kWh in the conventional sys-
tem to just 0.071 $/kWh. This reduction underscores the long-term cost-effectiveness of the

optimized hybrid system, even with its higher initial CAPEX.

Table 3.2: Optimal economic and environmental results of the base case and proposed system.

System Configuration NPC [$M] CAPEX [$M] OPEX [$M] Cpy [$M/yr] COge [t/yr] LCOE [$/kWh]

Base Case 108 0 4.87 2.5 6,677.8 0.221
Proposed System 57.9 41.9 0.72 0 0 0.071
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Fig. 3.8: (a) Financial Metrics Overview. (b) Components Cost Share.

To effectively implement this transition, the system is designed with an optimal configuration
that balances generation, storage, and reliability. The optimized system configuration consists
of a 4.23 MW grid connection, 15.2 MW of solar PV capacity, and four WT, each rated at 3 MW.
Additionally, the system includes a 3 MW PEMFC, 3.5 MW PEME, 815 BESS units (each with
a 60 Ah rated capacity), and a 6 MW power converter. Despite requiring the highest CAPEX
of $41. M, this configuration achieves a remarkable cost reduction by eliminating fossil fuel
dependency. As a result, the total NPC is significantly lowered to $57.9 M, and the OPEX is
minimized to $0.72 M, as indicated in Table 3.2. From the component cost breakdown shown
in Fig. 3.8b, it can be observed that the investment in wind turbines accounts for the highest
share, followed by BESS, PV, and PEMFC.

To efficiently manage power generation and consumption, the system employs a cost-effective
dispatch strategy: non-dispatchable sources (PV and WT) are utilized to their maximum po-
tential, while dispatchable units (grid, BESS, and PEMFC) are engaged as needed to ensure a
balanced power supply and reliability.

The BESS stores surplus energy from PV and WT and discharges it when needed to meet the
load. If both renewable generation and BESS discharge are insufficient, the PEMFC is activated
to supply the net demand. The dispatch of each unit is guided by its marginal production cost,

as summarized in Table 3.3.

According to the demand charge rate of 2.84 $/kW of EEU for 15 kV & 33 kV lines [44], the
demand charge is high as depicted in Fig.3.9b (left-side y-axis), which needs revising EEU de-
mand charge regulations to support grid integration of DER. However, the system takes only
6.07% of total annual electrical energy from the utility grid while 93.93% of total electricity

demand is supplied by renewable energy sources, as illustrated in Fig. 3.9a. This implies that
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the system depends less on grid electricity consumption which in turn saves much on util-
ity bills. Even though the initial capital investment dominates, which is about 73% of total
system cost, it is noted that the operation cost is very low and no fuel costs are incurred (see
Table 3.2). When we see the annual electrical energy production of each generation unit as
shown in Fig.3.9a, the PV system and WT hold a high share of electrical energy production.
From the total annual electricity production of 60 207.0 MWh, the PV system and WT share
51.5% and 39.8% with capacity factor of 23.3 % and 22.8 %, respectively. The annual electricity
production share of the grid and PEMFC generator account for 6.07% and 2.59% respectively.
As shown in Fig.3.9b (right-side y-axis), this system not only charges the battery bank and
produces hydrogen but also generates revenue by selling approximately 33.5 % of excess elec-
tricity to the grid. This additional income contributes to the system’s lower NPC. This implies

the deployment of PV and WT at the site is achievable and productive.

3.4.2 Evaluation of the Impact of Renewable Energy Integrated Microgrid
Based on Energy Balance Simulation Outputs

A renewable energy-integrated MG, illustrated in Fig. 3.3, offers a promising solution to the
challenges of an unreliable utility grid with frequent outages. This system leverages PV pan-

els, WT, BESS, and PEMFC to ensure a reliable energy supply. Under normal grid-connected

Table 3.3: Results of energy production cost of dispatchable units.

Dispatchable Unit  Fixed Cost Marginal Cost

BESS 0 $/hr 0.102 $/kWh
PEMFC 530 $/hr 0
Grid 0 $/hr 0.07 $/kWh
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conditions, PV and WT serve as the primary energy sources, meeting the industrial load while
excess energy is either stored in BESS, used for hydrogen production via electrolyzers, or ex-
ported to the grid [3]. When renewable generation is insufficient, the grid supplies the net
load, ensuring uninterrupted power for the industrial facility. By incorporating flexible loads
like electrolyzers and grid connectivity, the system actively manages the net load, adjusting
power consumption based on renewable energy availability while ensuring uninterrupted op-
eration of the industrial facility. This optimization improves efficiency, reliability, and overall

cost-effectiveness.

However, during a grid outage, the microgrid seamlessly transitions into island mode, ensur-
ing uninterrupted power delivery. This transition occurs when there is no power exchange
with the grid, indicated by the absence of both imports and exports, as shown in Fig. 3.11a.
In island mode, the microgrid prioritizes renewable resources, solar PV and WT, to meet the
industrial load demand. When renewable generation is insufficient, BESS provides an imme-
diate response, while PEMFC serves as a long-duration backup. The dispatch priority between
BESS and PEMFC is determined based on energy production costs (Table 3.3) and an optimized
dispatch strategy, as detailed in Fig. 3.5. By coordinating energy dispatch efficiently, this ap-

proach enhances resilience and ensures critical loads remain powered without disruption.

To further analyze the role of energy storage and flexible loads in maintaining a reliable power
supply, the simulation results for the grid-integrated MG in Fig. 3.3 provide insights into the
optimized hybrid MG configuration under different conditions. The optimal dispatch strat-
egy, illustrated in Fig. 3.5a, ensures a balance between supply and demand at each time step.
The MG adjusts generation unit output based on resource availability, prioritizing renewable
sources whenever possible. However, due to the inherent variability of solar and wind re-
sources, generation fluctuates, resulting in surplus power at certain times and supply deficits
at others. In such cases, dispatchable sources, including the grid (when available), PEMFC,
and BESS, operate according to their designated priority (Table 3.3) to minimize unmet load.
This coordinated dispatch strategy enhances energy reliability and reduces renewable power

curtailment, ensuring efficient resource utilization.

The simulation output identifies two operating modes: island mode, where there are no grid
transactions (i.e., no import or export of power), and grid-connected mode, where power is
either imported from or exported to the grid (see Fig. 3.11a). The optimal dispatch strategy
for the microgrid, depicted in Fig. 3.3, is detailed in Fig. 3.5a. To maintain a balance between
supply and demand in each time step, each generation unit dispatches power according to
the system’s optimal dispatch strategy. The simulation data is based on the first two weeks
of January. Fig. 3.10 depicts the hourly power generation from renewable sources, PV and
WT (Fig. 3.10a), and hourly energy consumption, including electrical load (Fig. 3.10b) and
electrolyzer usage (Fig. 3.10c).
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Electrolyzers serve as flexible energy assets, capable of quickly adjusting to grid conditions
[76]. They can absorb excess electricity during periods of oversupply or generate electricity
when paired with fuel cells to meet peak demand (Fig. 3.10c). In addition, electrolyzer systems
can store surplus electricity by converting it into hydrogen through a Power-to-Gas (PtG)
process. This dual functionality makes electrolyzers essential for maintaining energy balance
in our study. They also play a crucial role in providing ancillary services, such as frequency
regulation, voltage control, and congestion management, as part of dynamic grid management
[76], [77].

Fig. 3.11 illustrates the hourly output of dispatchable sources, which supply power accord-
ing to their designated dispatch strategy. The hourly grid import and export are shown in
Fig. 3.11a, where the absence of grid transactions indicates island mode, while the presence
of either import or export signifies grid-connected operation during the first two weeks of
January. Additionally, Figs. 3.11b and 3.11c depict the power input to BESS and the power
output from PEMFC, respectively, under both operating modes, emphasizing the distinct dis-

patch characteristics of each mode.

In each time step, the dispatchable sources operate to minimize (or avoid) unmet load. Given
the trade-off between high system reliability and minimizing renewable energy curtailment
in systems with high renewable penetration, the optimal sizing of energy storage devices is
crucial. This comprehensive energy management strategy ensures a reliable and sustainable
power supply, positioning the microgrid as a resilient solution for industrial applications in

areas with unreliable grid infrastructure.

3.4.3 Hydrogen Production and Decarbonization Potential of the Proposed
System

In the proposed system configuration, surplus electricity, beyond what is injected into the
grid, is harnessed to charge the battery bank and produce electrolytic hydrogen, thereby
maximizing the utilization of renewable energy. The electrolyzer consumes 6 852.44 MWh
annually, producing 147 665 kg of hydrogen per year. The simulation results of the optimized
MG (see Fig.3.1) show that 65 656 kg/yr of hydrogen is allocated to FCEVs, while 77 964 kg/yr
is consumed by the PEMFC generator, as detailed in Table 3.4. This efficient integration of
renewable hydrogen serves dual purposes, both for power generation and transportation,

further enhancing the system’s sustainability and energy independence.

The integration of renewable hydrogen into both power generation and road transportation
represents a significant advancement in reducing dependence on fossil fuels. By substituting
gasoline consumption in both backup diesel generator and conventional vehicles, this system
presents a practical pathway toward deep decarbonization. According to existing literature

[59], [78], 1 kg of hydrogen is equivalent to 2.75 kg of gasoline in terms of lower heating value.
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Table 3.4: Decarbonization potential of renewable hydrogen production.

Hydrogen Consumers Total Hydrogen Equivalent Gasoline  Corresponding CO2 Money Saved
(Hydrogen Loads) Consumption [kg/yr] Consumption [kg/yr] Emissions [kg/yr] [$/yr]
PEMFC 77 964 214 401 643 203 328 805.4
FCEV 65 656 180 554 541 662 276 897.6
Total 143 620 394 955 1184 865 605 703.0

Based on this conversion factor, the proposed system’s hydrogen adoption replaces 394 955

kg of gasoline annually, as shown in Table 3.4.

Beyond displacing fossil fuels, the system delivers notable environmental and economic ad-
vantages. The combustion of 1 kg of gasoline generates approximately 3 kg of CO2 emissions
[59], [79]. Based on this conversion factor, the values reported in Table 3.4 indicate that
the system prevents the release of 1,184,865 kg of COy emissions annually. Additionally, it
achieves annual fuel cost savings 0f$605,703 through the use of 143,620 kg/yr of hydrogen.

Fig. 3.12a illustrates the hourly hydrogen input to the PEMFC during the first week of January,
highlighting the system’s hydrogen consumption patterns. In parallel, Fig. 3.12b presents
the hourly hydrogen output from the electrolyzer over the same period, demonstrating the
production of hydrogen to support both the PEMFC and 30 FCEVs. Notably, as shown in
Fig. 3.12c, there is no unmet hydrogen demand during each hour of the simulation for the
first week of January, ensuring that the system operates smoothly without any shortfall in
hydrogen supply. This consistency in supply and demand highlights the system’s efficiency
in balancing hydrogen production and consumption, ensuring reliable operation throughout

the period.

These results underscore the transformative potential of renewable hydrogen in industrial
MGs. By offering a sustainable, cost-effective, and emissions-free alternative to conven-
tional fossil fuel-based systems, this integrated solution not only contributes to environmental

preservation but also fosters long-term economic resilience.
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Chapter 4

Advanced VSC-Based Islanded
Microgrid Control: Impedance
Method and Computational

Intelligence-Driven Optimization

4.1 Introduction

In recent years, the growing demand for cleaner and smarter power supply has accelerated
the deployment of DER, including RES, conventional DG, and ESS, within low and medium
voltage power networks. These resources, however, introduce operational complexities due
to their intermittent nature, decentralized configuration, and the absence of inherent inertia.
As a result, advanced power electronic interfaces are essential to ensure reliable integration,

effective control, and flexible operation under diverse grid conditions.

The Voltage Source Converter (VSC) has emerged as a key enabling technology in modern
power systems. Serving as the primary interface between distributed energy resources (DER)
and the grid, the VSC converts DC voltage to AC and enables independent control of active
and reactive power. Its use of self-commutated semiconductor switches, such as Insulated
Gate Bipolar Transistors (IGBTs), allows it to generate stable AC outputs without relying on
an external voltage source. These capabilities offer crucial advantages, including voltage and
frequency regulation, black start capability, and reliable operation in islanded or weak grid
environments [80]-[82]. Compared to the Current Source Converter (CSC), which depends
on synchronous AC voltages for commutation, the VSC provides faster dynamic response,

improved power quality, and greater flexibility—making it especially well-suited for modern
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DER-integrated MGs [80]-[83].

Building upon the capabilities of VSCs, MGs enhance the coordination and operation of DER
by clustering them within a defined electrical boundary. MGs can operate in either grid-
connected or islanded mode, with the latter being essential when the main grid is unavail-
able—requiring the MG to maintain voltage and frequency stability independently. In such
scenarios, VSCs play a critical role as grid-forming units, providing the necessary control
and flexibility to ensure seamless transitions and sustained operation without reliance on the
main utility supply [3], [4], [84]-[87].

To facilitate autonomous operation in islanded mode, VSCs often adopt a cascaded control
structure, with each layer responsible for a specific control objective. This hierarchical scheme
typically consists of an inner current control loop, an outer voltage control loop, and a power-
sharing control loop. The inner current loop provides fast dynamic response and protects the
converter from overcurrent conditions. The outer voltage loop regulates the output voltage by
generating appropriate current references for the inner loop. Meanwhile, the power-sharing
loop manages the distribution of active and reactive power among DER, adjusting voltage

amplitude and frequency to remain within statutory limits.

While optimizing external power control is important for enhancing the performance
of islanded MG, this study focuses on refining the low-level control loops within the
VSC—specifically, the inner current and outer voltage control loops. These loops are responsi-
ble for current tracking and voltage regulation, respectively, and their effectiveness is critical
for maintaining system stability and performance under islanded conditions. However, the
dynamic behavior of these control loops is strongly influenced by the characteristics of the
AC-side interfacing filter, which introduces significant challenges in control design and tun-
ing [88].

To ensure effective attenuation of high-frequency switching harmonics while maintaining
control performance, filter design has evolved from simple L filters to more advanced config-
urations such as LC and LCL filters. Among these, the LC'L filter is particularly attractive
due to its superior harmonic suppression, offering an attenuation slope of 60 dB/decade be-
yond the resonance frequency—compared to 40 dB/decade for LC' and 20 dB/decade for L
filters. Despite the added design complexity, LCL filters provide improved power quality

without substantially increasing system cost [89], [90].

However, the use of LC'L filters introduces additional control challenges. The resonance in-
herent in these filters can compromise system stability if not properly mitigated, particularly
in islanded operation where converter-based regulation is critical. Both passive and active
damping strategies are commonly applied to address this issue. Active damping offers su-

perior performance but at the cost of added control complexity. Passive damping—typically
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implemented by placing resistors in series or parallel with the filter capacitor—offers a sim-
pler alternative but can lead to increased losses, reduced efficiency, and degraded dynamic

response if not carefully designed [91]-[93].

To address these interrelated challenges—specifically, improving current tracking, voltage
regulation, and the effective damping of resonance in LC'L filters—this study proposes two
distinct control approaches that strengthen the low-level performance of VSC-based micro-
grids. These improvements at the converter level inherently support more stable frequency
behavior and enable more accurate power sharing in islanded operation. The first approach
introduces a virtual complex impedance-based control strategy, which enhances transient
response, system stability, and power sharing accuracy by shaping the converter’s output
impedance to better coordinate with the dynamic characteristics of the interfacing filter and
electrical network. The second approach applies a simulation-based, computational optimiza-
tion framework that systematically tunes control parameters to adapt to varying operating
conditions, further enhancing the robustness and responsiveness of the converter’s inner and

outer control loops.

Each approach is introduced and evaluated in turn, with attention to both their capabilities
and the inherent design trade-offs they entail. This dual-perspective analysis illustrates the
transition from impedance-based coordination strategies toward optimization-driven control

methods for advanced MG applications.

4.2 System Description and Modeling

Fig. 4.1 illustrates an MG composed of interconnected loads and DER, including RES, ESS,
and controllable loads with their respective interfaces. The MG can operate in islanded mode
either intentionally—for maintenance or economic purposes—or unintentionally due to main
grid failures caused by network faults [87], [94]. Islanding is achieved by opening the isolat-
ing switch (shown in Fig. 4.1), which disconnects the MG from the main grid. Once islanded,
the DER units must independently regulate the system’s voltage and frequency while coor-
dinating their output to meet load demand through appropriate active and reactive power

sharing.

Fig. 4.2 shows a typical islanded single DER unit with a two-level VSC connected to an ideal
DC voltage source and cascaded control loops. This unit supplies a local load and connects
to a common AC bus via an LCL filter, with Ly and L. as the inverter-side and coupling
inductors, Ry and R, as their parasitic resistances, and C  as the filter capacitor. The DC-side
voltage is assumed to be tightly regulated by the DER unit, allowing the DC-side dynamics
to be considered negligible. Additionally, because the inverter operates at a high switching

frequency (typically between 4 and 15 kHz), the effects of individual switching events are
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Fig. 4.3: Common configurations of passive damping techniques applied to the LC'L filter.

averaged out and can be neglected in the system-level analysis [95], [96].

Figs. 4.3a and 4.3b show the per-phase representation of the LCL filter from Fig. 4.2, incor-
porating both series and parallel damping resistors to mitigate resonance. This allows for a
comparison between the two configurations. Ignoring parasitic resistors in Fig. 4.3, one can
analyze the transfer functions relating the output current i, and the inverter-side current ¢ to

the inverter terminal voltage v; as:

io(s) _ 1 (4 1)
vi(s)  LyL.Cys3+ (L + Le)s '

' L.Cys® +1

i(s) Cys® + 42)

ve(s) - L¢L.C¢s3+ (Lf+ Le)s

These transfer functions represent the worst-case damping performance. Based on Egs. (4.1)

and (4.2), the undamped resonance frequency wy.s of the LC'L filter is given by:

Lf + LC
= [ A— 4.3
Wres LchCf ( )

In this thesis, the authors propose a simple and cost-effective method to mitigate the res-
onance effect in LC'L filter components by inserting resistors in series or parallel with the
filter capacitor, as shown in Figs. 4.3a and 4.3b. This approach offers economic benefits, ease of
construction, and a reduced component count [97], [98]. At high frequencies, the impedances
of the resistors 2y and R, are much lower than those of the inductors L and L., allowing the
resistors’ impact to be safely neglected. As a result, the transfer functions for series damping
(Fig. 4.3a) and parallel damping (Fig. 4.3b) are modified from Egs. (4.1) and (4.2) to Egs. (4.4)
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and (4.5), respectively.

io(8) _ R;Cys+1
vi(8) B LfLCCfS?’ + (Lf + LC)RdCf82 + (Lf + L)s

(4.4)

io(s) 1
vi(s)  LyLeCysd+ BE0s2 4+ (Ly + Lo)s

(4.5)

As shown in Eqgs. (4.4) and (4.5), series and parallel damping exhibit distinct characteristics.

Series damping results in a 20 dB/decade attenuation slope due to a zero at s = —1/R;CY,

but it also leads to higher power dissipation because of the filter capacitor’s lower impedance

at higher frequencies. In contrast, parallel damping maintains a steeper attenuation rate of 60

dB/decade (as shown in Fig. 4.4) and reduces power dissipation by exploiting the filter capac-

itor’s lower impedance at higher frequencies. For high-power applications, parallel damping

is typically the preferred choice.

The mathematical modeling of the VSC system depicted in Fig. 4.2 is based on the parallel

damping configuration presented in Fig. 4.3b. The corresponding expressions for its active

300 : : O
——— Undamped
200+ ——— Series damping |
as Parallel damping
E 100} ]
=
0 ]
—100 L 1 1 il
-90 — e . —
F
o -180
<
-270 i -
10 10° 10 10° 10°
w (rad/s)

Fig. 4.4: Comparison of different configurations for passive damping strategies.
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and reactive power outputs, P and (), are derived using the d-g frame transformation and

are given by:

_ W 3. :
= 52 (Vodlod + Voglog)
w 3 . .
— ; —|—iuf E(voqzod — Vodlog) (4.6)

where wy is a cutoff frequency of a first-order low pass filter, which is one or two decades be-
low the nominal frequency and employed to guarantee high noise rejection and fast transient
response. In the power-sharing control loop, the VSC regulates the amplitude and frequency
of its fundamental output voltage based on a predefined droop characteristic [87], [99]. As
described in Eq. (4.6), the control of P and () are governed by the control of the converter’s dg-
axis output currents, i,q and i,4. By regulating the g-axis voltage component (v,4 to zero, the
control of P and () becomes decoupled, allowing them to be independently managed through
iod and i,q, respectively. Based on methods from [100], [101], this study implements droop
control in coordination with cascaded current and voltage control loops, all designed and an-
alyzed within the synchronous dq reference frame. The corresponding control equations are

given as:

w = wy — mpP

Upg = Ke(Vo — Voq) — ngQ (4.7)
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For voltage amplitude control at steady state, the input to the integrator should be zero [100],
and Eq. (4.7) can be given as:

e
v, 4.8
K.V, (4.8)

n
'Uodzvo_é@:‘/o_

in which v,4 can be maintained within the desired range by selecting a large value of K. The

droop coefficients n, and m,, can be determined as usual by:

K.

. _ Aw
Qn’

ng = AV mp—P

(4.9)
where Aw and AV are the frequency droop and desired voltage drop ratio, P, and @), are
rated real power and reactive power, and Vj is a nominal reference voltage amplitude.

With reference to Fig. 4.3b, the dynamic equation of a parallel C'y and R, can be expressed

in dg-frame as:

dVod | Vod . .
Cy d; +Rid = 1q — God + WCfVoq
dv, V, ) .
Cy d;’q + Rij =g — iog — WCfVpd (4.10)

Likewise, the inner current controller is designed based on the dynamics of the converter-side

inductor current ¢, described in the dq-frame as:

di

. : %
Lffd + Rf’Ld - wa’Lq + Voq = LCmd
dt 2
di : , Vi
Lfd—tq + Ryig +wLyiqg + voq = %Cmq (4.11)

where Vpc is the DC input voltage of VSC, and m4 and m, are modulation indexes.

While droop control governs steady-state power sharing, its effectiveness depends on the
dynamic behavior of the lower-level voltage and current control loops. To ensure fast and
stable tracking of the voltage and current references generated by the droop mechanism,

proper design of these lower control loops is essential.

To this end, this study investigates two distinct approaches aimed at improving the dynamic
response of the control system: a virtual complex impedance-based method and a computa-

tionally enhanced, simulation-based optimization framework.
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4.3 Virtual Complex Impedance-Based Control

In modern MG, especially under islanded operation, ensuring stable and efficient power shar-
ing among parallel converters presents a significant challenge. Variations in line impedance
can lead to unequal power distribution, voltage deviations, and instability. Conventional
control strategies often fall short under such impedance mismatches. To address this, vir-
tual impedance is commonly introduced by emulating additional impedance within the con-
verter’s control loop. This approach is intended to mitigate the impact of line impedance
mismatch, promote more balanced power sharing, support voltage regulation, and contribute

to improved system reliability.

Resistive and inductive virtual impedances are commonly employed to improve power shar-
ing and system stability. However, since distribution lines inherently exhibit both resistive
and inductive characteristics, relying solely on either type can be problematic. Resistive vir-
tual impedance may lead to increased voltage drops and reduced power output, while induc-
tive virtual impedance can introduce reactive power sharing errors and compromise dynamic
performance. These limitations highlight the need for more advanced virtual impedance

strategies capable of handling the complex impedance profiles typical in practical microgrids.

Virtual complex impedance, which combines resistive and inductive components, has been
widely explored to address the limitations of purely resistive or inductive methods. This ap-
proach is especially suited for microgrids, where the output impedance naturally exhibits
both resistive and inductive characteristics [88]. By avoiding reliance on detailed knowledge
of the network and load conditions, it provides a more flexible and adaptive control solution.
In this research, a virtual complex impedance loop is integrated into the feedback path of the
voltage control loop, as shown in Fig. 4.6, to improve power sharing accuracy and ensure sta-

ble operation among parallel-connected inverters. In this way, the inverter output voltage is

51



controlled by adjusting the virtual impedance Z,,.The virtual complex impedance is expressed

using resistive (R,) and inductive (L,) components as follows:
Zy =Ry, + jX, (4.12)
As depicted in Fig.4.6, the modified voltage reference v} is obtained as:

* . .
Vod = Vpq — (ioalty — Zquv)

Voq = Vog — (log s + i0a Xv) (4.13)

The virtual impedance modifies the power converter output voltage reference as indicated
in Eq. (4.13), where the modified voltage reference v; and v, are obtained by subtracting
the virtual voltage drop across the virtual impedance Z,, from the reference value originally

provided by the droop equations, v, and vy, .

To determine the value of R, and L,, the dominant inductive behavior of the output
impedance is guaranteed with # > 65° [102]. Taking this into consideration, the design

equation can be expressed as:

WO(LU + LC)

tand —
an R, + R,

> 2.14 (4.14)

where R, and L. are the resistive and inductive components of the output impedance of the

system.

4.4 VSC Parameterization for Computational Optimization-
Based Control

4.4.1 Current Controller Design

The cross-coupling in Eq. (4.11) due to the presence of wL; terms should be decoupled to
control ¢4 and i, separately. The decoupling can be obtained by using the feedforward com-

pensation technique as follows [95], [103]:

2 )
mg = V—(ud — Lwig + Voq)
DC
2 )
mg = ———(ug + Lywiq + voq) (4.15)
Vbe

where 4 and u, are control variables produced by the current controller G.(s), as shown in

Fig. 4.7. The decoupling process is carried out by substituting the expressions for m,4 and m,
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from Eq. (4.15) into Eq. (4.11), followed by algebraic rearrangement, resulting in:

dig d

0}
Lfﬁ—i-Rfid:ud; Ly tq + Ryig = uy (4.16)

dt
The error signals e.4 and e.q input to the compensator G.(s) are given by:

. P
€cd =1y — 1d; €cq =ty — g (4.17)

where i} and i} are reference currents generated by the voltage control loop shown in Fig.
4.7a. Based on Egs. (4.16) and (4.17), one can sketch the simplified control block diagram of

the current control loop as shown in Fig. 4.7b. Thus, the open loop gain is given as:

ke \ 5+ Eie/Fipe
o () () w

where G, (s) is PI compensator. The open-loop transfer function [(s) has a stable pole at s =

—Ry/Ly. To enhance the frequency response, this pole can be canceled by the PI compensator
zero [95], [104], [105]. By selecting k;./kp. = Ry/Ly and ky./L; = 1/7;, where 7; is the
desired time constant of the closed-loop current controller, the resulting closed-loop transfer

function becomes:

L (s (4.19)

idg(s) = Gi(8)ig,(s) = ﬁidq

where G;(s) is the closed-loop transfer function of the current control loop. The time constant
T; is chosen to be 4 to 10 times the switching time constant of the VSC [95], [104]. The upper

boundaries of the PI parameters are selected as:

Lfmax Rfmaa:
kpe'* = e ; kit = E— (4.20)
Then, the PI controller parameters, k. and k;., are determined through computational opti-

mization techniques to ensure effective current control performance.

4.4.2 Voltage Controller Design

Since the voltage equations also exhibit cross-coupling between the d- and ¢-axes, a feed-
forward decoupling strategy—similar to that employed in the current control loop—is intro-
duced to mitigate the interaction between v,q and v,,. As indicated in Eq. (4.10), effective
voltage regulation is achieved by adjusting the converter-side current ¢4,. This is necessary
because the output current 7,4, is not directly controllable, being affected by external factors
such as load variations and network dynamics. Therefore, the voltage control loop generates

the reference current i3, based on the desired voltage profile and system behavior, which is
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defined as follows:

Z:; = Vg + toqd — wavoq
iy = Vg + log + WCVog (4.21)

where vg and v, are control input variables [104]. Substituting for ¢} and 7, from Eq. (5.4)

into Eq. (4.19) one obtains:

ia(s) = Gi(s)ua(s) — (Crwo)Gi(8)voq(s) + Gi(s)ioa(s)
) (CfWo)Gi(S)vod(S) + Gi(S)ioq(S) (4.22)

~
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Taking Laplace transform from both sides of Eq. (4.10), and substituting for ig(s) and i,(s)
from Eq. (4.22) in the resultants, one has:

T4s+ 1 ;S TS .
R, 50od(8) = Gi(s)ua(s) + T,SZJF T Crw0voq(s) = #Hzod(s)
1 (2
Tas +1 TiS TiS
i, SUoq(s) = Gi(s)ua(s) + Tisz—i— 1C’fwovod(s) — TZ‘SZ—l- 120q(s) (4.23)

where 74 = RqCj is the time constant of parallel R4 and Cy. The term 7;s /(1is + 1) has a
zero DC gain which can rapidly decay to zero in steady state by selecting a small value of 7;

[104]. Hence, Eq. (4.23) can be approximated as:

Vod(S) o Rqy Ry
ug(s) ~ GZ(S)TdS-i- 1 (ms+1)(rgs+ 1)
voa(s) _ Ra Rq (4.24)

ug(s) i(S)TdS F1 (ms+)(rgs+1)

Based Eq. (4.24), the control signals v4 and v, which are the outputs of the voltage compen-
sator G, (s) can independently control v,4 and v,, respectively. The error signals e,,4 and e,

input to the compensator G, (s) are given by:
€vd = Vg — Vod; ug = Upg — Voq (4.25)

Equation (4.24) describes a type zero system, which inherently results in steady-state error
under a step input. To ensure fast regulation and eliminate this error, a PI compensator is
employed. The corresponding simplified closed-loop system from Eq. (4.22) is illustrated in
Fig. 4.7b, where G, (s) denotes the PI controller. The selection of k,, and k;, gains is guided
by the open-loop gain, as provided below:

Ry Tvs+ 1
= Ky, 4.2
Z(S) S(Td8+ 1) ( TiS—I—l) (4.26)
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Fig. 4.7: (a) VSC voltage and current control loops. (b) Simplified VSC voltage and current control
loops.

where 7, = kp,/kiy is the voltage compensator time constant. In Eq. (4.26), if we design
such that 7; < 7, since the time response of the current control loop is faster than that of the

voltage control loop, the term in the bracket

Tvs + 1

G(s) = Kjp——
(S) s+ 1

has the maximum phase ¢,, at w,, with positive gain G,,. To ensure stability against vari-
ations in system parameters, it is essential to choose appropriate values for ¢,, and G,,.
When ¢,, is large, the system responds sluggishly to disturbances but remains robust against
changes in parameters. Smaller ¢,, values result in faster responses, but may result in oscil-
lations or instability. For satisfactory performance, ¢,, should be between 30° and 75°, and
the G, should be greater than 6 dB [103], [106]. After selecting the proper value of ¢,,, the

voltage controller bandwidth w, = % is determined as:

1 — singm,
wo = w; [ 2= 5m (4.27)
1+ singp,
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where w; = % is bandwidth of the closed-loop system of Eq. (4.19). Then, the frequency wy,

at which the maximum phase ¢, is achieved can be obtained as:

d/G(jw)
dw

resulting to

Wi, = /Wiy (4.28)

If the gain crossover frequency wg. of Eq. (4.26) is chosen as w,,, then ¢,,, becomes the phase
margin. For this to hold, the PI gains ky, and k;,, must satisfy the condition |I(jwy)| =
|l(jwm)| = 1, which yields to:

1 1

kiv = — - ; kpy = Tokiv 4.29
Rd L(jwm)’ po =T (4.29)

where L(s) = (148 +1)/(s(74s+1)(7is+1)). The open-loop transfer function /(s) described
by Eq. (4.26) is a type one system. In such systems, the response of a feedback control system
to a ramp input exhibits a steady-state error. Setting the integral gain k;, to a sufficiently
large value is crucial to keeping the steady-state response within an acceptable range. In this
research, the optimal values of k;, and k,, are determined using computational optimization

methods, and their upper bounds are defined as:

b
L(jwm)

mar __ 1

BT =g e (430)

4.4.3 LCL Filter Design Considerations

A well-designed LC'L filter exhibits a minimum component size while meeting standards
like IEEE-519 for sufficient harmonic attenuation [107]. To achieve this, understanding the
relationship between filter parameters and various design requirements is crucial. By setting
Ly =L¢+ Le,pp = Le/Ly and X\ = wey /wres, EQ. (4.3) can be modified to:

A2 (1 + p)?
LTCf:wz( 'u,u) (4.31)

where wg,, is the switching frequency of the VSC in rad/s.

Eq. (4.31) can be expressed per unit to generalize the design for a wide range of power levels.
By selecting the following base values: P, = P,, with P, is the rated power of VSC, V}, =
Vi, with Vi is the line to line output nominal voltage, wp, = 27 fy, with fj is the nominal

frequency in Hz, Z, = Vi2/P,, Cy = 1/(Zywp) and Ly, = Z,/wy, the per unit expression of

56



Eq. (4.31) can be derived as:

A2 (1 2
peg = 2 L) (4.32)
P 2
where [ is the per unit total inductance, Iy = L7/Ly, cf is the per unit capacitance,

cy = Cp/Ch, p = wsw/wp. Eq. (4.32) shows that the product of passive components I7
and c; depends on the ratios A and p. In designing an LCL filter, the goal is to minimize
component size while ensuring compliance with IEEE-519 harmonic limits [107] and reactive
power compensation constraints [89], [90]. The ratio y governs both the total inductance I1
and the filter’s attenuation. The product cylr reaches its minimum when p = 1, found by

setting the derivative of Eq. (4.32) with respect to x4 to zero.

Rearranging Eq. (4.32), the ratio A can be expressed as:

A=p v Virer (4.33)

1+p

The maximum value of A, corresponding to the minimum w5, is obtained by solving the
dx
dp
to ensure that the resonance frequency falls within an acceptable range. In this research, the

equation %5 = 0 as per Eq. (4.33). However, choosing an appropriate value for \ is essential
authors uniquely determine the suitable value of \. From Eqs. (4.1) and (4.2), the ratio of
the magnitude of the output current ripple Ai, with converter-side current ripple Ai at the

switching frequency is given as:

Nig(hsw) 226
Ai(hsw) 82+ 224

(4.34)

where 27, = ﬁcf The per-unit representation of Eq. (4.34) at switching frequency (i.e.,

hsw = jwsyw) is given as:

1
=N

’ Adopu(hsw) (4.35)

Aipy(hsw)

Then rearranging Eq. (4.35), we have:
2 1
(] + ,U/))‘ + — — 1=0

which is a quadratic equation, and solving for A will result in two values, where the negative

value can be ignored as the magnitude is of interest. Hence, the positive value of A as a
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function of y and attenuation factor o is given as:

A=y ——[1-=

1 1
(4.36)
1+p o

The selection of A based on Eq. (4.36) ensures that the output current ¢, complies with the
IEEE-519 standard [90], [107]. According to this standard, the magnitude of odd harmonic
components in ¢, (of order greater than or equal to 35) should not exceed 0.3% of the converter-
rated output current I, in RMS [108]. Meanwhile, the converter-side ripple current varies
between 5% and 25% of I, [109]-[111].

For a specific case where p=1 and Aigpy(hsy) = 0.2%, the value of A ranges from 3.0822 to
7.0356 as Aipy (hsy) varies from 5% to 25%. It’s important to note that choosing a small value
for Aipy(hsw) results in a higher requirement for converter side inductance L ¢, while opting
for a large value of Aiy,(hs,) may lead to a small L. As a common practice, Aipy (hgy) is

recommended to be set at 10% [109]-[112], which the authors have adopted in this work.

4.4.4 Total Inductance Design

The total inductance is selected such that the filter has the highest efficiency and complies
with the IEEE-519 standard for harmonic limitation [107]. Based on Egs. (4.1) and (4.3), we

have:

Tes

iO(S) — 1 w?es (437)
ve(s)  Lps\ s2 +w?
The ripple attenuation, passing from the converter side to the load side at the switching fre-

quency can be determined as:

Aig(hew)| 1 (438)
Avi(hsw)|  Lrwsw|l — 2| )
Per unit representation of Eq. (4.38) can be expressed as:
Aiopu(hsw) 1
= 4.39
‘Avtpu(hsw) lTp‘l - >‘2’ ( )

Eq. (4.39) is modified to determine the minimum per unit total inductance as expressed in:

Ly = | Avgpy (hisw)|
Pl Aiopu (hsw)[|1 — A?|

(4.40)

Here, the voltage switching ripple component Avyy,, (hsy) at the converter terminal can be

evaluated using methods outlined in references [90]-[93].
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The choice of l7y,;, based on Eq. (4.40) is reasonable in terms of filter losses and size. How-
ever, it may not necessarily meet the harmonic attenuation criterion defined in the IEEE-519
standard [107]. Consequently, I7.,;, serves as a lower limit for optimizing the total induc-

tance.

The maximum per unit total inductance (I7y,4;) in a filter connected to a VSC depends on the
availability of the DC bus. Factors such as the AC voltage drop across the total inductance
during inverter operation and anticipated switching losses influence this limit. Minimizing
7 helps reduce the DC bus requirement, as higher DC bus values lead to increased switching

losses. Typically, I7mqy is limited to 0.1 per unit [89], [90]. Hence, the range of I is given as:

lein < lT < leax (4-41)

As observed from the inequality in Eq. (4.41), multiple solutions fall within this range for the
selected values of ;1 and A. The proposed approach determines the optimal value of [T within

this range through computational optimization methods.

4.4.5 Filter Capacitor Design

A filter capacitor C'; is used to suppress switching frequency harmonics in the output voltage.
It provides a low-impedance path for the switching current harmonics produced by the VSC,
thereby isolating the load from their effects. The effective power delivered by the VSC in Fig.
4.2 is given by:

S=P—-j(Qr, — Qcy) (4.42)

When the capacitor C'; operates at the system’s full voltage, the inductors L and L. are effec-
tively in series and assumed to carry full-rated currents. Consequently, Eq. (4.42) transforms

into:
S~ P — j(w,LpI? — woC'fo) (4.43)

where I, denotes the system’s fundamental rated current. The per unit representation of Eq.
(4.43) becomes:

s~ p—jlr —cy) (4.44)
From Eq. (4.44), we deduce that the net per unit reactive power output is given by:

qrcp—lr (4.45)

59



For a VSC transferring unity active power, that is P = P, the per unit real component is

unity (p = 1), and Eq. (4.44) simplifies to:
s~ 1—j(lr —cy) (4.46)

Consequently, the power factor (PF) of the VSC output is:

1
PF = — (4.47)

1+ ¢2
Maintaining a near-unity PF is generally recommended in grid-connected systems [89], [90].
However, in islanded operation, VSCs must supply reactive power, which conflicts with strict
unity PF requirements. The key challenge is to determine the minimum reactive power needed

based on the nature of the connected load (inductive or capacitive).

As shown in Eqgs. (4.46) and (4.47), reactive power increases the VSC’s apparent power rating.
To avoid this, a high operating PF is preferred. The minimum reactive power is constrained

by the VSC’s maximum allowable PF, expressed as:

1
Amin = W -

max

1 (4.48)

Accordingly, using Egs. (4.45) and (4.48), the minimum per-unit filter capacitor value to limit

reactive power is given as:

Cfmin = ITmin — Gmin (4.49)

The per-unit maximum capacitance, Cfyqz, is selected to limit the reactive power drawn
by the shunt branch, defined as a maximum % of the base capacitance Cy, i.e., Cfmaz =

C'fmaz/(KCp). The optimal value of ¢y is searched within the range:

Cfmin < Cr < Cfmax (4.50)

Since multiple c values satisfy Eq. (4.50), the proposed approach determines the optimal one

through computational optimization to achieve the best system performance.

4.4.6 Damping Resistor Design

In power electronic systems, the LC'L filter plays an important role in reducing unwanted
harmonics. However, its performance depends on adequate damping. Insufficient damping
can cause resonance, resulting in amplified ripple [89], [113]. To address this, a parallel pas-

sive damping method is used, where a resistor is placed in parallel with the filter capacitor
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(see Section 4.2). This approach is favored for its simplicity, reliability, and minimal impact
on the control structure. The key challenge is selecting an appropriate value for the damp-
ing resistor, Ry. The proposed method aims to suppress oscillations while maintaining sys-
tem efficiency. Specifically, the damping resistor R4 should be selected such that it is larger
than the impedance of the filter capacitor X¢, at the fundamental frequency wo—that is,
X |w=w, < Rq. To express this relationship, let o represent the ratio of the filter capacitor’s
impedance at the fundamental frequency to the damping resistor, defined as:

Xy 1
= —
=R o

N WQC f
the currents conducted by Ry at the fundamental frequency wy is given as:

ch (6%

I == I =
Ra ch+Rd sh oa—+1

I (4.51)

where I, is current through shunt impedance at the fundamental frequency and « is between
zero and one. Passive damping design ensures that damping losses do not exceed acceptable
thresholds (not greater than 1% of the nominal power) to avoid efficiency reduction. The
condition for damping efficiency is succinctly captured as I, < 1%1,, where I, denotes the

system’s fundamental current [113]. This corresponds to:
In, < -2 1%L:  Pj< -2 1%P (4.52)
Ry a+1 0lo, d a+1 0L™n .

where Py is total damping loss and P, is system nominal rated power. Then, the correspond-
ing minimum damping resistor can be determined as:
a+1 V2

Rimin = —— ; 0 <1 4.53
dmin o 1%Pn a:17 <a=s ( )

As observed from Eqn. (4.51), when o = 0, the system corresponds to an undamped case,
representing the theoretical extreme where Ry — oc. This condition is not used for practical
design but helps illustrate the upper extent of the damping resistor. One can select a prac-
tical Ry, .. based on methods such as frequency-domain criteria, impedance-based analysis,
or control-oriented constraints. Additionally, the damping factor ¢, when constrained within
a practical range (e.g., (min = 0.1 to {nax = 0.7), can be employed to define the permissi-
ble upper limit of R4, helping designers avoid underdamped or overdamped behavior while
limiting energy dissipation in the damping resistor. This method offers a systematic way to

estimate Ry, , ensuring acceptable dynamic performance. Based on the selected method, an
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admissible range for the damping resistor is defined as:
Rdmin S Rd S Rdmax

Within this interval, several values of R4 may satisfy the damping requirements. A compu-
tational optimization approach can be utilized to determine the most suitable value of Ry,
ensuring an effective trade-off between damping performance and broader system-level ob-

jectives such as harmonic suppression and energy efficiency.

4.5 Computational Intelligence-Based Optimization Approach

4.5.1 Formulation of Objective Function

In the context of computational intelligence-based optimization, the formulation of a well-
defined objective function is central to guiding the search process toward optimal system
performance. The objective function is defined for parameter optimization based on the de-
sired specifications and constraints. This function can be selected using specific points of the
time response or the entire time response, often employing integral criteria as performance
indices [114]. Common indices include the Integral of Squared Error (ISE), Integral of Abso-
lute Error (IAE), Integral of Time multiplied by Squared Error (ITSE), and Integral of Time
multiplied by Absolute Error (ITAE) [114], [115]. Among these indices, the ITAE-based ob-
jective function has been reported to significantly improve system performance compared to
the others, as noted in [115]-[117].

Instead of conventional trial-and-error methods, this study employs an optimization approach
to enhance the efficiency and performance of VSC systems by systematically tuning critical
design parameters. Specifically, the following parameters are optimized: the filter’s damping
resistance R4, converter-side inductance L 7, shunt capacitance C'y, and coupling inductance

L., as well as the voltage and current controller gains (K., Ky, Kpe, Kic).

To effectively guide the optimization process, this study adopts an objective (or fitness) func-
tion based on the ITAE, which is widely recognized for its ability to penalize sustained errors
and improve system transient performance [114]-[117]. In addition to capturing the dynamic
behavior through the tracking error, this formulation integrates a power quality component
by incorporating the Total Harmonic Distortion (THD) of the output voltage. This dual-focus
objective ensures that both dynamic response and harmonic performance are simultaneously

considered.
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Accordingly, the objective function J(x) is expressed as:

J(x) = /t Y e(®)] dt + / Y THD, (1) di (4.54)

=0 t=0

where ¢; denotes the total simulation time, e(t) represents the instantaneous deviation be-
tween the reference and actual output signals, as obtained from Egs. (4.17) and (4.25), and
THD, (¢) is the time-varying total harmonic distortion of the output voltage, evaluated via

Fast Fourier Transform (FFT) analysis.

The THD of the voltage waveform is calculated as:

o V2
THD,, = V2= Vid x 100% (4.55)

1

where V7 denotes the RMS value of the fundamental frequency component, and V/, is the RMS

value of the n'M harmonic component.

This optimization task is framed as a constrained problem, where the goal is to minimize the
objective function J(x) subject to physical and design-based parameter limits. The general

formulation is given as:

Minimize J(x) subject to:

min max
- < . < -
rj o x5 <

min max
!l

where z; denotes the 4™ design variable, and zM, 2 represent its lower and upper

bounds, respectively.

In the context of this study, the decision variables encompass both filter component values

and controller gains. The optimization bounds are defined as follows:

B < e < KIS RIR < e < R

B <l <R R < Ry < R

LIfnil’l < Lf < L?lax; chnin < Lc < LGax;

C}nin < Cf < C}nax; Rgﬁn < Rd < Rzlnax
These bounds are determined based on practical design guidelines, component limitations,
and control performance requirements. Constraining the search space in this manner helps

ensure feasible and implementable solutions while reducing computational complexity during

the optimization process.
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4.5.2 Metaheuristic Optimization Techniques

Computational intelligence techniques like GA and PSO are popular for overcoming tradi-
tional optimization limitations. Other metaheuristic approaches, such as Harris Hawks Opti-
mization (HHO), Grey Wolf Optimization (GWO), Cuckoo Search (CS), Butterfly Optimization
Algorithm (BOA), Grasshopper Optimization Algorithm (GOA), and Ant Colony Optimization
(ACO), are also widely used for complex, nonlinear, and high-dimensional problems [118].
These nature-inspired algorithms are particularly useful in engineering applications where

conventional techniques struggle with computational efficiency and adaptability [119].

Despite their advantages, each metaheuristic algorithm has inherent limitations affecting
practical applicability. For example, HHO excels in exploration but has a slow convergence
rate and can get trapped in local optima. This makes it less effective in dynamic optimization
tasks [120], [121]. Similarly, BOA, while handling nonlinear problems well, is prone to insta-
bility and premature convergence, which can compromise long-term optimization stability
[122], [123].

GOA is effective in avoiding local optima but requires careful parameter tuning to maintain
consistent performance across different problem domains. This tuning process can be time-
consuming and complex [124]. GWO, known for preventing early stagnation, gradually loses
population diversity over time, increasing the likelihood of premature convergence and re-

ducing its effectiveness in later iterations. [125], [126].

GA remains a popular choice for discrete optimization due to its robustness in combinatorial
problems. However, its slow convergence and high computational costs, along with sensi-
tivity to mutation and crossover parameters, often hinder its efficiency in continuous opti-
mization tasks [127], [128]. ACO, effective for discrete search spaces, struggles with slower
convergence in continuous problems due to its dependency on pheromone-based learning,
which requires careful tuning to prevent stagnation [129], [130]. Likewise, CS can escape
local optima through its random walk mechanism, but this characteristic also makes its con-
vergence behavior unpredictable, leading to reduced stability in optimization performance
[131].

While each of these algorithms offers strengths tailored to specific optimization scenarios,
they also present inherent trade-offs between solution accuracy, convergence speed, and com-
putational complexity. For microgrid control applications, where real-time responsiveness
and adaptability are critical, an algorithm that provides robust performance with manageable
computational demands is essential. PSO has gained attention for its relatively simple struc-
ture and ability to provide acceptable solutions within a reasonable time frame [132], [133].
Its population-based update mechanism, inspired by swarm intelligence, facilitates efficient

search and adjustment in dynamic environments. Although PSO may exhibit limitations in
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Fig. 4.8: Simulation-based online parameter optimization of an islanded VSC integrating PSO within a
SIMULINK framework.

global exploration compared to more complex metaheuristics, its ease of implementation, low
tuning effort, and satisfactory convergence behavior make it a practical choice for real-time
optimization tasks such as control parameter tuning in islanded MGs [132], [134]. Accord-
ingly, this study adopts PSO as a suitable candidate for the proposed simulation-based opti-

mization framework.

PSO, a computational intelligence-based technique, is highly effective for solving large-scale
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and nonlinear optimization problems [135], [136]. Fig. 4.8 illustrates the design flowchart
for simulation-based online parameter optimization of an islanded VSC system, where PSO is
integrated within a SIMULINK framework to iteratively refine control parameters. In this ap-
proach, the filter and controller parameters are directly defined within the SIMULINK model,
allowing seamless interaction with the system’s dynamic behavior. The objective function is
embedded within the same model, serving as a performance metric to guide the optimiza-
tion process. The PSO algorithm is implemented as a MATLAB script (M-file) and integrated
with the SIMULINK model through MATLAB API functions. This setup enables continuous

parameter adjustments and real-time optimization throughout the simulation.

In this framework, PSO employs a group of particles—each representing a candidate solu-
tion—that iteratively adjusts their positions using both personal and collective experience to
converge toward an optimal solution [136]. Mathematically, each particle is described by its

position and velocity vectors within the search space, defined as:
[Xi] = [i1, T2, oy Ty oo Tin] (4.56)

where ¢ = 1,2, ...,m are the number of particles and j = 1,2, ...,n are the dimensions of
each particle. In an n-dimensional search space, the velocity vector [Vlk] and position vector

[XF] of i*" particle at k" iteration are represented by:

[V;k] = [vfl,vg, ...,vfj,...,vfn]
[Xlk] = [:Ufl,xg, ...,:Ufj, e xfn] (4.57)

Each particle is initialized with a random position within the search bounds [Zin,j;, Zmaa,j]
and a velocity within [Unin j, Umaz,;]- It stores its personal best position [Pfi] and accesses the
global best position [P;] found by the swarm. The optimization proceeds iteratively, updating

velocities and positions using the following recursive equations:

k+1 k k k k k
”ij+ =X- (Uij + 111 (Pyj — o45) + para(Py; — %))
el = o ot (4.58)

ij

where

2
X = P11t p2 =9 >4
12— — Ve — 4y

with y as the constriction factor, and ¢ and 9 are acceleration constants.
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4.6 Results and Discussion

The performance of two distinct approaches—a virtual complex impedance-based control
method and a PSO-based simulation framework—was evaluated using MATLAB/Simulink
simulations. The key system specifications and VSC parameters are listed in Table 4.1. Fach
method was tested under various disturbance scenarios to assess its effectiveness. In the simu-
lated setup, multiple VSC operated in parallel, sharing a common load at the point of common
coupling (PCC).

4.6.1 Evaluation of Virtual Complex Impedance-Based Control

This section investigates the performance of a cascaded virtual complex impedance-based
control strategy designed to ensure proper active and reactive power sharing among parallel
VSCs in an islanded microgrid. The control approach incorporates both virtual resistance and

inductance, synthesized using an impedance angle of 65.5° to shape the output impedance of

Table 4.1: Table of Key System Specifications and VSC Parameters.

Parameters Value Parameters Value
P, 1.25 MW Fow 15 kHz
Vo 800 V Wy 0.1w, rad/s
Vo 311V my 2.5133¢ =" W/s
fo 50 Hz ng 1.2445e~* V/VAR
Wo 27 f, rad/s K. 100

Table 4.2: VSC Parameters for Virtual Complex Impedance-Based Control.

Parameters | Value | Parameters Value
Ly 15 uH Ti 4.244e° s
L. 0.5 uH To 3.800e 4 s
Cy 1400 ;F Drm 53°
Ry 1 mQ Z 65.5°
R, 0.1 mQ) Kpe 0.391
R, 1 kS Kic 2.356e>
L, 0.5 uH kpv 10.802
R, 0.5 m) Kiv 2.850e*
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each converter. The aim is to emulate a desirable droop response that facilitates decentralized

power sharing without the need for communication.
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The effectiveness and flexibility of the control scheme are validated through simulations of
four VSCs, each rated at 1.25 MVA, connected in parallel to a common bus via an LCL filter
(see Fig. 4.15). The droop settings for all converters are listed in Table 4.1, where identical gains
are assigned to each VSC to support proportional power sharing throughout the simulation.
A static load of 4.07 MVA is applied across the microgrid throughout the simulation, with
an additional switchable load of 1.02 MVA engaged at t = 0.5 s and disconnected at t = 1 s,

simulating realistic load disturbances.

Simulation results (Fig.4.9) demonstrate that the proposed virtual complex impedance-based
control strategy effectively enables all VSC units to proportionally adjust their outputs in
response to load variations. During load disturbances, such as the connection and disconnec-
tion of switchable loads, the droop-controlled VSCs regulate their power outputs in accor-
dance with the load changes, ensuring balanced sharing of both active and reactive power,
as illustrated in Figs.4.9a and 4.9b. As a result, frequency synchronization and voltage reg-
ulation are maintained within acceptable limits, as shown in Figs.4.9c and 4.9d. Moreover,
Figs.4.9e and 4.9f show that the d-axis current (i,q) and q-axis current (i,4) are accurately
shared among the VSC units under the proposed control approach. During load disturbances,
both i,4 and ¢, dynamically follow the load demand, contributing to the delivery of real and
reactive power, respectively. The system exhibits well-damped transient responses, indicat-
ing the controller’s ability to adapt to dynamic load changes without compromising stabil-
ity. These results confirm the effectiveness of the proposed decentralized control strategy
in managing load transitions and maintaining overall system performance without requiring

centralized coordination.

While simulation results confirm that the controller maintains stability and effective load
sharing under dynamic conditions, the virtual complex impedance method introduces notable
structural trade-offs. Specifically, it adds an additional control loop atop the conventional
voltage and current controllers, complicating coordination, increasing computational bur-
den, and raising potential stability concerns under varying operating scenarios [137], [138].
Moreover, if the virtual impedance loop is not carefully integrated with the inner control lay-
ers, it may lead to inconsistent or conflicting control actions, ultimately diminishing system
performance [137]. Under dynamic loading conditions, these coordination challenges can be-
come more pronounced, posing risks to system stability [139]. An additional limitation arises
from indirect performance degradation: although no physical impedance is introduced, the
emulated behavior alters power flow and dynamic response, increasing control effort and po-
tentially elevating switching losses or regulatory burden, thereby reducing overall efficiency
[137]. Motivated by these limitations, this study presents a PSO-based simulation framework
as an alternative strategy—focused on optimizing control parameters to improve performance

while reducing design complexity in VSC-based islanded microgrids [94].
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4.6.2 Evaluation of Computationally Guided PSO-Based Optimization
Framework

The performance of the proposed optimization technique for VSC parameter tuning was eval-
uated using MATLAB/Simulink simulations on the test system depicted in Fig.4.2, while the
simulation-based online parameter optimization of the islanded VSC—achieved by integrat-
ing PSO within the Simulink framework—is illustrated in the flow diagram of Fig.4.8. The key
system specifications and VSC parameters are summarized in Tables 4.1 and 4.3. The pro-
posed PSO-optimized approach—referred to as the PSO-PI method—was evaluated against a
conventional method (CM) cited in prior studies [95], [104], [105], [112]. To further investi-
gate its effectiveness in a more complex environment, the method was applied to a microgrid
consisting of four VSCs connected in parallel to a common load at the PCC, as shown in
Fig. 4.15.

4.6.3 Comparison of PSO-Optimized and Conventional Methods

The PSO algorithm is used to minimize an objective function, defined in Eq. (4.54), in order to
identify the optimal LC'L filter and controller parameters. The acceleration constants, ¢ and
9, are set to 2.05, resulting in a combined parameter ¢ of 4.1 and a constriction coefficient
x of 0.7298, which regulates the particle velocity. Consequently, both the personal (x¢1) and

social ()xp2) coeflicients are 1.4962. Random variables | and rg, ranging between 0 and 1, are

Table 4.3: VSC Parameters for PSO-Optimized Approach.

Parameters Value Parameters Value
Avipy(hsw) | 0.9091 pu Dm 68.5°
Ay (hsw) 10% PFEus 0.995
Nigpu (hsw) 0.2% Gmin 0.0709 pu

Rf 0.1 mf2 T; 6.3662e
R, 0.1 mf2 To 1.7662¢e~

Table 4.4: Selected boundaries of parameters to be optimized.

Parameters Value Parameters Value
Lmin/Lrmas | 11.6410/36.9749 pH | K7 /K79 | 0/0.2904
L tmin/ L fmax 5.8205/18.4874 ;1H K min [ Kmaz [ 0/157.0796
Ctmin/Crmaz | 3709.3036/5423.8751 juF Kmm JK7%% [ 0/11.1054
Remin/ Ramaz 23.1040/1000 K min [ [gmax | (/6287.8272
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introduced to maintain population diversity and prevent premature convergence by adding
stochasticity to the particle updates. Fig. 4.10a illustrates the convergence of the objective
function over 50 iterations for a population size of 30. The optimized parameters obtained

from this process are presented in Table 4.5.

For comparison, the VSC parameters obtained through the proposed PSO-optimized approach
and the CM approach are presented in Table 4.6. The proposed method reduces the LC'L fil-
ter’s total inductance by 64.82% and capacitance by 16.67%, leading to a reduction in filter size.
This results in lower losses and improved efficiency. While the CM method, as shown in Table
4.6, provides better attenuation of switching frequency components due to its higher induc-
tance, the proposed method achieves THD level below 5%, meeting the IEEE-519 standard.
This is achieved with a smaller total inductance and capacitance, resulting in a minimized

filter size while maintaining harmonic attenuation within the recommended range.

Table 4.5: Results from Parameter Optimization Using the PSO-Based Approach.

Parameters Value Parameters Value
Lf 11.9197 uH Kpc 0.2573
L. 11.9197 uH K; 12.7777
Cy 4110.4066 F Ky, 6.1291
R, 25.1425 () K; 5205.4504

Table 4.6: Comparison of Filter and Controller Parameters for PSO-Optimized and CM Approaches.

Parameters | CM-approach [95], [104], [105], [112] | PSO-PI-approach
L 0.0210 1
A 7.7339 4.9497
Wres 12186 rad/s 19040.9269 rad/s
Lt 67.7680 nH 23.8390 uH
C'f 4932.4879 pF' 4110.4066 pF
Kpc 1.0426 0.2573
K; 1.5708 12.7777
Ky 1.7607 6.1291
Ky 996.8826 5205.4504
THDy, 2.06% 2.32%
THD; 2.24% 2.44%
ts 11.70 ms 4.47 ms
t, 1.41 ms 0.52 ms
M, 29% 14.1%
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Fig. 4.10: (a) Objective function convergence. (b) Transient and steady-state response of CM and PSO-
PI methods.

The transient and steady-state responses of the closed-loop control system for the proposed
PSO-optimized approach, as well as the CM approach, are shown in Fig. 4.10b. The PSO-
optimized approach outperforms the CM in terms of rise time, settling time, and overshoot,
achieving a rise time of 0.52 ms, a settling time of 4.47 ms, and a maximum overshoot of 14.1%.
In contrast, the CM results in a larger LC'L filter with a slower rise time of 1.41 ms, a longer

settling time of 11.70 ms, and a maximum overshoot of 29%.

4.6.4 Testing and Evaluation of the PSO-Optimized Approach

The performance of the PSO-optimized control method was assessed by simulating various
operational scenarios, including voltage reference variations, inductive and capacitive step
load changes, and the integration of nonlinear loads. The study was further extended to con-

figurations involving multiple VSC connected to a common load, as shown in Fig. 4.15.

VSC Response to Voltage Reference Variation

To evaluate the closed-loop system’s ability to accurately follow a reference signal, a step
change is introduced to the voltage amplitude command. The system initially operates with
a reference voltage of V, = 311 V, supplying an inductive load of (1000 + j185)kVA. At
t = 0.5s, the reference voltage is reduced by 20%, and then restored to V, = 311 Vatt = 1s.
The system response to this perturbation is illustrated in Fig.4.11. As shown in Figs.4.11a
and 4.11b, the output voltage v,q closely tracks the reference V,, indicating effective voltage
regulation. The g-axis voltage v,, remains near zero, maintaining proper decoupling and

supporting system stability.

Figs. 4.11c and 4.11d further show that the output currents 4,4 and ¢,, accurately follow their

respective references i, and ig,. By holding v, at zero and ensuring close current tracking,
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Fig. 4.11: Voltage and current responses to reference variation: (a) dq-axis voltage, (b) Per-phase volt-
age, (c) dq-axis current, (d) Per-phase current.

independent control of real and reactive power through 7,4 and 7,4 is maintained. Overall, the
system demonstrates robust performance and accurate dynamic tracking despite the applied

voltage perturbation.

VSC Response to Inductive Load Disturbance

The performance of the proposed PSO-optimized approach was examined under an inductive
load disturbance. Initially, the VSC operated at 380 V and 50 Hz, supplying an inductive load
of (1000 + j185)kVA. At ¢ = 0.5s, an additional inductive load of (250 + j55)kVA was
suddenly connected, and disconnected at ¢ = 1s. As shown in Fig. 4.12a, the output voltages
Uoq and v, closely follow their respective references throughout the disturbance, with no

observable overshoot in either axis.

With the increased load, the VSC dynamically adjusted to maintain power balance, as reflected
in the real and reactive power responses shown in Figs.4.12b and4.12c. Due to the inductive
nature of the disturbance, the VSC compensated for the lagging power factor by supplying

reactive power. Operating in island mode, the system experienced frequency variation caused
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Fig. 4.12: VSC response to inductive load disturbance: (a) dg-axis voltage, (b) Real power, (c) Reactive
power, (d) Per-phase voltage, (e) Frequency, (f) dq-axis current.

by power imbalance and droop control effects, but the deviation remained within acceptable

bounds, as shown in Fig. 4.12e.

The current components 4,4 and 7,4 adapted to the changing load without exhibiting transient
overshoot, as depicted in Fig.4.12f. The negative values observed in 7, reflect the adopted dq-
reference convention, as explained in Eq.(4.6). Overall, the results confirm the system’s ability
to maintain stable operation under inductive load disturbances with well-regulated voltages

and currents.
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Fig. 4.13: VSC response to capacitive load disturbance: (a) dq-axis voltage, (b) Real power, (c) Reactive
power, (d) Per-phase voltage, (e) Frequency, (f) dq-axis current.

VSC Response to Capacitive Load Disturbance

To further assess the system’s performance with the optimized filter and controller param-
eters, a capacitive load disturbance was introduced, maintaining the same initial operating
conditions as those used in the inductive load disturbance scenarios. At ¢t = 0.5 s, a capaci-
tive load of (250 — j25)kVA was abruptly connected and then disconnected at t = 1s. As
illustrated in Fig. 4.13a, the output voltages v,q and v,, tracked their respective reference

signals throughout the event, maintaining stable voltage regulation.

Following the load change, the VSC dynamically adjusted its operation to balance both real
and reactive power, as shown in Figs. 4.13b and 4.13c. In response to the capacitive nature

of the disturbance, the VSC absorbed reactive power to counteract the leading power factor.
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This contrasts with the inductive case, where the VSC supplied reactive power to address the
lagging power factor. Thus, the system demonstrated its ability to provide reactive power

support as needed—either absorbing or injecting—based on the load characteristics.

Operating in islanded mode, the system experienced some frequency variation due to instan-
taneous power imbalances and droop characteristics, but these deviations remained within
acceptable limits, as indicated in Fig.4.13e. The current components 4,4 and ¢,, responded
smoothly to the changing load conditions without any overshoot, as shown in Fig.4.13f. These
results highlight the controller’s responsiveness and reliability under capacitive load distur-

bances.
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VSC Response to Nonlinear Load Disturbance

In this test scenario, a VSC operating in islanded mode—under the same initial conditions as
in the inductive and capacitive load disturbance scenarios—is subjected to a nonlinear load
disturbance. Att = 0.5 s, a 10 kW nonlinear load, interfaced through a rectifier, is suddenly
connected and then disconnected at ¢ = 1 s. This test evaluates the system’s performance

under nonlinear loading conditions.

As shown in Figs.4.14a and4.14b, the THD of the output voltage increases from 2.32% to 3.36%
due to the nonlinear load. Similarly, the output current THD rises from 2.44% to 4.03%, as
illustrated in Figs.4.14c and 4.14d. Despite the increase, the harmonic distortion levels remain
within acceptable limits. Moreover, the harmonic content of the dg-axis voltages and currents
shows only minor variation before and after the disturbance, as seen in Figs.4.14e and4.14f.
The results indicate that the proposed control scheme maintains satisfactory performance

even under nonlinear load conditions.

Extension of the Proposed Approach to a Multi-VSC System

The proposed PSO-optimized approach was rigorously evaluated in a complex system featur-
ing four 1.25 MVA VSCs connected in parallel in islanded mode, linked to a common AC bus
at the PCC via an LC'L filter, as depicted in Fig. 4.15. Initially, the system operates at 380 V
(line-to-line) and 50 Hz, with a static inductive load of (Z;c = 4+ j0.74) MVA continuously
applied at the PCC throughout the entire simulation period.

To ensure stable operation, the droop coefficients are precisely designed to maintain an al-
lowable voltage drop ratio of 0.25% and an allowable frequency droop of 0.1%. The d-axis and
q-axis voltage references, v, and vg,, are set to 311 V and 0 V, respectively, for all VSCs. This
configuration ensures that the VSCs share both real and reactive power equally, maintain-
ing system balance and stability. These design goals are uniformly applied across all VSCs to

ensure that voltage and frequency remain within the required settings.

To assess the system’s performance under dynamic load conditions, a step load change was in-
troduced through a switchable load (Z5,, = 1+70.22) MVA, which was applied att = 0.5s and
disconnected at t = 1.0 s. This test evaluates the effectiveness of the PSO-optimized controllers
and their accuracy in power-sharing control. The results, illustrated in Fig. 4.16, demonstrate
the controllers’ capability to maintain system stability and performance under varying load
conditions. As depicted in Fig. 4.16a, the d-axis and q-axis output voltage responses of all four
VSCs accurately track their respective reference inputs despite load increments in both real
and reactive powers. As shown in Figs. 4.16b and 4.16c, real and reactive power are faithfully
shared in equal ratios among the VSC. This accurate power sharing is ensured for active and

reactive powers, even under load disturbances. Each VSC adjusts its frequency to meet load
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Fig. 4.15: Multi-VSC-based islanded microgrid case study.

demand as the load varies to keep synchronization among all VSCs.

After a brief transient interval, all VSC units operate at the same frequency, as illustrated in
Fig. 4.16d. As depicted in Figs. 4.16e and 4.16f, the d-axis current 7,4 and q-axis current ¢,, are
accurately shared among VSC units based on the proposed control strategy. During the load
disturbance interval, both the d-axis current ¢,y and g-axis current ¢,, of each VSC follow
the load to meet the required demand in real power and reactive power, respectively. Hence,
the proposed design exhibits good performance and desirable responses for step load change

scenarios when implemented in systems with multiple VSCs.

As shown in Fig. 4.15, all VSCs share a common load at the PCC. The control strategy de-
scribed in this paper aims to maintain the voltage v,q across the filter capacitor C'y at a refer-
ence value V,, which is essential for ensuring stable and efficient VSC operation. To achieve
this, the load voltage at the PCC, vr4, must closely match v,4, which requires careful opti-

mization of the coupling impedance.
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Fig. 4.16: Performance of parallel VSCs: (a) dq-axis voltage sharing, (b) Real power sharing, (c) Reactive
power sharing, (d) Frequency synchronization, (e) d-axis current sharing, (f) q-axis current sharing.

The coupling impedance significantly influences both voltage regulation and power loss in the

system. A high impedance can cause substantial voltage drops and reduce overall efficiency.

On the other hand, minimizing impedance to reduce losses introduces a trade-off with power

quality—specifically, THD. While lower inductance decreases losses, it also weakens harmonic
attenuation, potentially leading to unacceptable THD levels in sensitive applications. There-

fore, selecting an appropriate impedance value requires careful balancing between efficiency,

voltage stability, and harmonic performance.

Asillustrated in Fig. 4.17a, the voltage at the PCC closely tracks the input reference signal-311
V on the d-axis and zero on the q-axis. Fig.4.17b shows the total d-axis and g-axis output cur-

rents reflecting the imposed load dynamics, verifying that the current control loop responds
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Fig. 4.17: System performance at PCC: (a) dq-axis voltage, (b) dq-axis load currents, (c) per-phase
voltage, (d) per-phase load current, (e) load current THD, (f) PCC voltage THD.

consistently to system load disturbance. The per-phase sinusoidal AC representation of load
voltage and current, shown in Figs. 4.17c and 4.17d, reveals that the harmonic content of the
waveforms is minimal. As depicted in Figs. 4.17e and 4.17f,the THD of the output currents
and voltages is 2.74% and 2.35%, respectively, which complies with the IEEE-519 standard.
In summary, the PSO-optimized control strategy ensures that the three-phase output voltage
at the PCC remains within the required statutory limits, demonstrating the robustness and

validity of the proposed control technique.
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Chapter 5

Neuroevolutionary Training of MLP

Controllers for Voltage-Frequency
Regulation in VSC-Based Islanded
Microgrid

5.1 Introduction

The increasing integration of RES into power systems, alongside the growing demand for
reliable, efficient, and resilient power delivery, has driven the development of islanded MGs
capable of operating independently from the main grid [3], [4], [23]. Among these,VSC-based
islanded MGs have garnered significant attention due to their flexibility in integrating diverse
energy sources and maintaining voltage and frequency stability under varying operating con-
ditions [87], [140]. However, controlling such MGs remains challenging, particularly in ensur-
ing accurate voltage and frequency regulation amidst system disturbances, fluctuating load

conditions, and the inherent variability of renewable generation [141], [142].

To address these control challenges, particularly in dynamic and uncertain environments,
advanced Al techniques—especially machine learning (ML) and its subfield, deep learning
(DL)—offer promising solutions. These Al-driven approaches enhance the reliability, effi-
ciency, and adaptability of power systems by improving monitoring, forecasting, control, and
decision-making processes [23], [143]. Among these, neural networks have shown particular
promise for controller design in complex systems like islanded MGs, due to their ability to

model nonlinear dynamics and adapt to changing operational conditions [144].

This study introduces a computationally guided framework for training Multilayer Perceptron
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Controllers (MLPCs) specifically designed for voltage and frequency regulation in VSC-based
islanded MGs. MLPs are well-suited for this task due to their capacity to model complex, non-
linear system dynamics. However, their performance is highly dependent on the appropriate
tuning of both network parameters and architectural hyperparameters. Traditional training
methods often face limitations such as slow convergence rates and poor generalization, par-

ticularly when navigating high-dimensional and nonconvex optimization landscapes.

To overcome these challenges, we propose the Adaptive Hybrid PSO-Embedded GA (AH-
PEGA), an advanced optimization framework that embeds PSO within a GA structure. AH-
PEGA incorporates dynamic adjustment of PSO coefficients, adaptive mutation and crossover
mechanisms in the GA, localized refinement strategies, and population resizing with elitism
to balance convergence speed and solution diversity. This framework enables the joint opti-
mization of MLPC parameters and hyperparameters, and its effectiveness is validated through

extensive simulations across a range of operating conditions.

5.2 Neuroevolutionary Optimization of MLP Controllers in
VSC-Based Islanded Microgrids

The control framework adopted in this thesis builds upon the cascaded voltage and current
control loops of a two-level VSC connected to a common AC bus through an LCL filter, as
detailed in Chapter 4. The corresponding mathematical formulations and structural represen-

tations of the power, voltage, and current control loops—illustrated in Fig. 5.1—are thoroughly
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Figure 5.1: Schematic of VSC system with LCL filters and cascaded control loops.
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addressed therein. Building on this foundation, the present section focuses on the neuroevo-
lutionary design of MLPC optimized for voltage and frequency regulation using the proposed
AHPEGA framework.

5.2.1 Mathematical Formulation of Feedforward MLP Neural Network

A feedforward MLP model processes input features through successive hidden layers to gen-
erate output predictions, following a structured learning flow [145]. To balance model com-
plexity and computational efficiency, this study employs a neural network with three hidden
layers—sufficient to capture complex nonlinear mappings while supporting effective general-
ization. In the context of training MLPCs for VSC-based islanded MG, the network is designed

(b)

Fig. 5.2: (a) General structure of voltage and current control in VSC systems. (b) AHPEGA-optimized
MLPC-based implementation of voltage and current control in VSC.
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to map input-output relationships involving the dg-axis control variables.

Based on Eqns. (4.17) and (4.25) from Chapter 4, the corresponding input vector e is formulated

e= led] (5.1)
€q

where eg and e, are the input features of dimension 2 x 1 for the d-axis and g-axis, respectively.

as follows:

Assuming a maximum of p neurons per hidden layer, a suitable neuroevolutionary algorithm
is employed to determine the optimal network structure, including the number of neurons
and the associated weight and bias values. Based on the MLP structure illustrated in Fig. 5.3,
the forward computations proceed layer by layer once the network architecture is defined.

The weight matrix W(!) and bias vector b("), connecting the input layer to the first hidden

—
€d Uq

—
€q Uq

Fig. 5.3: Architecture of the feedforward MLP neural network employed for training MLPCs, showing
the arrangement of input, hidden, and output layers.
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layer (with up to p nodes), are defined as:

1 1 1
g
W(l) _ W21 W22 . b(l) _ b2

1 1 1

Wy Wiy A

The output of the first hidden layer, h® s computed as:

h{)
2 hgl)
Doy Z Wl-(jl):vj + bgl) for i=1,2,...,p; h®M=
Jj=1 :
hyY

where o(-) denotes the activation function applied at each node.

The second hidden layer receives h(!) as input. Its weight matrix and bias vector are defined

as:
wo o | W a0
2 2 2 2
Wél’ Wég’ e W by

The output of the second hidden layer is:
A (ZW@)hl)—i—b >) for i=1,2,....,p; h® =

Similarly, the third hidden layer uses:

v sl [
3 3 3
we) = W Wy e W, . b® = b2
3 3 3 3

WO W . Wi B
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with corresponding output:

h®
® S OR) s
h;” =0 ZWZ] hj +0b; for i=1,2,...,p; h® = :
J=1 :
hy)
Finally, the output layer, which maps to the d-axis and q-axis outputs, uses:
4 4 4 4
wo [ v vl e ]
Wy Wayy - Wy, b
and the final output u = [ug u,]” is computed as:
u u
Ui =0 ZW(4)h( )+ b( ) for 1=1,2; u= [ d] (5.2)
, u
Jj=1 d

5.2.2 Data Processing

In this research, data is generated through simulation-based techniques using MAT-
LAB/Simulink models of the MG, as shown in Fig. 5.1. The system operates under a cascaded
control architecture employing conventional proportional-integral (PI) controllers. Input and
output signals from these controllers are recorded at each time step across a range of oper-
ating conditions, ensuring that the neural network is trained on a diverse and representative
dataset. Given the converter’s high switching frequency of 15 kHz, the sampling rate is set
to 750,000 data points per second throughout the data acquisition period. This results in a
rich dataset of input-output pairs suitable for training the neural controller. Prior to training,
the raw data is preprocessed to enhance compatibility with the neural network. Specifically,
it is normalized to the range [—1, 1], in accordance with the hyperbolic tangent activation

function, defined as:

z(” _ e_zzgl)
RO 0
e%i 4+ e

tanh(z\") = (5.3)

where

p
"= wWORITY 16 fori=1,...p
7=1

The tanh function maps inputs to [—1, 1], making it well-suited for outputs centered around

zero. Normalization is performed by first scaling the data to [0, 1] and then shifting it to match
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the target range as:

L — Tmin

:c:2-( -1 (5.4)
Tmax — Lmin

This process enhances learning efficiency by maintaining consistency across feature scales,

leading to faster convergence of the neural network.

5.2.3 Loss Function and Constraints

The loss function J(z) quantifies the error between the predicted output u; and the actual
target value ;. It is tailored to optimize MLPCs by minimizing the mean squared error (MSE)

between estimated and actual outputs. The function is defined as:

1 & o
J(z) = N Z(Ui — ;) (5.5)

=1

where u; denotes the predicted output for the i** sample, 1; is the corresponding ground truth

value, and N is the total number of data samples.

The optimization process seeks to minimize J(x) while adhering to structural constraints
that ensure the neural network remains both feasible and computationally efficient. These
constraints apply to the number of neurons in the hidden layers, synaptic weights, and biases,

and are formulated as:
Minimize J(x) subject to: nyj < nj <nyj;  wi; < wy <wyyr by < by Kby

where n; is the number of neurons in the 4% hidden layer, bounded by ny; and n, j; w; is the
synaptic weight, constrained between w; ; and w,, j; and b; is the bias term, limited within

the range 0; ; to by ;.

5.2.4 Performance Evaluation Indices

The performance of the AHPEGA-driven MLPCs is evaluated using standard regression met-
rics to ensure an accurate and reliable assessment of the model’s predictive capability. Specif-
ically, this study reports the Mean Squared Error (MSE), Root Mean Squared Error (RMSE),
Normalized Mean Squared Error (NMSE), Mean Absolute Error (MAE), Coefficient of Deter-

mination (R?), and Pearson Correlation Coefficient (R), as defined below.

1< Lson o a0)?
MSE = — Z(Uz‘ —4;)% NMSE = qzlnfl ( - 71)2 :
i3 n > ie (U — )
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X @) > i (Ui — @) (@ — )
=1 (s Vi (s — @2 0 (i — )2

9

RMSE = l u; — U;)%; MAE :ln u; — Ug.
n;(z i)% n;\z il
where u; are the actual values (targets), @, are the predicted values (predictions), @ is the mean
of the target values, and @ is the mean of the predicted values. Lower values for MSE, RMSE,
NMSE, and MAE generally indicate a better-performing regression model. Values closer to 0
indicate a better fit, while higher values indicate a poorer fit. Specifically, for NMSE, values
closer to 1 indicate a poor fit. R? tells you how well your model explains the variability in
the data, while R tells you the strength and direction of the linear relationship between two
variables. R? values range from 0 to 1, where R> = 1 means the model explains all the
variability of the response data around its mean, and R? = 0 means the model explains none
of the variability of the response data around its mean. For R, values closer to 1 or -1 indicate

a stronger linear relationship, while values closer to 0 indicate a weaker linear relationship.

5.3 Neuroevolutionary Optimization of MLP Controllers
Driven by AHPEGA

Following the acquisition of training data, the next step involves optimizing the MLPCs
through a computationally guided algorithm. Conventional backpropagation (BP) techniques
are hindered by slow convergence and vulnerability to local minima. While heuristic methods
like PSO and GA provide certain advantages—PSO offers rapid convergence and GA excels
in global search—they also exhibit limitations: PSO can stagnate prematurely, and GA often

lacks fine-grained exploitation.

To overcome these drawbacks, this study proposes the Adaptive Hybrid PSO-Embedded GA
(AHPEGA), a novel optimization framework that embeds PSO within a GA structure, as
illustrated in Fig. 5.4. AHPEGA is designed to simultaneously optimize both the parame-
ters (weights and biases) and hyperparameters (e.g., the number of hidden layer neurons) of

MLPCs—an integrated approach not commonly addressed in prior studies.

By incorporating PSO and local search mechanisms within GA, AHPEGA capitalizes on the
fast convergence behavior of PSO and the robust global search capability of GA. It introduces
adaptivity through dynamic tuning of PSO’s inertia weights and cognitive-social coefficients,

effectively balancing exploration and exploitation over time.

To further enhance optimization robustness, mutation operators are embedded within PSO to
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avoid local stagnation, while GA utilizes adaptive mutation and crossover strategies to pre-
serve population diversity and drive convergence. One of the distinctive features of AHPEGA
is its adaptive population resizing strategy, which departs from traditional fixed-population

approaches and enables more efficient convergence through selective elitism.

5.3.1 Dynamic Population

A larger population enhances exploration but can slow convergence and increase the com-
putational burden, whereas a smaller population accelerates convergence but may overlook
superior solutions and risk premature convergence. To manage this trade-off, AHPEGA starts
with a larger population to promote broad exploration of the solution space and gradually re-
duces it over successive iterations, allowing the algorithm to shift focus toward fine-tuning
and exploitation. The algorithm dynamically adjusts the population size by sorting individu-
als based on cost, retaining top-performing candidates, and replacing the worst-performing
ones, thereby preserving elite particles throughout the optimization process. Particles x; are

sorted in ascending order based on their cost values J(z;) as:
i ={z01),2@2),--,7(p)}; Wwhere J(z)) < J(z2) < ... < J(3(p))
Then the top n, elite particles x§ are retained as:
z; ={za), 2@ T}

The particle array is adjusted to the current size P as given below:

P {(Pi (B Py) (;ﬁ_ﬁ) W 56)

where [-] denotes the rounding function, P; is the initial number of particles, P is the final
number of particles, k is the current iteration, and 7T’ is the total number of iterations for the

main loop.
The last n particles in the adjusted array are replaced with the elite particles as:
L(P—ne+1)y L(P—ne+2)y -+ s L(P) = m?l)a IL‘EZ), SUR) ‘,Efne)

where x(p_,, ;) denotes the (P — n. + i)*" particle in the adjusted array, and :Uf) denotes

7

the ! elite particle.
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Fig. 5.4: Flowchart of the Adaptive Hybrid PSO-Embedded GA (AHPEGA) algorithm for training Multi-
layer Perceptron Controllers (MLPCs).
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5.3.2 GA Operators
Selection

Tournament selection is employed to choose individuals from the population for crossover
and mutation. In this method, a subset of individuals is randomly selected from the pop-
ulation, and the best individual is chosen based on their fitness. The selected subset, re-
ferred to as the tournament group 7, is evaluated, and the individual with the highest fit-
ness (or lowest cost) within this group is selected to participate in the next generation. Let
x; = {x1,x2,...,2p} represent the population, where P is the population size, and J(z;)
denotes the fitness of individual ;. A subset of 7 individuals selected from the population
x; be denoted as:

T: {7T,L'1,7TZ‘2,...,7T7;7_}

where m;; is the j" individual randomly selected from the population. Then, the fitness of

each individual in the tournament group is evaluated as:
J(?Tij) for j = 1,2,...,7-.

The winner of the tournament is the individual with the best fitness, which can be expressed

as:

r7 = arg min J(z;;) (5.7)

Tij€

where arg min returns the individual with the minimum (or best) fitness value in the tourna-
ment group 7. This process is repeated until P individuals have been selected for the next

generation.

Dynamically Adjusted Crossover and Mutation

This study utilizes the Probabilistic Blend Crossover (BLX — «), a real-valued crossover

(k) (%)

i and Ty s

method, to produce offspring. Given two parent individuals z the offspring

(%) (k)

ol,i and x5y

genes x are generated as follows:

ﬂ:((j;?i:Li—&—r-(Ui—Li), ifr <p
xly) = Li+r- (Ui — L), ifr <p.

02,1
X (5.8)
k k .
:L'((ﬂ)l = xél?i, ifr > p
k k .
x((ﬁ)l = 1'2232», if r > pe

vk e {1,2,...,T}, Vie{l,2,...,P}
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where L; and U; are defined as:

(k)

k
pl,i’ ( ))

(k) |
p2,0

poal Ui = min(alm5)) + o foyrl — 25

L; = min(z pli> Tp2.i plyi P2,

x ] Ty — T

pl 7
where o can be selected between 0.1 and 0.5 and r is a random number between 0 and 1.

To help in exploring the search space more effectively and escape local optima, a mutation

technique integrated with mutation rate p,, is used as given below:

(k) ( )
+Am;, ifr <pp

ot k .
a:((n ) , otherwise

Vk e {1,2,...,T}, Vie{l,2,...,P}.

where r is a random number and Am represents the perturbation applied to the particle’s
position and defined as:

Am; = B(uf —12)(2r — 1)

Here, f3 is a scaling factor that controls the magnitude of the perturbation, while % and 1?
represent upper and lower bounds for the mutation, respectively. The perturbation is either

(k)

added to or subtracted from the current value z;, with the direction determined randomly.

The condition for adaptively adjusting p. and p,, is given as:

Pm = min(pmmax7pm + Apm)a ifo <0,

Pc = min(pcmax7pc + Apc)a ifo <6, (5.10)
Pm = Max(Pm . Pm — APm), ifo >0,
( Pe = max(pcminvpc - Apc); ifo >0,
Vk e {1,2,...,T}, Vie{l,2,...,P}.
where
k+1)" k1)
Apm = pmnm,w - (pmmaw _pm'min) (m) ; Apc = pcnuzx - (panaw _pcmin) (M)

;
o=\ 5GP b, =0, 1—20
=1

where C; is the personal best cost at each iteration and pi is the mean of the costs.
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Probabilistic Kill Tournament-Based Replacement Technique

The probabilistic kill tournament replacement technique is used to replace either the worst
or second worst individual in a tournament group with a new offspring generated through
crossover or mutation. Let z; = {x1,x9,...,zp} represent the population of size P, and let
J(z;) denote the cost (or fitness) of individual x;. The tournament group 7 is selected from

the population P, and this subset is denoted as follows:
T ={mi,, My, ..., My}, suchthat m € {1,2,..., P}

where 7;; represents the j-th individual randomly selected from the population. Then the

tournament individuals are sorted in ascending order as:

J(@r) <J(@my) <--- < J(xﬂ'T>'
The worst individual in the tournament is replaced based on the probability p, as:

ifr <p.: Xy Toiy, J(@rp) < J(Toh) (5.11)

if?" > pT‘ : x7I'T71 — in? J(xﬂ'Tfl) — J(':Uoi)

5.3.3 PSO Operators

In PSO, the optimization process is guided by a set of operators that govern how the particles
in the swarm interact with one another and update their velocities and positions [135]. After
the particles are initialized, the iterative optimization process begins, where the following
recursive equations update the velocities of all the particles:
k+1 k) (k k k k k k k

Ul(j ) — o )vl(j) + cg )rl(pgj) — ng)) + cg )rg(g]( ) _ :UZ(j)) (5.12)
where k is the current iteration, and r; and r9 are random numbers between 0 and 1. Based
on the updated velocities, each particle changes its position as follows:

(k+1)

G = g gy (5.13)

X

Inertia Weight and Acceleration Coefficients

Among various techniques, one commonly adopted strategy is to employ a time-varying in-
ertia weight that decreases throughout the optimization process. This helps balance the trade-
off between global exploration and local exploitation. A large initial inertia weight encour-

ages broad search space exploration, while a gradually reduced weight promotes fine-tuning
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around promising regions. In Eq. (5.14), the inertia weight w(*) decreases non-linearly ac-

cording to a predefined schedule, enabling smooth adjustment across iterations:

k+1\“

W(k) = Wmax — (Wmax - Wmin) <m> (514)
where wpax and wyin are the maximum and minimum inertia weights, k is the current itera-
tion, 7' is the total number of iterations, and « controls the non-linearity of the decay, typically
selected in the range [0.5, 2]. Fig. 5.5 illustrates the behavior of w(*) for a = 0.5. This method
enables a more controlled and gradual shift from exploration to exploitation, which is crucial

for avoiding premature convergence and ensuring solution quality.

In eq. 5.15, the cognitive and social learning factors, ¢; and cg, determine the extent to which
a particle is influenced by its own experience (cognitive) and the experience of the swarm
(social). As illustrated in Fig. 5.5, this study adopts a strategy where higher values of ¢; and
lower values of ¢y are used during the early iterations to encourage independent exploration.

Conversely, lower values of ¢; and higher values of ¢y are employed in later iterations to

2.2 . . . . 0.9

04 1 1 1 1 0

0 20 40 60 80 100
Iteration

Fig. 5.5: Variation of dynamic inertia weight (right) and acceleration coefficients (left) in the PSO
algorithm.
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promote convergence through social learning. Mathematically, it is given as:

(k) k+1 “
C1 " = Clmazx — (Clmaz - Clmin) m

@
k+1
Cgk) = Comin + (CZmax - c2min) (T—}—l) (5'15)

Mutation Strategies for Personal and Global Best

A mutation is applied to both the personal best of each particle and the global best position
during optimization, aiming to prevent stagnation in local optima, preserve diversity, and

accuracy. The value of the mutation probability p,, can be adjusted as:

min(p** 1.1 X py,), if® > 0g
Pm = .
max(pp™,0.9 X pp,), if ¢ < O

where ¢ is diversity threshold and & is the diversity of particles and, defined as:

>

=
[
ol

N
1
(- 3)%  E=3 3w
=1

In proposed AHPEGA, the mutation on the best particle p(t) is given as:

)

Vk e {1,2,...,T},
o o0+ aml e <p,  Vee{12,.. K}, 6516
pmi = .
pgt), otherwise Vi€ {1,2,..., P},

Vie{l,2,...,M}
where 7 is a random number and Am represents the perturbation applied to the particle’s

position, K is the maximum iteration for the PSO loop, M is the maximum iteration for

mutation on the best particle.

After applying mutation to the personal best, the updated personal best p(-t) is given by:

1

p(t) B p’g)?i? if J(:cﬁffl) < J(pz(-t)) O p% if J(pgfl)l) < J(gW) (5.17)
" pgt), otherwise B g®  otherwise

Since the global best particle () guides the swarm, introducing small perturbations through

mutation enables PSO to explore promising new regions of the search space rather than solely
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refining a potentially suboptimal solution. Hence, in AHPEGA, mutation on the global best

particle g*) is performed as:

Vk e {1,2,...,T},
o J9 +amt ifr <py
I = vte{1,2,...,K}, (5.18)

g® otherwise ,
Vi e{1,2,...,G}
where G is the maximum iteration of mutation on the global best particle.

After performing mutation, global best particle g is updated as:

(t) if J (t) < J ()
t) _ gm i J(gm’) < J(g'V) (5.19)

" g  otherwise

The perturbation Ax; is defined as:
Am; = B(uf = 17)(2r — 1)

In AHPEGA, the iteration for mutation on best particles and global particle is adjusted adap-
tively based on the performance of particles. In case the global best cost reaches the stagnation

threshold, the mutation iterations for each particle and global best particle are adjusted as:

ifée > 0O then
6=8x11, M=M+1, G=G+1, £=0

(5.20)

where &, is the stagnation counter for the embedded PSO loop and 6. is the stagnation thresh-
old.

5.3.4 Fine-tuning Global Best Adaptively

In hybrid approaches such as AHPEGA, fine-tuning the global best particle allows the algo-
rithm to efficiently exploit high-quality solutions while simultaneously exploring new regions
through mutation. This dual mechanism helps maintain a dynamic balance between explo-

ration and exploitation.

Within this framework, the number of local search iterations adapts over time and is com-

puted as:

k+1)"
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Table 5.1: Parameters of Adaptive Hybrid PSO-Embedded GA (AHPEGA)

Parameters of Neural Network
Architecture Multi-layer perceptron FNN
Number of layers 3
Lzn 20
ny 2
a(.) Tanh
J(x) MSE
by, b 1, -1
Parameters of PSO
Umazx Umin 0-2(wmax - xmin)a —VUmax
Clmazs Clmin 2.05, 0.5
Cmaz;, C2min 2.05, 0.5
Wmazy Wmin 09, 0.1
K, M, G 5 3, 5
Parameters of GA
PCmazs  PCmin 0.6, 0.9
PMmaz;, PMmin 0.01, 0.1
a B, T 01, 0.1, 3
Population
P, Py 100, 10
e 5
T 100
Local Search Parameters
L;, Ly 5 15
Mmaxs Mmin 20, 5

where L; and Ly are initial and final iterations.

To further enhance adaptability, the number of local search steps m is dynamically adjusted

based on the stagnation counter £, and a predefined threshold 6, following this rule:

max(Mmin, m — 1) if &g > 0y,
m =
min(Mypqz, m+ 1) otherwise.

Every m iterations (i.e., when mod (k, m) = 0), the global best particle g®) is perturbed by

an increment Ag(¥) to form a candidate solution as:

K g® + Ag® if mod (k,m) =0,

g®) otherwise.

)
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The candidate ggck) is accepted as the new global best if it yields a lower fitness value, that is:

D) _ g it Iy < J(g™),
(D)

(5.22)
g% otherwise.

This adaptive fine-tuning strategy strengthens the optimization process by dynamically mod-
ifying the local search frequency and updating the global best, thereby improving the algo-

rithm’s responsiveness to stagnation and enhancing convergence efficiency.

5.4 Results and Discussions

This section presents the performance evaluation of the proposed AHPEGA for optimiz-
ing MLPCs in VSC-based islanded MG. The simulation studies were conducted using MAT-
LAB/Simulink 2024a, with all core algorithms implemented in MATLAB script files (.m).

The initial evaluation was performed on the test system depicted in Fig. 5.1. To further validate
the scalability and robustness of the MLPC strategy, it was also applied to a more complex
microgrid configuration comprising four VSCs connected in parallel to a common load at
the PCC, as shown in Fig. 5.11. Detailed system specifications and controller parameters are
outlined in Chapter 4, Section 4.6. To ensure a rigorous assessment, each control approach

was tested under a variety of disturbance scenarios.comprehensively assess its performance.

5.4.1 Performance Evaluation of AHPEGA in Optimizing MLPCs

To thoroughly assess the effectiveness of AHPEGA in optimizing MLPCs, we conducted a
series of controlled simulation experiments. The performance of AHPEGA was compared
against several well-established algorithms, including GA [146], PSO [94], SGA [147], GA-PSO
[148], GA/PSO [149], and PGPHEA [150], all under single-objective optimization conditions.

Due to the stochastic nature of metaheuristic algorithms, each was executed 20 times per opti-
mization scenario to enhance statistical robustness. A maximum of 100 iterations per run was
imposed to ensure comparability across all methods. To rigorously evaluate the performance
of the proposed AHPEGA algorithm against benchmark approaches, a series of statistical
analyses was conducted using the MSE objective function values from the 20 independent
runs for both current and voltage controllers. The evaluation includes descriptive statistics
(Table 5.2), paired t-tests (Table 5.3), and effect size calculations using Cohen’s d (Table 5.4).

The descriptive statistics in Table 5.2 indicate that AHPEGA consistently yields the lowest
mean MSE among all compared algorithms. For the current controller, it achieves a mean
MSE of 0.000642 with a standard deviation of 0.000134 and a narrow 95% confidence interval
(CI) of [0.000579, 0.000705], reflecting both high accuracy and stable performance across runs.
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In contrast, other methods such as GA, PSO, and GA-PSO exhibit higher mean errors and

greater variability. A similar trend is observed for the voltage controller, where AHPEGA

Table 5.2: Descriptive statistics of MSE values for each algorithm over 20 independent runs.

Current Controller
Algorithm | Mean | Std Dev 95% CI

AHPEGA | 0.000642 | 0.000134 | [0.000579, 0.000705]
GA 0.006457 | 0.000972 | [0.006002, 0.006912]
PSO 0.002800 | 0.000443 | [0.002593, 0.003008]
SGA 0.000788 | 0.000170 | [0.000708, 0.000868]
GA-PSO 0.003009 | 0.000620 | [0.002719, 0.003299]
GA/PSO 0.001546 | 0.000282 | [0.001414, 0.001678]
PGPHEA 0.000797 | 0.000135 | [0.000734, 0.000860]

Voltage Controller
AHPEGA | 0.015506 | 0.000700 | [0.015100, 0.015912]
GA 0.020500 | 0.001800 | [0.019700, 0.021300]
PSO 0.019100 | 0.001500 | [0.018400, 0.019800]
SGA 0.017800 | 0.001300 | [0.017200, 0.018400]
GA-PSO 0.018900 | 0.001600 | [0.018100, 0.019600]
GA/PSO 0.018800 | 0.001500 | [0.018100, 0.019400]
PGPHEA 0.017400 | 0.001100 | [0.016900, 0.017900]

Table 5.3: Paired t-test Results Comparing AHPEGA with Other Algorithms.

Current Controller
Comparison p-value Comparison p-value
AHPEGA vs GA <107° AHPEGA vs PSO <107°
AHPEGA vs SGA | 0.004661 | AHPEGA vs GA-PSO | < 107°
AHPEGA vs GA/PSO | < 107°% | AHPEGA vs PGPHEA | 0.004115
Voltage Controller
AHPEGA vs GA 0.0000 AHPEGA vs PSO 0.0000
AHPEGA vs SGA 0.0008 AHPEGA vs GA-PSO 0.0000
AHPEGA vs GA/PSO | 0.0000 | AHPEGA vs PGPHEA | 0.0022
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Table 5.4: Effect Size Estimates (Cohen’s d) for Pairwise Comparisons Between AHPEGA and Com-
peting Algorithms.

Current Controller

Comparison Cohen’s d | Interpretation
AHPEGA vs GA 8.385 Huge effect size
AHPEGA vs PSO 6.591 Huge effect size
AHPEGA vs SGA 0.952 Large effect size

AHPEGA vs GA-PSO 5.281 Huge effect size
AHPEGA vs GA/PSO 4.101 Huge effect size
AHPEGA vs PGPHEA 1.154 Large effect size

Voltage Controller

GA vs AHPEGA 3.079 Huge effect size
PSO vs AHPEGA 2.227 Huge effect size
SGA vs AHPEGA 1.349 Large effect size

GA-PSO vs AHPEGA 1.999 Huge effect size
GA/PSO vs AHPEGA 2.077 Huge effect size
PGPHEA vs AHPEGA 1.103 Large effect size

again records the lowest mean MSE of 0.015506 and the smallest standard deviation (0.000700),

underscoring its consistent and superior control capability.

To statistically validate the performance advantage of AHPEGA observed in the descriptive
statistics, paired t-tests were conducted, as presented in Table 5.3. The resulting p-values for
all comparisons between AHPEGA and the benchmark algorithms are below 0.01, with many
reaching values smaller than 10~°. These low p-values strongly indicate that the differences in
mean MSE are not attributable to random fluctuations. Even for algorithms such as SGA and
PGPHEA, which demonstrate comparatively closer performance to AHPEGA, the statistical

tests confirm that the observed improvements remain significant.

To assess the practical relevance of the observed performance differences, effect sizes were
calculated using Cohen’s d, as reported in Table 5.4. While Cohen’s conventional thresh-
olds—small (0.2), medium (0.5), and large (0.8) [151]—are widely used, Sawilowsky’s extended
classification [152] offers finer granularity more suitable for computational studies. This ex-

tended scale includes very small (0.01), small (0.20), medium (0.50), large (0.80), very large
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Fig. 5.6: Box plot of MSE values across 20 runs per algorithm, showing the optimization performance
for the current controller.

(1.20), and huge (2.00) effect sizes, and has been increasingly adopted in the evolutionary
computation literature [153]-[156] to capture the substantial variations often observed in

stochastic algorithm performance.

Following this refined framework, the results demonstrate that AHPEGA consistently
achieves effect sizes in the large to huge range across both controllers. For the current con-
troller, Cohen’s d values range from 0.952 to 8.385 when compared with other algorithms,
underscoring the strong practical advantage of AHPEGA. In the voltage controller case, all
effect sizes exceed 1.0, with several surpassing 2.0 and even 3.0, further confirming that the
improvements delivered by AHPEGA are not only statistically significant but also of substan-

tial practical significance.

Figs. 5.6 and 5.7 present box plots illustrating the distribution of MSE values over 20 indepen-
dent runs for each algorithm, corresponding to the current and voltage controller optimization
tasks, respectively. These visual summaries provide insights into the consistency, variability,

and robustness of each algorithm’s performance.

For the current controller (Fig. 5.6), AHPEGA achieves the best performance, characterized

by the lowest median MSE and a compact box plot—indicating minimal variability and high
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Figure 5.7: Box plot of MSE values across 20 runs per algorithm, showing the optimization performance
for the voltage controller.

consistency across runs. In contrast, GA shows the highest median MSE, along with a wide
interquartile range and long whiskers, reflecting significant variability. PSO and GA-PSO
present higher median MSEs and broader spreads than AHPEGA, suggesting less stable opti-
mization behavior. GA/PSO also underperforms, with elevated central values and dispersed
outcomes. While SGA and PGPHEA achieve relatively lower medians compared to most al-
gorithms, they still fall short of AHPEGA’s, and their distributions remain wider, indicating

greater variability.

A similar pattern emerges in the voltage controller case (Fig. 5.7). Although variability is
slightly higher across all methods, AHPEGA again achieves the lowest median MSE and the
most compact distribution—indicating consistently robust performance. GA continues to ex-
hibit the poorest results, with the highest median and broadest spread. PSO and GA-PSO
present higher medians and broad distributions, indicating inconsistent outcomes. GA/PSO
demonstrates intermediate performance but remains clearly less effective than AHPEGA. SGA
and PGPHEA show improved reliability compared to most alternatives, but AHPEGA main-

tains clear superiority in both median performance and distribution tightness.

Table 5.6 presents the optimal performance metrics obtained by each of the seven algorithms
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over 20 independent runs, each conducted for 100 iterations. For each algorithm, the best-
performing run—defined as the one yielding the lowest objective function value (MSE)—was
selected to represent its peak capability. This approach highlights the maximum potential
of each method under ideal conditions and complements the broader statistical analysis by
focusing on best-case performance. The evaluation includes a comprehensive set of met-
rics—MSE, RMSE, NMSE, MAE, R2, R, and convergence speed—providing an in-depth view
of both the accuracy and efficiency of each algorithm in optimizing MLPCs for current and

voltage controller design.

As shown in Table 5.5, the optimized neural network structures for each algorithm are pre-
sented, focusing on the number of neurons in each hidden layer for both the current and
voltage controllers. Although all algorithms explore the same range of neurons (from 2 to
20), their optimal configurations differ, highlighting variations in their optimization capabili-
ties. The results in Table 5.6 further demonstrate that AHPEGA consistently outperforms the
other algorithms, achieving the lowest error metrics and the highest fit indices for both the

current and voltage controllers.

For the current controller, AHPEGA significantly outperforms the other algorithms. It
achieves the lowest MSE (0.000438), NMSE (0.004305), RMSE (0.020933), and MAE (0.012371),
along with the highest R? (0.995695) and Pearson correlation coefficient R (0.998054). These
results demonstrate that AHPEGA provides a notably superior fit, accurately capturing the
underlying dynamics of the current controller compared to GA, PSO, SGA, GA-PSO, GA/PSO,

Table 5.5: Optimization results for the number of neurons in hidden layers.

Current Controller
Algorithm | n,,in | Nyer | Hor | Hro | Hrs
GA 2 20 11 8 5
PSO 2 20 13 12 8
SGA 2 20 8 11 14
GA-PSO 2 20 11 5 12
GA/PSO 2 20 16 10 3
PGPHEA 2 20 11 9 12
AHPEGA 2 20 6 8 11
Voltage Controller
GA 2 20 7 14 12
PSO 2 20 14 5 13
SGA 2 20 16 9 8
GA-PSO 2 20 16 5 7
GA/PSO 2 20 8 6 6
PGPHEA 2 20 11 9 7
AHPEGA 2 20 17 9 8
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Table 5.6: Performance metrics of various evolutionary algorithms for optimizing MLPCs.

Current Controller

Algorithm MSE NMSE RMSE MAE R? R
GA 0.004639 | 0.039107 | 0.068107 | 0.049025 | 0.960893 | 0.980265
PSO 0.001827 | 0.015406 | 0.042748 | 0.029855 | 0.984594 | 0.992908
SGA 0.000539 | 0.004543 | 0.023214 | 0.014689 | 0.995457 | 0.997726

GA-PSO 0.002063 | 0.017390 | 0.045417 | 0.033013 | 0.982610 | 0.991381
GA/PSO 0.001016 | 0.008564 | 0.031871 | 0.022198 | 0.991436 | 0.995733
PGPHEA | 0.000527 | 0.004446 | 0.022965 | 0.013657 | 0.995554 | 0.997795
AHPEGA | 0.000438 | 0.004305 | 0.020933 | 0.012371 | 0.995695 | 0.998054
Voltage Controller

GA 0.018075 | 0.130635 | 0.134443 | 0.094272 | 0.869365 | 0.933099
PSO 0.016787 | 0.121326 | 0.129565 | 0.093012 | 0.878674 | 0.938254
SGA 0.015583 | 0.112621 | 0.124830 | 0.085794 | 0.887379 | 0.942008

GA-PSO 0.016241 | 0.117381 | 0.127441 | 0.088779 | 0.882619 | 0.939497
GA/PSO 0.016449 | 0.118884 | 0.128254 | 0.088740 | 0.881116 | 0.939051
PGPHEA | 0.015774 | 0.114003 | 0.125594 | 0.086543 | 0.885997 | 0.941276
AHPEGA | 0.015506 | 0.113929 | 0.124523 | 0.086053 | 0.887750 | 0.942206

and PGPHEA.

Among the evaluated algorithms, AHPEGA consistently achieves the best performance across
all key metrics, demonstrating its effectiveness in optimizing the current controller. PGPHEA
and SGA yield competitive results but still fall short of AHPEGA. PSO and GA-PSO exhibit
moderate performance with noticeably higher error metrics, while GA records the highest

error values, indicating its limited suitability for this optimization task.

When evaluating the voltage controller, all methods exhibit higher error metrics compared to
the current controller. However, AHPEGA still delivers the best performance, recording the
lowest error values: MSE (0.015506), NMSE (0.113929), RMSE (0.124523), and MAE (0.086053),
along with the highest R? (0.887750) and Pearson correlation coefficient R (0.942206). These
results suggest that, despite the more challenging nature of voltage regulation, AHPEGA con-
sistently improves prediction accuracy and strengthens the linear relationship between pre-

dicted and actual outputs.

Across the comparative analysis, AHPEGA achieves the most favorable performance in volt-
age controller optimization, with the lowest error metrics across all scenarios. SGA and
PGPHEA follow closely, demonstrating comparable results that validate their effectiveness,
though they do not consistently match the precision of AHPEGA. PSO and GA-PSO exhibit
moderate performance, with noticeably higher error values, while GA records the highest

error metrics, indicating limited suitability for this task.
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Fig. 5.8: Convergence characteristics of evolutionary algorithms for training MLPCs: (a) Voltage con-
trol convergence for MLPC. (b) Current control convergence for MLPC.

The performance of AHPEGA is evident not only in the numerical metrics but also in its con-
vergence behavior, which is a crucial aspect of optimization algorithms. Fig. 5.8 presents
a comparative analysis of the cost convergence behavior of AHPEGA alongside other algo-

rithms, illustrating the error convergence during iterative training on the dataset.

AHPEGA’s convergence curve indicates a faster progression toward the optimal solution com-
pared to the other algorithms. The cost function converges quickly in AHPEGA, reaching the
optimal solution within a few iterations, in contrast to the slower convergence of the com-
peting algorithms. One of the key advantages of AHPEGA, as seen in the convergence curve,
is its absence of sticking behavior. Unlike some algorithms that may become trapped in local
minima, AHPEGA consistently progresses toward the global optimum without significant os-
cillations or plateaus. This stability ensures that the solutions provided are not only optimal
but also reliable and repeatable. The ability to effectively explore and exploit the search space
minimizes the time required to find the best solution, making AHPEGA particularly advanta-
geous for real-world applications where computational speed is critical. The combination of
rapid convergence, stability, and superior performance metrics strongly supports the adop-
tion of AHPEGA in optimization tasks. Its consistent performance superiority across multiple
metrics, coupled with its robust convergence behavior, demonstrates its effectiveness. These
attributes make AHPEGA a compelling choice for both researchers and practitioners in need

of reliable and efficient optimization solutions.
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5.4.2 Performance Evaluation of the AHPEGA-Driven MLPCs in VSC-Based
Islanded MG

Evaluation on a VSC-Based Islanded MG

To ensure the robustness of the MLPCs under extreme operating conditions, training data
were collected through simulations involving severe load disturbances in the VSC system, as
illustrated in Fig. 5.9. Initially, the system operates with an inductive load of (1000 + j185) kVA.
To create highly dynamic conditions, several abrupt load variations are introduced: an induc-
tive load of (250 + j100) kVA is connected at t = 0.25 s and disconnected at ¢ = 0.75 s;
subsequently, a capacitive load of (250 - j100) kVA is applied from ¢ = 0.75stot = 1.0 s;
and finally, a nonlinear load of 20 kW is imposed between ¢ = 0.75 s and { = 1.25 s. These
disturbances ensure that the training dataset captures a wide range of transient behaviors,
enabling the neural network-based MLPCs to effectively learn and generalize the system’s

complex dynamics.

Following training, the model is subjected to the same sequence of violent load variations
to evaluate its generalization capability under identical conditions. The comparative analysis

of key performance parameters—including real and reactive power, system frequency, and

P [MW)
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Fig. 5.9: Load variation scenarios under the conventional model and the AHPEGA-driven MLPC model:
(a) Real power. (b) Reactive power. (c) Frequency. (d) dq-axis voltage.
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Fig. 5.10: VSC output under severe load variation scenarios with the AHPEGA-driven MLPC model:
(a) Real power. (b) Reactive power. (c) VSC frequency. (d) dg-axis voltage. (e) d-axis current. (f) g-axis
current.

voltage, as illustrated in Figs. 5.9a — 5.9d—demonstrates that MLPCs driven by AHPEGA
precisely replicate the expected response of conventional method-based controllers (CMs).
The striking alignment between the trained model’s response and the system’s actual behavior
under disturbances validates the exceptional training quality of AHPEGA, affirming its ability

to handle rapid load fluctuations with remarkable precision.

To further assess the robustness of AHPEGA-driven MLPCs beyond the original training data
horizon, the simulation duration is extended to 2 s (previously 1.5 s), incorporating a new
sequence of violent load variations. Specifically, a nonlinear load of 20 k€W is connected at
t = 0.25 s and disconnected at ¢ = 0.5 s, followed by a capacitive load of (250 - j100) kVA,

which is connected and disconnected at ¢ = 0.75 s and ¢ = 1.0 s, respectively. Subsequently,
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Fig. 5.11: Schematic of a multi-VSC based islanded AC MG with different loads connected at the PCC,
used for the case study.

an inductive load of (250 + j100) kVA is introduced at ¢ = 1.25 s and removed at ¢ = 1.5 s.
Finally, a resistive load of 250 kW is connected at ¢ = 1.65 s and disconnected at ¢ = 1.85 s,
as illustrated in Fig. 5.10.

By subjecting the system to these dynamic load variations at different time intervals, the
impact of rapid disturbances on MG performance is systematically assessed. The system re-
sponse, including real and reactive power, voltage and frequency profiles, and d-axis and
q-axis currents, is depicted in Figs. 5.10a — 5.10f. The results highlight the capability of the
proposed intelligent control approach in stabilizing the MG’s voltage and frequency under
highly dynamic operating conditions, further demonstrating the effectiveness of AHPEGA-

driven MLPCs in maintaining system stability.

Evaluation on a Multi-VSC Islanded MG

To assess the scalability and robustness of the AHPEGA-optimized MLPCs, further simulation
experiments were carried out on a more realistic MG configuration, as depicted in Fig. 5.11.
The setup consisted of four VSCs, each connected to a common AC bus via LC'L filters and
equipped with an individually trained MLPC. In this multi-VSC islanded MG, decentralized
coordination is essential for accurate power-sharing and reliable operation. A droop control
scheme was employed to coordinate the converters, with droop coefficients selected to yield
a 0.25% voltage drop and a 0.1% frequency droop, enabling precise distribution of both active

and reactive power among the units.
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Fig. 5.12: Multi-VSC output under severe load variation scenarios with the AHPEGA-driven MLPC
model: (a) Real power sharing. (b) Reactive power sharing. (c) VSC frequency synchronization. (d)
dq-axis voltage sharing. (e) d-axis current sharing. (f) q-axis current sharing.

To rigorously evaluate the performance of the proposed AHPEGA-optimized MLPCs, a de-
tailed simulation study was conducted under various load disturbance scenarios. The load
profile consisted of a constant inductive base load of (4 + j0.74) MVA, a switchable induc-
tive load of (1 + j0.1) MVA, and a nonlinear load of 20 kW. To evaluate dynamic performance
and disturbance rejection, abrupt load transitions were introduced at specific intervals: the
switchable loads were disconnected and reconnected at¢t = 0.25s,t = 0.75s,t = 1.25 s,
and t = 1.75 s, respectively. This sequence imposed rapid changes in both active and reactive

power demands, simulating real-world microgrid operating conditions.

As depicted in Fig. 5.12, the AHPEGA-driven MLPCs respond effectively to these disturbances,
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maintaining stable voltage and frequency regulation across all VSC units. The controllers ex-
hibit strong generalization capabilities, sustaining performance well beyond the conditions
seen during training. Accurate power-sharing is consistently achieved, with both real and re-
active power outputs from the VSCs closely aligned to their droop-based references. Follow-
ing each transient, system frequency quickly re-synchronizes, and voltage magnitudes remain
well within acceptable operating margins throughout the simulation, as shown in Figs. 5.10a—
5.10d. Additionally, the d-axis and q-axis current components (i4 and ¢,) are distributed pro-
portionally among the VSC units in accordance with their droop settings (Figs. 5.10e, 5.10f),

demonstrating the precision and coordination of the proposed control scheme.

The simulation results validate the effectiveness of AHPEGA-optimized MLPCs in managing
the complex dynamics of VSC-based islanded MG. Under equal power-sharing droop con-
trol, the proposed controllers consistently maintain system stability, achieve accurate power-
sharing, and deliver fast, coordinated responses—even in the presence of abrupt and severe
load disturbances. These capabilities are demonstrated across multiple VSC units operating
in parallel, confirming the robustness and adaptability of the control strategy under dynamic
and nonlinear conditions. Notably, the AHPEGA-driven MLPCs match or exceed the perfor-
mance of conventional methods while offering enhanced flexibility and scalability, making
them highly suitable for real-world deployment in modern microgrid architectures. The re-
sults underscore the potential of AHPEGA as a reliable and intelligent optimization frame-

work for training high-performance, data-driven controllers in distributed energy systems.
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Chapter 6

Conclusion and Future Work

6.1 Conclusions

This thesis presents a comprehensive investigation into the optimization of operations and
control strategies for DER-integrated MG, with particular emphasis on hydrogen integration,
advanced control mechanisms for VSC-based islanded MG, and computationally guided opti-
mization techniques. The study is structured around three interrelated research themes, each
contributing original insights toward enhancing the efficiency, resilience, and sustainability

of MG systems.

The first research focus addressed the design and optimization of MG architectures that in-
tegrate diverse DERs while ensuring long-term energy balance and cost minimization. A
key innovation involved the incorporation of hydrogen-based storage and sector coupling
mechanisms to bolster system flexibility, sustainability, and resilience. System-level analyses
demonstrated that integrating hydrogen technologies—PEMFCs and electrolyzers—can sig-
nificantly reduce carbon emissions, curtailment of renewable energy, and reliance on fossil
fuels, while improving reliability during grid outages. Notably, hybrid hydrogen-battery con-
figurations enhanced operational efficiency and extended battery lifetime by better managing
state-of-charge conditions. In addition, the dual utilization of renewable-based hydrogen for
both electricity generation and FCEVs enabled cross-sectoral decarbonization and introduced
new revenue opportunities, reinforcing the environmental and economic value of sector cou-
pling. These outcomes position hydrogen-integrated MGs as scalable solutions for advancing

sustainable, low-carbon energy systems.

The second strand of research developed advanced control and optimization techniques for
VSC-based islanded MGs. A virtual complex impedance-based control strategy was intro-

duced to improve active and reactive power sharing accuracy, while maintaining voltage and
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frequency stability under dynamic operating conditions. By shaping the converters’ output
impedance, the approach enhanced coordination with LC'L filters and the broader electrical
network. While simulation results confirmed its effectiveness in achieving stable and accurate
load sharing, the strategy introduced notable structural trade-offs. The addition of an extra
control loop atop conventional voltage and current controllers increased coordination com-
plexity and computational burden, raising potential stability concerns under varying operat-
ing scenarios. If not carefully integrated with the inner control loops, the virtual impedance
mechanism could lead to conflicting control actions and indirect efficiency losses—such as

elevated control effort, increased switching losses, and altered dynamic responses.

To overcome these limitations, a complementary simulation-based optimization framework
was proposed. This framework utilized PSO to jointly tune controller gains and LCL fil-
ter parameters, targeting improved transient performance, reduced design complexity, and
greater overall efficiency. Integrated within the MATLAB/Simulink environment, the ap-
proach yielded significant enhancements—such as reduced overshoot, faster settling times,
and smaller filter sizes. These findings underscore the interdependence between controller
design and filter tuning, validating the use of computationally guided strategies for achieving
robust and efficient in islanded MGs.

The third and final research direction focused on enhancing voltage and frequency reg-
ulation in VSC-based islanded microgrids by developing intelligent control techniques
grounded in neuroevolutionary learning. To this end, a hybrid neuroevolutionary algo-
rithm—AHPEGA—was introduced to train MLP-based controllers capable of adapting to di-
verse operating conditions. By integrating the global search capability of GA with the fine-
tuning efficiency of PSO, while incorporating adaptive mechanisms including nonlinear iner-
tia weighting, mutation-driven search enhancement, and dynamic population resizing. This
comprehensive strategy enabled simultaneous optimization of neural network weights, bi-
ases, and hyperparameters, yielding robust generalization and fast convergence. Validated
through extensive simulation, AHPEGA consistently outperformed conventional methods
across key control performance metrics, establishing its potential as a high-performance,

adaptable solution for intelligent control in renewable-integrated islanded MGs.

In summary, the contributions across these three research domains establish a coherent pro-
gression from system-level planning and decarbonization to device-level control innovation
and intelligent optimization. The results highlight hydrogen’s pivotal role in sustainable en-
ergy systems, the importance of harmonized controller and filter design in power electronic
converters, and the transformative potential of neuroevolutionary methods for resilient MG
control. Collectively, this work advances the frontier of distributed energy systems and lays a

strong foundation for the development and deployment of intelligent, low-carbon microgrids.
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6.2 Future Work

Building upon the findings of this thesis, several promising avenues for future research are
identified, which can further enhance the development, operation, and intelligence of dis-

tributed energy resources integrated microgrids:

Multi-Objective and Multi-Layer Optimization Frameworks: This thesis employed
single-objective optimization strategies within defined simulation environments. A natural
extension is to explore multi-objective, multi-layer optimization frameworks that can simul-
taneously consider trade-offs between cost, emissions, reliability, and power quality. Future
studies may also integrate demand-side management, market dynamics, and regulatory con-

straints to make such frameworks more practical and comprehensive.

Dynamic Sector Coupling with Hydrogen Infrastructure Expansion: While this work
demonstrated the potential of hydrogen integration in stationary power and mobility applica-
tions, future investigations could focus on the dynamic coupling of hydrogen systems across
multiple sectors. This includes modeling the coordinated operation of hydrogen production,
storage, and consumption under variable renewable inputs and sectoral demands. Further
exploration of hydrogen infrastructure deployment—such as the placement and operation of

refueling stations in industrial parks and transport corridors—could support wider adoption.

Experimental Validation and Hardware-in-the-Loop (HIL) Implementation: All con-
trol strategies and optimization techniques proposed in this study were validated through
simulation. Future work should target real-time validation using HIL platforms and experi-
mental testbeds. This would help identify practical implementation issues such as hardware
nonlinearities, communication delays, and sensor inaccuracies that are not captured in sim-

ulation environments.

Hybrid Learning-Based Controllers with Online Adaptation: Although the AHPEGA-
trained controllers demonstrated strong offline performance, they do not adapt in real time.
Future research may explore hybrid learning-based controllers that incorporate online or
semi-online adaptation using reinforcement learning, transfer learning, or continual learn-

ing to maintain optimal performance under evolving operating conditions.

Cybersecurity and Interoperability in Intelligent Microgrids: As microgrids become
more intelligent and communication-driven, addressing cybersecurity risks and ensuring in-
teroperability among heterogeneous components will be increasingly important. Future work
could focus on developing secure communication protocols, resilient control architectures,

and fault-tolerant mechanisms for cyber-physical coordination.
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Integration of Electric Vehicles (EVs) and Vehicle-to-Grid (V2G) Services: Comple-
menting the hydrogen mobility framework, the coordinated integration of EVs and V2G ser-
vices offers a promising avenue for further enhancing microgrid flexibility. Future studies
may explore how mobile storage units can contribute to grid support functions such as peak

shaving, frequency regulation, and emergency backup during outages.
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