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ABSTRACT

A Microgrid (MG) constitutes a decentralized power system integrating
various Distributed Generation (DG) units. Ensuring frequency and voltage
stability remains a multifaceted challenge, particularly during network-
independent (islanded) operation, where system reliability and operational
integrity are paramount. Although Droop Control is widely adopted due to its
ability to regulate parallel-linked Inverters without critical communication links,
this conventional strategy often exhibits significant inaccuracies in maintaining
frequency and voltage near nominal values. Furthermore, traditional fixed-gain
controllers frequently lack the dynamic adaptability necessary to mitigate sharing
errors and poor transient responsiveness under stochastic load variations. To
address these critical limitations, this research proposes a modified hybrid control
architecture that integrates the precision of classical control with the adaptability
of artificial intelligence. The system features a cascaded structure comprising a
fixed Proportional-Integral (PI) inner loop and an adaptive PID-enhanced droop
controller for the outer loop. A two-stage optimization methodology is
implemented: initially, an offline Particle Swarm Optimization (PSO) algorithm
determines the optimal controller gains through a rigorous fitness function.
Subsequently, these optimized datasets are utilized to train an Artificial Neural
Network (ANN). By learning the complex, non-linear relationship between
system performance and optimal gains, the ANN transforms computationally
intensive optimization into a rapid, real-time prediction task, effectively
bypassing the PSO’s computational load during implementation. The
effectiveness of the proposed architecture is validated using a high-fidelity
asymmetric MG model. Simulation results demonstrate the significant superiority
of the hybrid PSO-ANN controller over conventional and standalone
optimization techniques. The proposed system achieves a power-sharing

accuracy of 99.83%, reducing steady-state error by fivefold. Power quality



exhibits a substantial 43% enhancement, with Total Harmonic Distortion (THD)
dropping from 5.1% to 2.9%. Additionally, the dynamic response is accelerated,
evidenced by a 22.53% reduction in frequency settling time and a 21%
minimization of cumulative error metrics, including the Integral Absolute Error
(IAE). These combined results confirm the hybrid algorithm’s capability to
ensure robust, optimal, and real-time decentralized management in modern MG

systems.
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Chapter One Introduction

CHAPTER One

Introduction

1.1 Introduction

Microgrids play an increasingly pivotal role in the evolution of future power
grids, facilitating the seamless incorporation of Distributed Generation units and
renewable energy technologies. The primary benefits of microgrids include
enhanced efficiency, reliability, and sustainability [1]. A microgrid comprises
multiple sources of power generation, such as solar photovoltaics, wind turbines,
and energy storage devices. However, transient power sharing remains a critical
challenge that must be addressed in microgrids, as it can undermine system
stability and overall performance following dynamic disturbances. These
disturbances include sudden load fluctuations, renewable energy intermittency,
or unplanned transitions between grid-connected and islanded modes. To mitigate
these effects, various control techniques are employed to optimize system
parameters, ensuring minimized voltage/frequency deviations, enhanced settling
times, and highly accurate power distribution among parallel units. The primary
motivations for implementing such an optimization control technique are to
achieve simple integration among various types of distributed energy resources
(DERs) and balanced power sharing among them [2][3]. The use of a multi-
layered control method has led to an increase in the use of Droop control and PID
controllers. However, conventional, hand-tuned PID and droop control strategies
often struggle to reach optimal operation. This is primarily due to the inherent
non-linearity and complex dynamics of inverter-based microgrids, which
frequently lead to significant overshoots and prolonged settling times during
transient events. This requires sophisticated means to provide a fast and reliable
response. The remedy lies in optimizing these controllers with metaheuristic type

algorithms such as Particle Swarm Optimization. This sophisticated mode can
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achieve a higher level of control adaptation and accuracy than a simpler mode.
The hybrid structure has the most benefit of providing the PID controller and the
Droop controller with the capacity to change parameters to provide dynamic and
intelligence-based methods of participating in rapid and reliable transient sharing
of power by various distributed energy systems, while satisfying criteria for
stability required by the control systems used. These systems can be further
refined by the use of Artificial Neural Networks, which provide a powerful and
flexible option. The extremely high capability of ANNs to learn the behavior of
complicated systems and predict the required control action makes them ideal for
intelligent and adaptive control [4]. The PSO is used offline to find the optimal
control parameters (PID gains and Droop coefficients), and the best parameters
so obtained are then used to train the ANN. Such a combination of PSO-tuned
ANN with PID-Droop structure significantly improves the system's flexibility
and responsiveness. This blend allows the system to have more stable and
effective power sharing in real systems. Microgrid transient state power sharing
is addressed in this thesis with a hybrid control structure. The suggested approach
attempts to optimize the control process to the greatest degree by achieving fast
settling time, reduced overshoot, and high precision in load distribution. The
novel strategy efficiently addresses the energy-sharing issues in dynamic
conditions and assists in the development of smarter and more robust microgrid

systems.
1.2 Problem Statement

Microgrids are local power systems rapidly integrated into utility grids to
ensure sustainable and reliable power. However, achieving precise transient
power sharing among DERs remains a significant technical difficulty, particularly
under dynamic conditions such as faults, renewable energy fluctuations, or abrupt
loading changes. Inadequate power sharing directly compromises system

stability, leading to unequal loading and degraded reliability. The primary
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limitation lies in traditional control methodologies, specifically fixed-gain PI and
PID droop controllers. These classical approaches are inherently rigid and fail to
counteract the time-varying, non-linear dynamics of modern MG systems.
Because their parameters are tuned for specific operating points, they exhibit poor
adaptability to disturbances, often resulting in high settling times and significant
voltage/frequency deviations. While metaheuristic techniques like PSO can
enhance performance by optimizing controller gains, they are computationally
prohibitive for real-time applications. The iterative nature of PSO makes it
inefficient for handling instantaneous, intricate control situations where
milliseconds matter. Consequently, there is a critical need for a sophisticated,
integrative architecture that bridges this gap. The challenge is to develop a control
framework that maintains the proven stability of PI/PID and the robustness of
Droop control, while incorporating the optimization precision of PSO and the
forecasting intelligence of ANNs to ensure rapid, adaptive, and resilient

decentralized management.
1.3 Aim and Objectives of the Thesis

The primary aim of this thesis is to improve microgrid transient power sharing
by designing and implementing a reinforced control architecture. Dynamic modes
of operation and distributed energy resources are issues that the proposed

architecture will address. The particular goals of this study are to:

1. Design a modified control system based on ANN, PID, PSO, and Droop
methods with the goal of maximizing transient power sharing of microgrid
operation. Inner current and voltage loops of the hybrid system are regulated by
PI regulators while outer droop control is implemented by a PID method.

2. Improve the power distribution and stability of the microgrid for stable
operation, particularly in dealing with transient phenomena like load change,

system fault, and intermittent renewable energy resources.
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3. Implement the PSO approach in modifying the parameters of the Droop and
PID controllers for enhancing system performance in the presence of nonlinear
and time-varying conditions.

4. Use artificial neural networks to predict system performance to enable real-time
adaptive control and response to new operating conditions quickly.

5. Establish the validity and reliability of the suggested control system under
various operating conditions by testing in a variety of simulated operating

conditions.

1.4 Contribution of thesis

The contributions of this thesis to the field of renewable energy and microgrid

control systems can be summarized as follows:

Development of an Integrated Multi-Layer Control Framework: This
research introduces a modified control architecture that synergizes Droop control,
PSO-based optimization, and ANN-driven predictive intelligence. This multi-
layered approach provides a robust solution for managing complex power-sharing

dynamics in islanded microgrids.

Enhanced Real-Time Adaptability: By utilizing an Artificial Neural Network
to predict optimal controller gains, the system effectively bypasses the high
computational latency associated with traditional metaheuristic optimization.
This ensures a rapid, real-time response to transient events and sudden load

variations.

Precision in Parameter Coordination: The study provides a strict coordination
mechanism between the PID-enhanced Droop controller (outer loop) and the
fixed-gain PI controller (inner loop). This dual-loop optimization minimizes
cumulative errors (IAE) and significantly reduces settling time during mode

transitions.
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Scalability for Practical Applications: This research offers an extensible control
solution that can be adapted to real-world microgrids. It provides operators with
a reliable tool to maximize operational efficiency and support the long-term

sustainability of decentralized energy systems.
1.5 Outline of thesis

The structure of this thesis is organized to reflect the research scope,
transitioning methodically from the identification of the problem to its
solution. This progression begins with the theoretical underpinnings and
culminates in the practical application and comprehensive analysis of the

results.

e Chapter one: This chapter introduces and discusses microgrid control issues.
It proposes a robust control approach based on the intelligence of ANNSs, the
optimization capability of PSO, and PID/PI stability to solve such issues and
ensure proper transient power sharing. The hybrid approach is designed to
improve the overall performance and fault tolerance of microgrid systems by
solving the dynamic issue of power allocation, improving system stability, and

ensuring proper energy utilization.

e Chapter two: This chapter presents a general overview of modern microgrid
control methods with a focus on the most challenging problems of voltage and
frequency stability and load variability compensation. The overview reveals
various methods that combine new optimization algorithms like PSO and

ANNs with (PID/PI) controllers.

e Chapter three: This chapter describes the overall, multi-step procedure used

for microgrid efficiency optimization. The procedure employs the hybrid
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PSO-ANN algorithm, where the most current metaheuristic optimization
techniques are combined with conventional control policies. The procedure
uses one combined optimization policy. It tunes the Droop control gains (m
and n) for frequency and voltage stability and tunes the PID controller gains
for dynamic response and power quality improvement by reducing overshoot
and settling time. For all the simulations, the MATLAB platform was
employed to simulate this integrated approach, which takes into account a
number of performance indices to give an overall improvement in the

microgrid's dynamic and steady-state performance.

e Chapter four: This chapter gives a close-up description of the simulation
results run on the MATLAB platform towards realizing the major goal of
enhancing transient power sharing in islanded microgrids. The performance
of three different control systems was matched against each other. The
traditional PID/PI controller was employed to realize a baseline, introducing
the common disadvantages of hand-tuning such as increased settling times and
power overshooting. Then, the PID and Droop controller were optimized
using PSO approach with a very large performance gain. Through efficient
optimization of a multi-objective cost function, the PSO-optimized controller
enhanced voltage and frequency stability with transient and steady-state error
minimization. The chief contribution of the present study is the conclusive

proof of the superior performance of the adaptive ANN-based controller.

e Chapter five: This chapter summarizes the key findings of the thesis, which
successfully demonstrates the efficacy of the suggested hybrid control method
in resolving the performance constraints of conventional controllers in
microgrid operations. Improvement in the transient power sharing through a
multi-phase operation was the major goal of the project. The work began with

the use of PSO for optimizing the parameters of PID and Droop controllers.
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The significant contribution of this research lies in the construction of an
adaptive ANN-PID/Droop controller based on the optimal PSO process data.
This controller provides a strong and significant foundation to improve
microgrid efficiency and stability through dynamic adaptability and improved

performance using real-time parameter adjustments.
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CHAPTER Two

Theoretical Background

2.1 Introduction

A microgrid is a localized power system comprising distributed generators and
loads that can operate independently of the primary utility grid, providing a
resilient energy solution during emergency scenarios and blackouts. Besides, it
can also be used to meet peak demand, lowering microgrid consumers high bills
[5]. Another definition of a microgrid is as a mini power system that provides
electricity to local loads like housing estates, business centers, hospitals, or
industrial parks. Microgrids can be powered by renewable energy sources such
as wind turbines or solar photovoltaic systems, or by traditional generators.
Because RESs emit no emissions and produce less pollution, they are beneficial.
Electricity produced by wind and solar energy can surpass local energy needs in
certain countries, where it can account for up to 20% and 8% of the total power
demand, respectively[6]. Microgrids can be categorized based on their connection
and operation modes. They can either be connected, or isolated to the grid.
Isolated microgrids do not need a primary fuel source to function and can be
located in geographic locations without traditional electric facilities. Grid
connected microgrids can also import and export as needed because they are in
conjunction with a primary grid. Microgrids also can utilize AC, DC, or both. AC
microgrids are the most common microgrid since they can operate off of legacy
technologies existing on the grid. DC microgrids are becoming more common in
certain use cases, but still are not commonly seen in comparison to AC. Hybrid
systems can use either AC or DC technology, which can optimize performance
with different devices and energy sources and enhance flexibility and efficiency.
Microgrids enhance usage efficiency for localized energy consumption, and

represent a powerful mechanism to integrate renewable energy resources and
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create greater sustainability. They are essential for the future due to their ability
to accommodate the variable nature of RESs [7]. They are used in a variety of
applications, including in rural electrification to provide power to off-grid
communities; for reliability in the commercial sector when reliable power is
needed; and in industry to reduce operational expense through self-generation.
One benefit of microgrids is increased resilience of the grid, especially in times
of power outages. They also lower dependence on fossil fuels, facilitate the
transition to renewable energy, and result in carbon emission reductions. They
may also increase energy efficiency, consequently reduce consumption costs and
yielding economic benefits. However, there are challenges related to deploying
microgrids, including economic challenges of high up-front costs with
unguaranteed return on investment, and technical challenges related to stability,
protection, and harmonics in more complex systems [8].

High-performance control strategies are essential to ensure the reliable and secure
operation of microgrid systems. This can be achieved by decreasing the overshoot
number which has a direct impact on system efficiency. In particular, this ensures
safe power sharing as well as power transfer responses during mode transitions.
Current and voltage sharing is a particular issue in microgrid operation. Besides
voltage and frequency stability, some researchers have examined optimizing
power sharing and response to enhance the resiliency of these networks to outside
disruptions. The solution to these problems requires an advanced controller where
the self-tuning functionality incorporates an optimization algorithm. Emerging
technologies, which optimize power distributions and predict power demand like
artificial intelligence and machine learning , have an increasingly important role
in microgrid control [9]. As a result, microgrids will be an important aspect of the
future energy landscape and developing more resilient, sustainable, and

decentralized power systems.
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2.2 Classification of microgrids

Based on their technical and operational features, some researchers have
introduced a number of microgrid classifications based on their different
characteristics. Those classifications usually follow principal criteria, such as
their power type (AC, DC, or hybrid), control and monitoring architecture
(centralized or decentralized), number of phases (single-phase or three-phase),
and operation mode (isolated or grid-connected), as depicted in Figure (2-1).
These categories determine the particular kind of microgrid and its possible uses,

for example, commercial, industrial, and farm premises.

Applications

Mode of operation R “Agriculture

* Grid-connected
<+ Commercial

“»Industrial
s Institutional

« Centralized < Military
R “Municipal
e “*Residencial

Number of Phases
* Three phase % Transportation

Figure (2-1) Standard operating classifications for microgrids [6]

2.3 Microgrid Structure

Microgrids are coordinated systems that use grid-based distributed energy
resources that can be connected to or disconnected from the utility grid (UG) at
the point of common coupling (PCC). The PCC is the distinct point where the

entire microgrid system is connected to the primary utility grid. The elements that
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constitute an MG are examined in the sections that follow. The main components
of the microgrids system are the DER including PV, wind turbines, diesel
generators, and other resources. The second component is the Energy Storage
Systems (ESS) and this could be like lithium-ion batteries which are very
important for maintaining power quality where the third component is the Power
conditioning unit to enable and ensure compatibility between different sources
and loads [10]. The following sections describe these primary components and

their roles within the microgrid.

Main grid

-

PeEC

l t AC Bus
! N ! Protzctions

N N 3

l | | | con:
AC/AC AC/DC Converters
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Home

Wind Solar Energy Energy
turbine panels storage storage
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]

LDis(l'ibu ted generators-l LS torage s_vstems—l L L oads

Figure (2-2) A microgrid's (MG) layout [1]

2.3.1 Distributed generators (DGs)

The microgrid provides a coordinated approach to integrating heterogeneous
distributed generation resources, allowing for the unified operation of multiple
energy sources regardless of their geographical placement. End users can get
power from DGs such wind turbines, photovoltaics, hydro turbines, biomass and
fossil fuel-based generators, and others. They considerably lower emissions. DGs
can provide substantial environmental advantages in addition to producing and

delivering energy efficiently. For DGs to successfully and smoothly connect to
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MGs, they have a controller that controls frequency, voltage, and active/reactive

power[11].

2.3.2. Storage Systems

Energy storage systems are crucial components of MGs, as they provide
essential backup power to support renewable energy sources. When there is an
abundance of generation from local DGs, ESSs store the excess energy to prevent
wastage. Furthermore, they maintain system stability and minimize disruptions
by injecting stored electricity into the grid during periods of high demand. By
significantly mitigating the fluctuating effects of RESs, ESSs improve overall
system performance, including frequency management and transient stability, to
create a more reliable and dynamic power system.[12]. By considerably lowering
the fluctuating effects of RESs, an ESS can improve system performance and
enable a more economical MG operation. Other aspects of the system, including
stability, PQ, power imbalance, dependability, and remote MG operation, can
also be enhanced. Voltage imbalance (VU), frequency management, and
transient and dynamic stabilities can all be improved by ESSs to create a dynamic

power system.
2.3.3 Loads

Microgrids serve diverse load types, ranging from residential to commercial
applications. To optimize system performance, these loads are categorized into
critical loads such as medical equipment in hospitals or data centers and non-
critical loads like decorative lighting or HVAC systems in non-essential areas.
This prioritization ensures high reliability and power quality (PQ) for essential
services, maintaining stability even during contingency events. [13]. Using
protective systems, critical loads are cut off during grid outages, and local

generation, the customers' own generating facility is then used continually.
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2.3.4 Control Units

These units function as the microgrid's core intelligence, comprising power
converter controllers that manage both islanded and grid-connected operations.
The control architecture employs a dual-loop strategy: a fast inner current loop
for precise grid current regulation and an outer voltage loop to maintain DC-link
stability. The primary objective of these units is to ensure robust system stability

and seamless performance under diverse dynamic conditions. [14].

2.3.5 Point of Common Coupling

The Point of Common Coupling serves as the critical electrical interface where
the microgrid physically connects to or disconnects from the main utility grid.
More than just a physical junction, the PCC acts as a strategic boundary for system
operation and control. It is an essential component for effective protection,
synchronization, and power flow management [15]. During grid-connected
operation, the PCC facilitates the exchange of power between the microgrid and
the main utility, ensuring that the local generation and demand are balanced. In
the event of utility-side disturbances or faults, the PCC-located protection devices
such as circuit breakers and relays trigger an islanding transition, isolating the
microgrid to protect local Distributed Generation units and sensitive loads.
Furthermore, the PCC is vital for synchronization; before re-establishing a grid-
tied connection, it ensures that the voltage, frequency, and phase angle of the
microgrid are aligned with the utility grid to prevent damaging inrush currents.
Consequently, the PCC represents not only a physical link but also a dynamic
control boundary that dictates the microgrid’s operational mode and maintains

overall system stability.
2.3.6 Protection Elements

The microgrid's safety and dependability depend on protection systems. Their
purpose is to identify and separate malfunctions and other disruptions. Protection

devices, protective relays, measurement tools, and grounding are the usual

15



Chapter Two Theoretical Background

components of a protection system [16]. These components are essential for
avoiding equipment damage and guaranteeing that vital loads receive a steady

supply of electricity.
2.4 Mode of operation

A microgrid's efficiency, stability, and compatibility with other energy systems
are all influenced by its topology. The overall performance of a microgrid is
dependent on its operation mode and connectivity. Microgrids can operate in two

ways: (1) connected to the grid and (i1) isolated.
2.4.1 Grid-Tied Mode

For grid-connected operation, MGs can purchase or sell energy from the UG,
as per power grid demand. The integration of BESSs with MGs enhances system
reliability, thus optimizes the system operation. The reliability of MGs can be
guaranteed by BESSs that are able to control frequency and voltage fluctuations
within limit values. When grid disruptions occur, BESSs are typically used in
conjunction with RESs to provide standby generation, provide electricity to lower

peak load demand, and regulate voltage and frequency to maintain the grid [17].

MGs connected to the grid are equipped with a PCC and a clever bi-directional
switch. The bi-directional switch controls how the MG and main UG are
connected in both directions. When the MG needs energy, it can draw it from the
UG. It can also provide the UG extra power. When the microgrid is in grid-
connected mode, it is in sync with the main electrical grid, enabling two-way
energy exchange. The primary grid can act as a backup during variations in local
generation or demand, which improves system stability and demand
management. To maintain frequency and voltage at the point of common

coupling, this mode necessitates a strong infrastructure and exact coordination.
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Figure (2-3) operation of MG in grid-tied mode [1]

2.4.2 Isolated Mode

MGs are usually connected to an electric power network at medium (or low)
voltage levels and are connected to the UG via a PCC. Although the MG is not
connected to the UG in the islanded mode, it may nonetheless reliably supply
customers with power in response to DG bids. RES-induced power oscillations
are lessened by ESS-integrated MGs, which also improve the power network's
efficiency and dependability. In order to preserve power network stability and
dependability in emergency situations where the MG is cut off from the UG due
to network issues, the MG may function independently (in the islanded mode)
with the assistance of DGs and the integration of battery ESSs [18]. In isolated
mode, the microgrid functions as a self-sufficient energy ecosystem, which is vital
for remote regions where grid extension is technically or economically
unfeasible. This autonomous operation enhances supply reliability by eliminating
dependence on external grid disturbances and provides superior voltage stability
through localized control. By integrating ESS to buffer the intermittency of
renewables, the isolated microgrid ensures a continuous, high-quality power
supply, making it an ideal solution for critical infrastructure in oft-grid locations.

[19].
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Figure (2-4) operation of MG in Isolated Mode [1]
2.5 Power type of microgrids
MGs are divided into three categories: hybrid AC—DC MG, direct current MG,

and alternating current MG.

Microgrid

v v v

AC Hybrid ACDC DC
Microgrid Coupled Microgrid Microgrid

Figure (2-5) Microgrid categorization[9]
2.5.1. Alternating Current MG
A PCC connects an ACMG to the UG, and a switch regulates the MG's
operating modes. To facilitate the integration of DC-based Distributed Generation
(DG) units, such as Energy Storage Systems , into an AC-bus architecture, power
electronic converters are required to perform the necessary DC-to-AC voltage

transformation. [20]. The ACMG technique's primary drawback is that integrating
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DGs with the UG necessitates large, intricate power electronic equipment, which
causes a harmonic impact in the power network. Furthermore, it is necessary to
synchronize and harmonize characteristics like phase angle, frequency, and
voltage magnitude with the current UG. The use of ACMGs with UGs is limited
by these constraints. Generally speaking, an ACMG needs more extra

transformation steps than a DCMG.

2.5.2. Direct Current MG

Since DGs primarily produce a DC voltage, the DCMG scheme can be
effectively integrated with them. Both RESs and ESSs use a DC voltage to
function. Usually, DCMG systems are connected to the UG via a PCC. ESSs,
PVs, EVs, and DC loads are connected to the DC bus using this method through
DC-DC converters. Wind turbines, diesel engines, and other AC loads are
connected to a DC bus using AC-DC converters. In order to increase system
efficiency, the DCMG system's architecture is significantly simpler than that of
an ACMG system because it does not require grid harmonization of DGs,
harmonics, and reactive power flow [21].

However, using power electronic converters leads to issues with reliability and
makes it harder to manage the flow of power from and to the distribution UG.
2.5.3. Hybrid AC-DC MG

This method combines the ACMG and DCMG techniques. The PCC is
directly connected to the ACMG in this architecture. But to connect to the AC-
bus system, the DCMG utilizes a two-way AC—DC converter. For the network to
be dependable and efficient, each converter needs a control unit. Between the UG
and network buses is the control unit Figure (2-8) To manage and regulate the DC
bus voltage and power transfer between the AC and DC MG, a bidirectional
converter is utilized [22]. A key advantage of hybrid microgrids is their inherent
flexibility, as Distributed Generation units can be seamlessly integrated into either

AC or DC buses without the complex synchronization requirements typically
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associated with conventional AC grids. As a result, the control minimizes energy
losses and is straightforward. Nevertheless, there are several issues with MG's

control methods.
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Figure (2-6) Hybrid MG structure - based power system [1]

2.6 Microgrid Energy Management System

Among its many tasks, the EMS keeps an eye on, evaluates, and forecasts
DER power generation, energy and related market prices, load usage, and weather
patterns. These features allow the EMS to meet all limits and achieve the best
possible operation of MG. The EMS for coordinated MG systems is depicted in
Figure (2-10) Every MG EMS in this MG hierarchy regulates the power of its
own MG. Through the Energy Management System coordination, excess
electricity generated by the microgrid is either exported to the main distribution
system, shared with an adjacent microgrid, or stored within the Energy Storage

System .In a similar manner, the EMS coordinates with the UG or an adjacent
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MG to obtain the MG's power shortfall [23]. In order to stabilize and sustain cost-

effective operation, the EMS keeps a steady power supply across the board.
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Loads Generators ) ESS Loads | | Generators ESS

Figure (2-7) EMS for networked Microgrids[10].

2.6.1 Classification of EMS

An MG EMS's supervisory control method can be categorized as either
hybrid, decentralized, or centralized.
2.6.1.1 Centralized EMS

The central controller in the centralized approach collects all data, including
cost function, weather information, DER generating status, and users' energy
consumption status [5]. Maintaining the energy balance of the entire power
network is the major goal of a centralized EMS. The primary goals of this strategy
are cost reduction and increased reliability. Furthermore, it handles the external
EMS effectively Figure (2-11). The black and solid blue lines in Figure (2-11)
represent the system's power flow and communication link, respectively. The
EMS in the centralized model only performs one optimization, and MGs are
connected to the UG over a shared bus. The centralized EMS method works well
for optimizing standalone and single-owner MGs. EMSs based on central

controllers have been examined and suggested for hybrid, AC, and DC MGs [24].
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Figure (2-8) Centralized Energy Management System scheme [1]

2.6.1.2 Decentralized EMS

Each MG functions as a separate system in the decentralized EMS method,
utilizing a local EMS to maximize its advantages. A decentralized EMS scheme
is depicted in Figure (2-12) Every MG has the ability to trade power with the UG
on their own. In certain cases, the nearby MGs and the local EMSs can work
together to distribute the excess power [25]. Decentralized EMSs are typically
optimized using multiagent systems (MASs). Grid-tied MGs made up of several
rapidly changing DGs with multiple owners are a good fit for decentralized

EMSs.

Figure (2-9) Decentralized Energy Management System scheme [1]
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2.6.1.3 Hybrid EMS

To address the drawbacks of both centralized and decentralized EMSs and to
capitalize on the advantages of individual EMS, hybrid EMSs have been
developed. Under the hybrid method, each local EMS solely optimizes local
sources and alerts the central EMS to any excess or insufficient energy Figure (2-
13) The central EMS then permits an energy exchange between MGs and

manages the resources of the overall system [26].

Central EMS

Utility Grid

Solar Solar

Battery Battery Battery

<+——» Power flow - »Communication link ’ Optimization

Figure (2-10) Hybrid Energy Management System scheme [1]

2.7 Control Techniques in Microgrids
2.7.1 Basic PID Control for Microgrids

In a microgrid system, transient phenomena of power sharing are the
distribution of power amongst various sources as short-term disturbances occur.
The process requires suitable control for ensuring dependability and stability of
the system. A common control mechanism for regulating voltage, frequency, and

power output is PID controller [27]. The PID algorithm is the most used control
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technique in industry due to its simplicity, effectiveness, and wide operating
range. In its basic form [28], engineers are able to program the PID function
directly and easily, because it is so straightforward. The algorithm is based on
three parameters, proportional (P) gain, integral (I) gain, and derivative (D) gain,
tuned to deliver the best response. Traditional PID functions as a closed-loop
system. A PID controller will sense information from sensors, compare the sensor
measurement to a setpoint, and change the output to get the control variable to

the setpoint such as temperature, speed, flow rate, voltage, and pressure [29].

R(s) X E(s) 1 + “U(s)
—_— —_— K — = — > | —_—

+

Y(s)

Figure (2-11) PID Controller Block Diagram [30]

PID control is the control algorithm that is most often applied in industry because
it has built in reliability and simplicity, to name two advantages. The simplicity
of PID control means that engineers can apply and run the controller with ease
and confidence. Despite these advantages, there are several disadvantages to PID
control. One of the main drawbacks is the manual tuning procedure, which is
often complicated and highly time-consuming due to the complex
interdependencies between PID gains and droop coefficients, especially when
attempting to maintain stability across diverse operating points. In addition, most

classical PID controllers do not usually give the required level of performance for
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processes with significant non-linearities or time delays. Despite these
disadvantages, engineers still favor PID control over more advanced methods,
even when PID control does not always meet stringent control requirements or

give optimal performance [31].
2.7.2 Conceptualizing Droop Control in Microgrids

Droop control is a decentralized inverter control method used in microgrids
that eliminates the need for physical communication lines by allowing multiple
power sources (such as inverters connected to solar panels or batteries) to function
in parallel and share the load independently. The idea mimics the way traditional
synchronous generators within a bulk power system regulate themselves: as the
load on a generator is raised, naturally its speed decreases, and thus its output
frequency decreases slightly. Inverters obtain this through simple mathematical
formulas using droop control to allow independent and stable power sharing [32].
Microgrid droop control is significant, as discussed below, because it serves to
provide system stability, self-sustained power sharing, and flexibility in

scalability:

* Autonomous load balancing: This feature enables more than one inverter unit

to be shared with active and reactive loads without a master controller or

communication lines. Thus, the system is more reliable and scalable.

¢ Grid-Forming Capability: With isolated or islanded operation, the capability
of the inverter to provide and support a regulated voltage and frequency for

the microgrid enables it to behave like a grid-forming inverter.
® Plug-and-Play Operation: The microgrid can be accepted with additional
distributed generating units without complex reconfigurations of control systems
¢ Stability: Droop control offers a type of virtual inertia that stabilizes the

frequency and voltage of the microgrid under abrupt changes of generation or
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load. The conventional droop control strategy serves as the foundational
decentralized framework for power distribution in islanded microgrids. This
method utilizes the P-f and Q-V relationships to achieve autonomous load sharing
without critical communication links. The standard implementation within
inverter-based DG units is illustrated in Figure 2.12, where local measurements
of V and I are used to calculate the power components. These values then
determine the reference frequency and voltage for the internal control loops,

ensuring proportional response to load changes and maintaining AC bus stability.

I V Vdc

AC Bus

E'sin(wt)

Figure (2-12) Block diagram of ¢ conventional droop control.

2.8 Control of Microgrids

Microgrids provide significant benefits, including enhanced power quality
and reliability for sensitive loads and increased utilization of different energy
resources, such as renewable energy. Furthermore, because of their proximity to
energy end consumers, microgrids are expected to benefit customers and service

providers significantly. To improve control performance, DGs are typically
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connected to microgrids via power inverters. Many control methods have been
widely used worldwide to operate parallel-connected inverters for load sharing in

DG grids, including:

e C(Centralized / Decentralized.

e  Master-slave control.

e  Average current-sharing control.
e  Current power-sharing technique.

e  Peer-to-peer control.

In this thesis, the focus is exclusively directed toward decentralized and peer-to-
peer control strategies, as they represent the most robust and scalable approaches
for modern microgrids. Unlike centralized systems that rely on a single controller,
the decentralized droop control method implemented in this work allows each
inverter to operate autonomously based on local measurements. This architecture
ensures high reliability and eliminates the risks associated with a single point of

failure, providing a seamless power-sharing mechanism between parallel units.

2.8.1 Decentralized control strategies for efficient operations and

management

Decentralized control strategies provide as an alternative to centralized control
strategies. In their most general form, they allow each generator unit in the
microgrid to determine its output power without considering the power output of
other units. Droop control is a widely used and better-known decentralized
control strategy that can be implemented through primary control. There are
different vertical arrangements for droop control. Still, the widely spread one
combines P-f and Q-V droop control, where the active power frequency and the
reactive power voltage droop control methods are used for distributed generator
units. Recent developments have enabled the implementation of droop control for

several inverter-connected distributed generator unit types. Such systems can
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achieve stable operation in a grid-forming configuration, even if losses and/or

unknown disturbances are acting on the system.
2.8.2 peer-to-Peer Control Architecture

The Peer-to-Peer (P2P) control strategy represents a truly decentralized
approach where all Distributed Energy Resources within the microgrid operate
with equal priority and autonomy. Unlike master-slave configurations, P2P
architecture eliminates the dependency on a single coordinating unit, thereby

enhancing the system's "plug-and-play" capability and overall survivability.

P2P control structure allows each Voltage Source Inverter to regulate its output
based on local measurements of voltage and frequency. In this setup, there is no
hierarchical dominance; instead, the parallel-connected inverters interact as
"peers" to achieve balanced power sharing. This interaction is governed by the
modified Droop-PID controllers, which ensure that any change in load is
instantaneously distributed among all units according to their pre-defined
capacities. This horizontal coordination, ensures that the failure of any single unit
does not lead to a total system collapse, providing a robust foundation for the

proposed PSO-ANN hybrid control framework.
2.9 Enhancing Stability in Microgrids

Microgrids represent small-scale power systems composed of DER with
localized loads that can operate independently from the grid. DG growth has
mainly increased interest in microgrids. However, the intermittent nature of
renewable energy resources poses challenges to microgrid stability and control.
Power system stability is defined as the ability of a power system to regain a state
of equilibrium after being subjected to a disturbance. Increasing renewable
energy resources in a microgrid can lead to potential issues related to stability,
such as a decrease in the system of damping. Microgrid stability can be classified

as small-signal stability or transient stability. Microgrid frequency and voltage
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control are similar to the control method used in conventional grids, with
frequency and voltage as two significant control variables. In a microgrid,
controllable DGs are operated to maintain the adequacy of active and reactive
power balance while operating within their generation limits. However, droop-
based control methods of synchronous machines may also find limitations in
microgrids with high levels of inverter-based resources. Stability is classified as
a 'small signal' if the disturbances are small. The power system is subjected to
constant small disturbances on occasion. Power systems with tightly
interconnected connections and many interconnected machines can exhibit small-
time electromechanical oscillations. These oscillations may persist for a long time
and become significant because the system cannot dampen them. This makes
small signal stability of the power system deteriorate, leading to an uncontrollable
system. Voltage stability deals primarily with the ability of a power system to
maintain steady voltages at all buses in the system after being subjected to a
disturbance, which can also be classified into short-term and long-term voltage
stability. Droop control used in voltage regulation of DG units may inadvertently
increase the system’s operating range, making them more prone to voltage

instability.
2.10 Previous Study:

Several research papers investigated the optimization of transient power
sharing in microgrids using various advanced techniques in conjunction with PID
and Droop controllers. Below are some key works. The subsequent sections
summarize and describe the implementation of each technique and the author
contribution achieved in each work. Additionally, the pros and cons have been
discussed and considered. The main focus of these advanced would be to optimize
and schedule both PID controller gains as well as the Droop control coefficients

for increased stability and performance- specifically using algorithms like PSO
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for the tuning of the PID controller and/or the Droop control coefficients, as well

as ANN for the adaptive control.
2.10.1 Traditional Controller Techniques

While PID controllers and conventional Droop control have historically
served essential functions for load frequency control and power sharing in power
systems, their inherent limitations, along with the increasing complexity of
modern grids, have driven significantly more study in developing more complex
and effective hybrid and advanced control methodologies. Yue et al. (2023) [39]
examined the challenges in developing fast and robust power sharing for remote
microgrids. The authors referenced that the power-sharing droop control method
has typically not performed that well, for example, even when the gains of the
droop are excessive, typically the system becomes unstable. The study confirmed
that among the significant drawbacks of the classical droop method is the trade-
off between power sharing speed and stability of the system. Elvin Yusubov et
al. (2025) [40] assessed the robustness of metaheuristic PID controllers under the
hierarchical control architecture of photovoltaic DC microgrids. The study
identified that conventional PID tuning methods such as Ziegler-Nichols and
Cohen-Coon fall short in handling the complex, dynamic behaviors of these
systems. In line with the study, sacrificing conventional measures is necessary.
Waseem kh et al. (2024) [41] centered on the important problem of DC voltage
regulation in power plants, which they felt is required to ensure performance and
reliability. The authors compared the four control systems: fuzzy logic, fractional
order PID (FOPID), conventional PID and a hybrid fuzzy-PI system. The studies
concluded to conventional controllers, for example, the conventional PID are not
adequate enough to provide the performance and reliability of power plants,
especially with the inclusion of renewable energy systems. Ahmad et al. (2021)
[42] provided an extensive explanation of the fundamental concepts of

conventional droop control. to control active and reactive powers in AC and DC
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microgrids by means of voltage and frequency droop adjustments. the authors
noted that this framework provides a decentralized power sharing scheme from
different energy sources and does away with a centralized controller, a nature of
conventional power systems. but the authors' work also quietly noted the
drawbacks of this configuration such as a reliance on line impedances that are
capable of affecting effective power sharing. Mirez et al. (2020) [15] gathered
and compared the theoretical foundations and applications of the droop control
method. The authors set the foundation for understanding how droop control is
applied in microgrids by using synchronous generators to enable decentralized
power sharing. This article illustrates the ease and advantage of the approach in
providing and managing distributed energy resources, especially if operating in
an islanded mode. Fadi et al. (2024) [43] analyzed how conventional PID
controllers function in a grid-connected solar system. While PID is a
straightforward method for stabilizing output power, the authors observed that
rapidly varying weather conditions diminish the level of output power
stabilization. The findings reveal limitations of using traditional control strategies
in dynamically installed renewable energy systems; the authors point out the
delay in PID response and difficulty of reaching and maintaining the stable
maximum power point. Mahmoud et al. (2023) [44] contrasted and compared
traditional control strategies in regulating the voltage within DC microgrids. PID
control performance was studied, indicating an ease of setup, but issues arose
concerning disturbance and nonlinearities in the system. The authors indicated
that only fixed-gain PID controllers deliver performance that is always a
compromise: fast response time will always be delivered at the expense of
overshoot and precision or stability versus high precision and stability will always
come with a compromise in response time and minimal overshoot. While the
aforementioned studies demonstrate the fundamental operational stability
provided by conventional PID and droop-based control strategies, a critical gap

remains regarding their performance in highly dynamic environments. The
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literature indicates that these methods rely heavily on fixed control parameters,
which often fail to adapt to the non-linear, stochastic nature of renewable energy

integration and sudden load fluctuations.
2.10.2 Optimized Controller Parameters using Algorithms

The modified controller refers to a conventional controller that has
undergone some changes in order to address the shortcomings found when using
traditional techniques. The impact of these changes on the performance and
stability of the power system is examined in the sections that follow. M. Regad
et al. (2021) [45] focused on using a PID controller tuned by PSO to control
frequency in a microgrid power system that uses wind and PV sources. The
authors utilized secondary means such as fuel cells and diesel generators. Energy
storage systems were also used to support linked loads. This research concluded
that PSO is a reliable optimization scheme for tuning PID controller gains for a
particular objective function. The main purpose was to reduce variations in
frequency of the system and overall power. PSO based PID controllers have better
frequency and power performance than conventional controllers based on genetic
algorithms. Under the supervision of PID and other simulated systems, the hybrid
system detailed in the study integrates photovoltaic cells, wind turbines, fuel cells,
diesel generators, and various energy storage devices. Vincent N. Ogar et al.
(2023) [46] Emphasized the necessity of load frequency control for ensuring the
security and reliability of power systems. They found PSO-PID to be an effective
approach to increase LFC efficiency and strongly recommend it as grid
complexity and renewable energy sources increase. Nanda, A. et al. (2023)
[47]demonstrated the three-phase distributed energy freestanding microgrids'
operational efficiency. Their study focused on systems that used solar
photovoltaics as the main power source and a battery storage unit for system
inertia and stability. The study examined the microgrid's performance under load

imbalances and variations in solar insolation. Ahmed Alshahir et al. (2021) [48]
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demonstrated a modified form of the MPSO algorithm that is designed to
minimize the power-sharing ratios between a utility grid and a microgrid. Their
indicated process aims to coordinate hourly networked systems with lower
instantaneous power variances by taking various actions to minimize the
variances of transient response parameters. This directly alleviates the concerns
for dynamic grid integration associated with monitoring controller parameters to
improve system sustainability and reliability. Nihan Kahraman (2022) [49]
demonstrated a model designed to improve voltage and frequency stability and
microgrid power responsiveness. The study proposed a self-tuning control
strategy that employs an H-infinity controller optimized with the Artificial Bee
Colony algorithm to enhance droop control. In comparison to other optimization
methods and conventional droop control, the study showed significant
improvements in power-sharing efficiency and dynamic response. Farhad et al.
(2022) [50] explored a hybrid strategy to accomplish microgrid frequency
regulation. They employed a hybrid Particle Swarm Optimization-Gravitational
Search Algorithm (PSO-GSA)-based PID controller to study frequency
regulation in islanded microgrid conditions. The objective function was time-
dependent and a function of system frequency deviations, while the PID
parameters were tested on a series of simulation experiments comprising power
and frequency deviations and load deviations and standard function testing.
Mohsin Ali Tunio et al. (2020)[1] proposed a new control system based on
MPSO. The research methodology was aimed at transient response enhancement
and optimal use of the maximum power sharing contribution in grid-connected
microgrids. The primary reason that their work was new is the fact that it had a
"best neighbor particles" (rbest) component, which other algorithms lacked and
acquired the capability to search and choose the optimal global solution. Majeed
Kareem et al. (2024) [51] noted the drawbacks of droop control with factors such
as low dynamics, line impedance mismatches, and inaccurate load sharing. In

response to these disadvantages, the authors conducted an evaluation of five
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metaheuristic optimization techniques which included the Particle Swarm
Optimization algorithm. The authors propose that these tools can enhance droop
control parameters and improve the droop method’s effectiveness and its
applicable utility for the flexible microgrid. Lai et al. in (2025) [52] proposed a
new enhanced droop method as a solution to reactive power imbalance issues in
islanded microgrids. The authors used APSO method with virtual impedance
control. The APSO process was set to optimize the PID controller parameters in
the outer voltage control loop. The enhancement minimized circulating current
between parallel inverters and greatly improved output voltage stability of the
inverter. Kaur et al. (2024) [53] suggested a novel approach to droop control by
using PSO algorithm. The approach was developed to achieve more accurate
active and reactive sharing of electricity between distributed generating units in
an islanded microgrid. Simulation results showed that the PSO algorithm
outperformed conventional techniques of tuning the parameters of droop control,
especially with changing loads. Ghahramani, M. et al. (2019) [54] were
interested in applying a sophisticated PID controller in order to improve voltage
and frequency control performance in isolated microgrids. The authors were
interested in applying the Particle Swarm Optimization technique to tune the PID
parameters in order to assist in controlling the overshoot of the voltage more
efficiently and reducing the settling time. The findings using the PSO were that
it was better than the conventional practices because it gave a far more dynamic
and stable output with the simulations. Al-Saedi et al. (2018) [55] proposed a
hybrid scheme that integrated droop control and the particle swarm optimization
algorithm in order to improve power sharing in renewable-energy-based
microgrids. The authors addressed the issue of power sharing mismatch as a result
of the fluctuating line impedance and introduced a PSO to make dynamic
adjustments to the droop settings in an effort to evenly distribute active and
reactive power among the distributed sources. The results reflected the benefits

of the PSO algorithm, showing that it had great potential to reduce load-sharing
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inconsistency while enhancing stability in the microgrid. Li et al. (2017) [56]

investigated voltage and frequency stability challenges when integrating
renewable energy into microgrids. They proposed a control technique that
integrated droop control along with the PID controller that was optimized with
the PSO algorithm. Their attention was to balance correctly proper regulation of
the voltage and proper power sharing with the right regulation of the frequency.
They identified that the PSO-optimized hybrid system experienced faster
recovery from disturbances and load change. This demonstrated the advantages
of uniting state-of-the-art optimization techniques with conventional control

methods.
2.10.3 Intelligent and Adaptive Controller Techniques

Microgrids today also possess complex, non-linear dynamics which continue
to surpass those which traditional approaches such as PID control or droop control
can manage, despite advances afforded by various algorithms, some of which are
PSO. A significant emphasis of this research has thus been developing more
intelligent, adaptive solutions. One novel approach to improving the performance
and stability of renewable microgrids by means of an artificial neural network is
employing the hybrid PSO-ANN framework. Ghiasi, M., et al. (2022) [3]
investigated novel control techniques for voltage source converters in microgrid
systems. They discovered through their investigation a novel technique, Particle
Swarm Optimization, that would enable VSC performance and efficiency to be
enhanced with regards to controlling microgrid dynamics. PSO is a natural move
towards intelligent optimization as an evident alternative to parameter scheduling
offered in an artificial neural network. Besides, Predictive Control, which is
predicated on a general-purpose finite control set (FCS) model, was also used in
the study to optimize the operating performance of the microgrid. Dabbagh, M.
A. et al. (2016) [57] focused on creating an intelligent voltage and frequency

controller for a remote microgrid setup using artificial neural networks . The
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study demonstrated how ANN controllers can optimize system stability by
adapting to changes in renewable energy source and load. Javan, M. et al. (2015)
[58] suggested a novel control approach that maximizes the power sharing of
hybrid microgrids using fuzzy logic and artificial neural networks . The research
aimed at addressing the reliability issue of reactive power sharing through
conventional droop control. Nghia et al. (2023) [4] increased dynamic load-
sharing in microgrids through particle swarm optimization and artificial neural
networks . The hybrid method utilizes the strengths of both methods: The PSO
tunes a PID controller to optimality, and the ANN adjusts the controls for rapidly
changing parameters dynamically in real time. Abdulraheem et al. (2022) [7]
provided an intelligent control process for grid-connected renewable energy
microgrids. The PMU based approach utilizes artificial intelligence (Al)
techniques, a neural network combined with a fuzzy logic control system. The
control system endeavors to improve the control actions for voltage and
frequencies management in real-time microgrid data monitoring. Nor et al.
(2020) [59] discussed thoroughly the utilization of artificial neural networks.
Results illustrated that ANNs are particularly valuable for the management of
complex and nonlinear power system conditions. Microgrid control performance
can be significantly enhanced with the ability of an ANN to manage complex data
and learn new conditions. Results illustrated that ANNs are a successful approach
to build intelligent control strategies with the ability of quick adaptation to ensure
system stability following an unexpected disturbance. Olabi et al. (2023) [60]
proved the value of artificial neural networks in their research. The research
proved that these networks were applicable in improving the power generation
and reduction of the impacts of under shading through smart anticipation and an
optimization method. The artificial neural networks must deal with random and
dynamic conditions, in order to improve performance in renewable energy
microgrid systems leading us to the relevance of this research in microgrid smart

controls. Ben Cheikh et al (2018) [8] used artificial neural networks to create a

36



Chapter Two Theoretical Background

maximum power point tracking (MPPT) method for photovoltaic systems.
Through this work, it was shown that the efficiency of power extraction was
significantly better even under dynamic environmental conditions. This work is
particularly important because it showed the possibility of using ANNSs to achieve
maximum power extraction and overall system efficiency, both of which are the
basis of stability and functionality of microgrids driven by renewable energy
sources. Maher G.M. Abdolrasol et al (2021) [11] presented a practical solution
for the VPP system management of RES. The proposed approach is also related
to smart microgrids since PSO and ANNs have been incorporated into the
approach. This novel approach unites the strengths of both algorithms and
produces an optimal energy scheduling plan ultimately leading to reduced power
consumption along with reduced reliance on the master grid. With consideration
of real-time weather and load demand, the study also explores the potentiality
through which the hybrid ANN-PSO algorithm can increase the effectiveness of
VPP systems, or indeed any that are fundamental to modern microgrid operation.

Kaushal and Basak (2020) [61] investigated the application of ANNSs in power
quality issue handling for microgrid systems that are appropriate for PV systems.
The research demonstrated performance of ANNs towards major power quality
issues such as frequency stability, imbalance, and voltage sags. The research
demonstrates the capability of intelligent control measures in enhancing the
robustness and reliability of modern microgrid systems. Kumarappan and
Vigneysh (2025) [62] proposed the use of a feedforward neural network (FFNN)
to novelly address the problem of power sharing typical of traditional droop
control. The authors prove that their method can stabilize voltage and frequency
within the microgrid, as well as promote active and reactive power sharing in
challenging situations and with troublesome line impedances. Making
coordination and ensuring sharing of power is a major issue with microgrids and
distributed energy resources, and the authors provide a solution for this issue.

Karimi et al. (2024) [63] proposed a technique for correction of frequency
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deviations in droop-controlled microgrids. They utilized shallow neural networks
that mapped the droop control power reference values to resistive time-varying
load power directly. The correction eliminated nearly all steady-state errors and
improved frequency stability in the microgrid considerably. This paper
demonstrates the feasibility of neural networks to supplement traditional control
methods and improve the sensitivity of the methods to real-time load dynamics.
Kashyap et al. (2024) [64] utilized a droop-controlled bidirectional converter
driven by artificial neural networks to integrate a DC microgrid with an energy
storage system. The study demonstrated how optimization using ANNs could
impact the management of the power imbalance associated with renewable
energy sources, consequently ensuring power reliability and supporting the
maintained stability of voltage in the system. This optimization method offers a
plausible pathway for integrating intermittent energy resources into a microgrid,
and there is promise it could enhance overall reliability of the power system.
Zadeh Bagheri (2024) [65] provided an adaptive droop system control approach,
including fuzzy logic and neural networks. The solution can provide efficient
coordination of electrical power flow for dispatchable decentralized energy
resources in AC and DC microgrids. The paper demonstrates how the method can
handle sudden changes in the system, including switching from islanded to grid-
connected mode operation, and the hybrid approach provides operation stability
and robustness against unapproved external disturbances to the microgrid.
Adiche et al. (2025) [66] propose a hybrid control scheme that blends droop
control with an ANN-based adaptive PI controller. They aimed to demonstrate
the capability of artificial neural networks in augmenting and outperforming
conventional PI controllers, leading to better performance of power sharing and
voltage regulation of microgrids, including dynamic systems. Their approach
shows how the PI controller can be induced to counteract the different
nonlinearities and disturbances that are faced in microgrid control by adding the

capacity for the PI controller to adapt its gains in real time, leading to a more
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robust and responsive approach. Hassan et al. (2019) [2] proposed an adaptive
secondary controller for microgrids utilizing a biologically inspired
reinforcement learning methodology. This article improves the performance of
the secondary control layer to correct higher-level (PID and droop) control on
deviations. While this article does not combine ANN, PID, and droop into a single
block, it suggests that an intelligent algorithm can be utilized to enhance a higher
control layer and that is a smart way of improving stability. The study is similar
to the trend of introducing an adaptive, self-learning type controller that can

provide improved performance over traditional control types.

Table 2.1 Comparison of Optimization Methods for PID Controller and Droop

Parameters in Microgrids

Ref. Year Technique Advantages Disadvantages
-Efficient in test a wide | - Time-consuming and
range of possible computationally

[68] 2025 GA -PID | solutions expensive.

- High resilience to - requires an advanced
system disruptions. simulation environment.
-Simple to integrate into -The solution space
intricate systems. might not be thoroughly

[64] 2018 SSA -PID | -Effective in enhancing | explored.
system functionality. -prone to problems

related to convergence.
-Effective system - high cost of

[69] 2023 CS-PID stability tuning. computation.

- Good convergence to a | - might choose a less-
feasible solution. than-ideal option.
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-Excellent performance | - Increased design
[70] 2025 ACO-PID | and quick reaction. considerations
- Ensures increased - Initial parameter
system robustness. sensitivity.
-Effectively investigates
GA-Droop | a wide range of droop -Tuning can require a lot
[72] 2024 Control | parameter combinations. | of computation and
- produces a robust and | time.
stable control system.
-Excellent search -Needs to have its
GOW- features for optimal parameters carefully
[72] 2024 Droop droop configurations. adjusted in order to
Control | - Offers superior power- | produce a good
sharing options. outcome.
ACO- -Able to adapt to -prone to stagnation
[73] 2023 Droop complex and nonlinear | issues, which could
Control | dynamics with ease. result in tuning that is
not optimal.
Fast and effective PID | ~C20 8¢t stuck in local
. optima.
[67] 2017 PSO-PID parameter tuning -Sensitivity to initial
-Easy to understand and
parameters.
apply
-Better performance
compared to stand-alone | -Design and
solutions. development are
PSO with -Extremely flexible in extremely complex
[71] 2019 ANN dynamic and nonlinear
circumstances. -high processing load
- learns from data in an | that uses a lot of
efficient way. resources.
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-Efficiently calculates
the optimal droop -Initial parameter
PSO-Droop | coefficients. sensitivity.
[72] 2024 Control - enhances power - Can get stuck in local
sharing and stability. optima
-An extremely robust
and stable control
ANN- system. -incredibly difficult to
[74] 2022 Droop create and calculate.
Control -quickly adjusts to
changes in the system.
PID-Droop | -Superior Performance | /////////11111111111H11H1T1H1T1H1111
" 2026 with PSO- s
ANN -Real-Tim Adaptation.
-Comprehensive
Stability

2.11 Summary

In this chapter, a comprehensive overview of microgrid control strategies is
provided, highlighting the primary challenges of voltage/frequency stability and
sudden load changes. The literature review reveals a diverse range of protocols,
from advanced meta-heuristic and artificial neural network techniques to
conventional PID and droop controllers. However, a specific technical limitation
is 1dentified in traditional approaches; while conventional PID and droop
controllers are reliable, they often lack adaptive capabilities and require manual
parameter tuning to cope with dynamic load variations. Consequently, there is a
need for a multi-layered, holistic framework that integrates the precision of
classical control with the adaptability of modern optimization. The ideal approach
identified is a hybrid strategy that synergistically combines these benefits to

enhance frequency stability and power sharing.
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The proposed approach leverages the learning capability of an Artificial Neural
Network in understanding the dynamics of a system and utilizes Particle Swarm
Optimization to learn and optimize the PID and droop controllers' parameters in
an intelligent manner. The integration of both systems is intended to generate a
control scheme that is resilient and flexible. The PSO-ANN integration enhances
their performance to achieve optimal results in real-time, while the PID controller
exhibits good voltage and frequency control and the droop controller has good
power sharing. The method will maximize the overall system efficiency, improve
resilience and uncertainties and maintain operations stability across the system
through intelligent parameter tuning of the PID and droop controllers. This is a
significant step towards a stronger, more efficient control strategy for

contemporary microgrids with non-deterministic renewable energy sources.
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CHAPTER Three

Mathematical Model

3.1 Introduction

This chapter presents a detailed mathematical and technical background of the
suggested three-phase microgrid system and its control schemes. The three-phase
Voltage Source Inverter and its related LC filter with a damping resistor (Rg)
physical description precede. The chapter proceeds to examine the dynamic
models of the system's significant components. In this presentation of robust
cascaded control structure, control ideas are presented in both stationary (abc)
and rotating (dq) coordinate frames. This methodology relies on three-phase Park
transformation for obtaining precise and independent control of active and
reactive power for balanced systems. Besides, a proper DC bus voltage model
simulating short voltage dips is built, emphasizing the direct impact of such
oscillations on stability and operation of the entire three-phase system. The
chapter first introduces the decentralized droop control strategy for power
sharing, and subsequently continues to elaborate on the basic voltage and current
control loops. The prime contribution of this work is therefore established: an
innovative optimization framework is utilized that employs the Particle Swarm
Optimization algorithm for the purpose of determining the optimal PID controller
gains as well as the decentralized Droop coefficients. The data gathered in this
procedure is used to train an artificial neural network to produce a smart, adaptive
controller capable of varying its gains dynamically to provide optimal
performance. Finally, this whole methodology provides the groundwork for the
following chapters, which simulate and estimate system performance in detail by

connecting theoretical models with a real control and optimization process.
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3.2 Methodology

The approach of the research is a comprehensive, multi-stage process that is a
combination of contemporary metaheuristic optimization algorithms with
conventional control techniques to improve three-phase microgrid performance.
The basic paradigm is based on a single hybrid PSO-ANN algorithm. The
algorithm simultaneously tunes all the most important controller parameters to
make the main control layer more improved: the droop coefficients (m and n) (for
frequency and voltage stability and proper load sharing) and the PID parameters
(to improve dynamic response, quality metrics like THD, overshoot, and settling
time). By optimizing all these parameters to operate on the dq reference frame,
reactive and active power can be controlled decoupled and accurately. The
Artificial Neural Network module is optimized using the optimal values for all
the combined parameters by PSO module so that an adaptive real-time response
can be achieved for varying load conditions. The ultimate objective is to optimize
the microgrid completely and harmoniously by regulating a number of variables
simultaneously, including power quality, dynamic response, stability, and three-
phase load sharing. Simulation was carried out using the MATLAB platform and
an algorithm that has been especially constructed to precisely replicate the real
three-phase system. Analysis of the system's dynamic response and steady-state
operation under different operating conditions, including load fluctuation and
disturbances, was carried out to validate the efficacy of the suggested
methodology. The following two separate yet interrelated flowcharts provide a
detailed pictorial illustration of the integrated methodology adopted in this work,
showing how cooperative control parameter optimization leads to revolutionary
microgrid improvements. The following figure is a graphical overview of the
main elements of the research methodology, from advanced control to three-phase
physical modeling. This figure, referred to as Figure (3-1), is a concise and step-

by-step overview of the entire process, from basic modeling of the microgrid
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system to the detailed performance analysis. It highlights the rational flow of
work from structuring the cascaded control system to optimizing it using the
framework suggested. For ensuring optimal performance of the system, PSO-
Based Parameter Optimization and the resulting Adaptive Control System
Development are highlighted through the flowchart. The methodical approach is
a perfect guide for system designing and implementation as well as guiding the

reader through the research.

Literature Review & Problem
Identification

|

Physical System Modeling

L 2

Cascaded Control Architecture Design

3

PSO-Based Parameter Optimization

3

Tuning Control System Development

L

Simulation and Performance Evaluation

1 |

Comparison

Figure 3-1 Overall System Development Block Diagram
The subsequent figure provides a comprehensive presentation of the Main
Contribution of the research, since it complies with the general methodology of
the research. The optimization method adopted in optimizing the performance of
the microgrid is incorporated in Figure (3-2). The hybrid PSO-ANN method is

employed in order to optimize the control system through a two-way process that
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only acts on the tunable parameters. This optimization targets both the PID
controller gains and the decentralized Droop coefticients used in the outer control
loop, responsible for voltage, frequency, and proper load sharing. The inner loops
that control current, based on constant PI controller gains, are actually supported
by this optimization. This integrated strategy is required as tuning parameters of
the outer loop has a significant effect on the overall stability and decoupling
contributed by the current controllers. The strategy thus illustrates a holistic
optimization that merges the external system performance improvement (Droop-
based) with inner pre-set regulation optimization. The flowchart conveniently
illustrates how the alteration of each parameter set produces distinct, quantifiable
performance advantages, from improved frequency stability and reduced THD to
improved dynamic responsiveness and active power sharing. This overall
approach underscores the focus of the research on developing standalone

microgrids in a complete manner.

[ Methodology ]
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Figure 3-2 Hybrid PSO-ANN Optimization and Performance Metrics
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3.3 Physical Representation and Mathematical Modeling of the Microgrid

A strong and precise mathematical model that emulates the dynamic
performance of the physical elements of the microgrid is necessary for
trustworthy microgrid simulation. Mathematical models that constitute the
physical model of the simulated microgrid system are discussed in detail in this
section. The two DG units are supporting a common three-phase AC load and
each is modeled as a three-phase Voltage Source Inverter in Figure (3-3). As they
are the primary interface between the DC power sources and the AC microgrid,
they play a fundamental role in the system stability and power quality. Three-
phase VSI, three-phase LC filter, and DC voltage source make up each DG unit.
For the purpose of realism in simulation, the DC supply voltage is not held
constant but rather is simulated to provide for small drops in case of
instantaneously varying demand. A Pulse-Width Modulation (PWM) signal is
used by the VSI to transform the DC voltage into a three-phase AC voltage of
variable frequency and amplitude. An LC filter is placed at the output of each VSI
for providing a high-quality sinusoidal output. The filter can be mathematically
represented in terms of its internal winding resistance (Ry), capacitance (Cy), and
inductance (Lf). A damping resistor (R4) 1s added in parallel with the filter
capacitor to effectively damp high-frequency oscillations and enhance the

system's dynamic response. This addition is an essential part of proper modeling.

Table (3-1) outlines the primary configuration settings utilized for the simulation
model, for example, LC filter values. A transmission line, far from being a perfect
conductor, connects the inverters to point of common coupling. Rather, it is
defined by its resistance (Rine) and inductance (Ljne). In order to accurately
simulate voltage dips and power losses along the network, these line impedances
are needed. The last part of the physical system is the three-phase AC load at the
PCC. 1t is fed with active and reactive power from the two DG units. Each of

these items has a vectorial mathematical formulation in terms of differential
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equations, which is a simple building block in circuit theory. These equations
describe the three-phase dynamics of the system in continuous time, i.e., current
through inductors and voltage across capacitors. Overall microgrid system
dynamics are described using the state of the system, which is obtained upon
solving these coupled dynamic equations in every simulation time step. This
approach with detailed modeling allows for thorough analysis of the control
methods under real operating conditions. The simulation of microgrid was carried
out in MATLAB, a versatile tool of dynamic system analysis. The software
supports simulating the entire system and can test the performance of its control
algorithms for different load conditions. Stability, power-sharing accuracy, and
transient performance overall can be validated by simulation through analyzing
the dynamics of the system, i.e., response to active and reactive power changes.
The control system of this microgrid adopts a decentralized, peer-to-peer strategy.
As each distributed power unit can stand alone without depending on a central
controller or a communication network, this technique is perfect for isolated
microgrids. The natural division of the different functional components of the
control system can be seen in the following figure. In order to determine the active
and reactive output power of the inverter, the initial block, the Active & Reactive
Power Calculation, currently calculates microgrid readings. The control system
uses these variables as its main source of feedback signals. The calculation is
derived from the three-phase power equations P=3/2(V4lat+Vqly) and Q=3/2
(Vgla—V4lg) and the dg-frame voltage and current readings [75]. Upon
measurement, the P and Q are then input to the Droop Control block. Having pre-
determined power levels measured and a set of pre-determined droop equations,
the middle block in the power-sharing approach produces new reference signals
for the voltage magnitude and frequency. Connecting the power output directly
to the respective frequency and voltage is how the droop mechanism makes each

inverter contribute in proportion to the load.
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After droop control, the Voltage Reference Generator computes these new
reference values (Virand Frr) and makes them ready for the inner control loops.
With full Park-Clarke transformation, the dq-frame is essential to this function
because it separates the three-phase AC signals to two DC components that can
be separately controlled, so that P and Q may be controlled individually. A
cascaded inner control system consists of two interconnected loops: a current
control loop and a voltage control loop. The voltage control loop directly
regulates the filter capacitor voltage (final inverter output voltage) to the value of
Vi from the Droop block. Most notably, the PI controller in this loop
accomplishes this by generating the requisite current reference (I..r) necessary to
correct the voltage error. The current control loop then utilizes the voltage control
loop's output (Icr) as its reference input. The loops are performed in the dg-frame,
allowing for enhanced voltage control and improved disturbance response. Lastly,
the PWM block receives the input from the current control block. The PWM
block implements the decisions of the higher-level loops by generating the actual
switching signals for the transistors of the inverter, which physically regulate the
power flow from the inverter to the microgrid. There are some very important
variables that dictate the system's behavior that are found in the droop control
block. The active and reactive power outputs of the inverter, measured as the
letters P and Q, act as real-time feedback for the system. They are used to correct
the control signals. The P* and Q* variables, on the other hand, are references, or
setpoints, for the active and reactive. Although the droop control is decentralally
realized, these reference values can be set to create a pre-determined ratio
between the power shared by the inverters. Additionally, the nominal grid values,
V* and F*, for the microgrid's nominal voltage and frequency (400V and 50Hz)
are provided to the droop block. These are employed in order to calculate the
required corrections using the droop equations starting from these points. The
voltage reference and frequency reference, Vs and F,., are generated by the

droop block, which are required by the subsequent control stages. The main idea
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behind the droop method is to change these output values incrementally from
their nominal values as a function of the measured power such that they can share

the power proportionally and correctly among the microgrid's inverters.

Table 3-1: Simulation parameters and the physical system [49][82].

Parameter Symbol Value Unit
Nominal Frequency fhom 50 Hz
Nominal RMS Voltage Vhom-rms 400 A%
DC Bus Voltage (Battery) Ve 800 v
Filter Inductance L¢ 2 mH
Filter Capacitance Cr 40 uF
Winding Resistance Rt 0.5 Q
Damping Resistor Ry 7.07 Q
Line Resistance Riine 0.04 Q
Line Inductance Liine 0.5 mH
Sampling Time Ts 1-107* S
Total Simulation Time Thotal 2.5 S

3.3.1 Voltage Source Converter (VSI) Model

The three-phase Voltage Source Inverter is the main power electrical
interface utilized to interface the AC microgrid and the DC source. VSI within
this model has been shown as a real system with a dynamically controlled three-
phase AC output voltage. The foundation of the VSI is that its peak output voltage
1s set according to the rating of the DC bus voltage, which is the energy source.
It assumes the VSI is powered by a battery source. The DC bus voltage is thus
dynamically modeled rather than as an idealized constant source simplification.
Dynamic modeling of this manner enables simulation of the real voltage drop
whenever the system undergoes an instant increase in load. The recording of this
dynamic voltage profile is critical to simulate transient behavior and test the

stability of the VSI under physical conditions [76]. The nominal DC bus voltage
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is set to 800 V to satisfy the specifications for AC output. The operation of the
VSI involves supplying it with PWM switching signals from the control loops,
which sets the target AC output voltage and manages the flow of power between

the DC link and the microgrid.
3.3.2 LC Filter Model

The three-phase LC filter is a key building block to convert the raw PWM
voltage of the VSI into a filtered, sinusoidal three-phase waveform. The dynamic
behavior of the filter is simulated by a system of coupled differential equations
that control the inductor current and capacitor voltage for each of the three phases
(a, b, and c). These are derived from Kirchhoff's current and voltage laws and
numerically solved in the simulation using forward Euler method with a time step
Ts. Incorporating an explicit damping resistor Ry in parallel across the filter
capacitor is also critical because it enhances the system's dynamic response and
effectively eliminates high-frequency oscillations. Through the use of the formula
based on the characteristic impedance of the LC filter, the value of such a resistor

1s mathematically determined. [76]

o L TSR 3.1

The following equations represent the physical model of the filter:

e Inductor current equation (ijny):

dijny 1

dt = L_f (VinV - Vcap - Rf : iinv) 32

e (Capacitor voltage equation (V. ap)

chap _ 1. . Veap 33
T = C_f Linv - Lline e .
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Where Lt is the filter inductance, Cs is the filter capacitance, Ry is the inductor's
internal winding resistance, and Ry is the damping resistor. The variables are

represented as three-phase vectors to reflect the system's nature:

Viv= [Vinv. a. Vinv, b, Vinv.¢] | 18 the inverter's output voltage.

Veap= [Veap. a» Veap.bs Veap,c] | 18 the voltage across the filter capacitor.

{inv= [dinv. a» linv, bs linv, ] © 18 the current flowing through the inductor.

i1ine= [dline, a» line, b, 1line, c] © 1S the current flowing to the line.

Figure (3-4) shows the physical components and their connections to give a visual
depiction of this filter design. This configuration effectively reduces harmonics
while ensuring a constant output voltage. Each time step's state variables are
quantitatively determined using the forward Euler method in the manner

described below:

e Inductor current update:

H ; d'inv
linv(k +1) = linv(k) + ;—t P 34

e C(Capacitor voltage update:

AVea
Veap(k +1) = Vcap(k)+7”-Ts ......... 3.5
Rf
- ———(500) .
Vi(t) Rd Vo(t)
Inverter cf —— Load

Figure 3-4 Physical Model of the LC Filter
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3.3.3 Transmission Line Model

The three-phase model of the line accounts for the effective impedance that
actually exists between the inverter and the PCC. This is needed for accurate
voltage regulation and three-phase power sharing analysis. Line behavior, as it
was represented by a simple R-L circuit, is based on a vectorial differential
equation of the line current (ijine). The line current is derived by numerically
integrating the equation at each time step[75]. The mathematical representation

for the line 1s as follows:

d iline _ 1
dt Liine

(Vcap - Vbus - Rline . iline) ........... 36

Where the variables are represented as three-phase vectors:
o lfipe= [iﬁne, as iline, b, iline, c] T is the line current.
o Veap= [Veap. a» Veap. b, Veap,c] T is the voltage across the filter capacitor.
e Vius= [Vius, 2> Vius. b, Vius,c] | 8 the voltage at the common bus.
e Rjixe 1s the line resistance.
e Liine 1s the line inductance.

Similar to the LC filter model, this equation is numerically solved using the
forward Euler method, which updates the state variables at each time step.
- . 1 .
Yine (k + 1) = line (k) + [L_ (Vcap(k) - Vbus(k) — Riine lline(k))] - Tg o 3.7
line

3.4 Control System Structure and Modeling

A robust and efficient control system design is of prime importance for the
microgrid's stable operation, especially under the harsh conditions of an islanded
system. The proposed control structure applies a decentralized architecture,
which allows each inverter to operate independently using only local

measurements (a peer-to-peer approach), thus enhancing system reliability and
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scalability by avoiding a single point of failure and communication delays present
in centralized schemes. The basic approach followed is a Grid-Forming Control,
where the VSI acts as the main voltage source, establishing the voltage and
frequency of the microgrid. This functionality is essential for autonomous and
black-start capability when disconnected from the main grid. To achieve high
stability and fast transient response, the overall strategy follows a cascaded

control approach fully implemented in the rotating dq-frame[62].

This arrangement hierarchically separates the slower dynamics of power
regulation from the faster ones of voltage and current control, which allows for
independent and decoupled control of active and reactive power with high
precision. These concepts are elaborated in the mathematical modeling of this
cascaded structure in the subsequent sections, starting from the necessary frame

transformation right up to the specialized inner and outer control loops.
3.4.1 Synchronization and dq-Frame Transformation

The implementation of fast and precise current and voltage control within the
inverter requires that the measured three-phase AC quantities be translated into
constant two-axis DC components. This step is critical for simplifying the control
effort because it converts oscillating sinusoidal signals into a stationary form that
PI controllers will be able to regulate. The step necessary to achieve such
conversion 1s given by the park transformation, translating the instantaneous
three-phase values (Vane and I,c) from the stationary frame onto the synchronous
reference frame, from the abc-frame to the rotating dq-frame. Most importantly,
the transformation is driven by the phase angle theta derived from the outer droop
control loop to perfectly synchronize it with the operational frequency and
voltage of the microgrid [75]. Some of the advantages of using the dq-frame from

a control implementation perspective include:
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* Efficient System Control: The transformation separates the active and reactive
power control, enabling independent regulation of voltage and current in each

axis to offer dependable and efficient power sharing within a balanced microgrid.

* Simplified Controller Design: By converting the AC quantities to DC
components, the controllers can use a simple and effective PI control rule for
better system responsiveness, which also simplifies the overall architecture of the

control.

* Targeted Regulation: dg-frame allows the controllers to focus on the crucial
parts of the system that need to be regulated for maintaining steady voltage and
frequency under different load conditions. The equations for this transformation

are applied to the measured voltage and current signals.

3.4.1.1The Park Transformation Equations

The measured three-phase voltage and current signals are transformed into

the rotating dg-frame components using the following equations:

Voltage Transformation:

[I‘jd _z[0s®) cos (9-5)  cos(0+5) FZ‘ ......... 3.10
1 3(_sing —sin(@—z?”) —sin(9+2?n) Ve

Current Transformation:

1d] 2 cos(d)  cos (9 - 2?”) cos (9 + 2?”) lIa

[Iq =2 Can(0-2) _gn(o+2) [72] ........... 3.11

These transformations are fundamentals that will help in realizing precise and
decoupled control of active and reactive power for balanced systems. Further, this
robust approach to modeling proves the accuracy and reliability of our work,

ensuring integrity for the subsequent control loops.
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3.4.1.2 Power Calculation in the dq-Frame

Active power P and reactive power Q from the inverter output are obtained
by using the transformed dq-components herein. These computed power values
are pivotal since they become the feedback signals for the outer droop control
loop. In such a way, by defining P and Q in the rotating frame, the control scheme
decouples the active and reactive powers, enabling independent regulation of the
frequency and voltage [77]. Expressions for the active and reactive power are

given by:
3
P==(Valg+Vglg) ovovonnnn 3.12
3
Q=>(Vala=Valg) «ovovvns 3.13

These power expressions are fundamental to the control system because they
provide the feedback signals (P and Q) that the outer droop loop requires. This
calculation confirms, for stability in the microgrid, the necessary decoupling
between active and reactive power. The scaling factor 3/2 in both equations is a
conversion constant for Power Invariance; it provides a means of making the
power calculated in the two-axis dq-frame numerically equal to the actual power
of the three-phase system, which is essential for coherence and precision in the

power balance calculations of the system.
3.4.2 The Cascaded Control Architecture

The overall control approach is implemented in a cascaded control architecture,
which is at the heart of achieving high dynamic performance, stability, and
reliable power-sharing characteristics within VSIs operating in the dq-frame. It is
this hierarchical structure that is optimally designed for managing the system
dynamics with widely varying time constants and that is composed of two major
loops. This is the outer control loop, which consists of Droop Control and the
Voltage Control (Vi and F..r Generators). It is responsible for the slow dynamics

of power regulation and hence for ensuring stability within the system.
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3.4.3 The Outer Control Loop: Droop Control Mechanism

The outer control loop implements mainly the Droop Control mechanism,
which is the basic strategy for decentralized power sharing among parallel
inverters in an islanded microgrid. The droop mechanism emulates the behavior
of conventional synchronous generators, creating a relationship between power
flow and system frequency/voltage based on decentralization without requiring
high-bandwidth inter-inverter communications. This inherently provides the
Grid-Forming capability, where the inverters can establish and regulate the

voltage and frequency of the isolated network.

The droop strategy aims to share the total load demand among all parallel
inverters proportionally, depending on their rated power capacity. This is done by
intentionally injecting errors into the frequency and voltage references based on
the deviation of the measured active and reactive power from their respective
references. For this proposed system, a PID-Enhanced Adaptive Droop Control
structure replaces the traditional linear droop characteristic, incorporating a
Proportional-Integral-Derivative controller into the power error signals before
multiplying them by the droop coefficients. This adaptation greatly enhances
transient performance, enhances power-sharing accuracy, and contributes to

overall stability during severe load changes [75].
3.4.3.1 Active Power Droop and Frequency Regulation

The Active Power Droop mechanism is responsible for regulating the system
frequency, W, in relation to the deviation between the measured active power, P,
and its reference, P*. In a traditional linear droop system, this relationship is
defined solely by a fixed droop coefficient, m ,as mathematically established by

the conventional droop characteristic:

W=Wpom—M-P . 3.14
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However, to enhance the transient performance and power-sharing accuracy of
the microgrid, the work herein uses a PID-Enhanced Droop structure. In this
adaptive approach, the power error (AP = P* - P) is first fed to a Proportional-
Integral-Derivative controller and then multiplied by the droop coefficient, m.
The resulting frequency deviation is subtracted from the nominal frequency,
Wnom, to determine the new angular frequency reference of the system, W.r.
This PID term is very important because it provides a dynamic tuning of the droop
characteristic, which consequently limits the power oscillations and enhances

transient stability. The relationship for the active power droop is given by:

. . d(P*—P)
Wref = Wpom — M+ Kp'(P _P)+Kif(P _P)dt-l_KdT ..3.15

Where W, is the angular frequency reference; Wyom 1s the nominal angular
frequency; m is the active power droop coefficient (gain); and K,,, K, and Ky are
the proportional, integral, and derivative gains of the PID controller, respectively.
The integral of Wi provides the phase angle 0 required for the Park-Clarke

transformation.
3.4.3.2 Reactive Power Droop and Voltage Regulation

The Reactive Power Droop mechanism serves to regulate the voltage
magnitude, V, of the microgrid according to the deviation between the measured
reactive power, Q, and its reference. As in the case of active power droop, such a
relationship is crucial to guarantee accurate reactive power sharing among
parallel inverters. In a traditional linear droop system, this voltage regulation is

defined by the conventional droop characteristic:
Vier = Vaom =1+ Q worvevvee 3.16

In order to maintain consistency and enhance overall system stability, this work
will also apply the PID-Enhanced Adaptive Droop Control structure to the

reactive power loop. The reactive power error AQ = Q* - Q is first fed through a
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PID controller and then multiplied by the reactive power droop coefficient n. The
resulting voltage deviation is subtracted from the nominal peak voltage Vnom peak
to get the voltage reference V.. for the inner voltage control loop. This adaptive
term significantly improves the transient response of the voltage regulation and
prevents large voltage swings during sharp changes in reactive load. The

relationship for the reactive power droop is given by:

* * d(Q*-
Vrer = Vaompeak =1 [Kp - (Q° = Q) + K [(Q° — Q)dt + K, 22=2] .. 3.17

where V. 1s the voltage reference for the inner loop, Viom peak 18 the nominal peak
voltage magnitude, and n is the reactive power droop coefficient (gain), while K,,,
Ki, and K4 stand for the proportional, integral, and derivative gains of the PID

controller, respectively.
3.4.3.3 Power Sharing Mechanism and Droop Equations

The control mechanism of Droop is essentially a method of achieving
distributed power sharing among multiple paralleled inverters without depending
on a dedicated high-bandwidth communication network [76]. Using the
frequency and voltage as virtual communication channels, the system
automatically regulates the output power of each inverter to be inversely
proportional to its respective droop coefficient, m or n. This proportionality in
power sharing is obtained by accordingly adapting the droop coefficients, m and
n, of active and reactive power, respectively, depending on the inverters' rated
capacity. For example, if there are two inverters, Inv 1 and Inv 2, in a microgrid
that are supposed to share the load in some proportion, say K;: K,, which could
be 60%:40%, as seen mostly when the ratings are not equal, then the droop

coefficients of these two inverters must be inversely related by

For Active Power Sharing:

hom_K 3.18

P, m K>
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For Reactive Power Sharing:

A__n 3.19

Q2 ng K>

The overall droop mechanism, integrating the PID-Enhanced adaptive structure,
ensures that these proportional sharing rules are maintained accurately, even
under dynamic and transient conditions common in islanded microgrids.
Complete equations governing the references for the inner loops are combinations
of the active and reactive power droop equations defining the required angular
frequency W,r and voltage magnitude V. The droop characteristics of the
inverters are non-identical because of their non-identical droop coefficients. The
identical slopes of the curves in Figure (3-6) give a consistent response to changes
in load, illustrating how equal and accurate load sharing can be implemented

more easily with a traditional management strategy with matched parameters.

v

Figure3-6 Conventional Droop Characteristics for Asymmetric Microgrid

Inverters
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Table 3-2 Comparative Analysis of Classic Droop Control and PID-Based

Droop Control Characteristics

Feature

Classic Droop Control

PID-Based Droop Control

Control Logic

Proportional (P) only. A
simple linear
relationship between
power and
frequency/voltage.

Proportional-Integral-Derivative (PID).
A multi-component controller that acts
on the error.

Steady-State Error

Exists. The frequency
and voltage permanently
deviate from their
nominal values due to
the linear relationship.

Eliminated. Frequency and voltage
return to their nominal values as the
Integral (I) term gradually reduces the
error to zero.

Dynamic Response

slower reaction to abrupt
changes in load. may
result in oscillations and
overshoots.

quicker and more reliable reaction.
Large swings are avoided and
oscillations are dampened by the
Derivative (D) term.

appropriate for non-
essential uses.

Complexity Easy to apply. Designing and adjusting the PID gains is
more difficult.
Performance Simple functionality, Superior performance, highly suitable

for modern, high-performance
microgrids.

3.4.3.4 Droop Coefficient Settings for Proportional Power Sharing

With the full mathematical model and control structure established for the
microgrid inverter system, this section summarizes the key design parameters and
coefficients used specifically for the droop control strategy. These parameters
include the droop coefficients (m and n) and the power sharing ratios, which are
essential for achieving the desired decentralized power sharing characteristics
between Inverter 1 and Inverter 2. The initial droop coefficients and share ratios
for the two inverters, necessary to achieve the specific proportional power sharing

allocation, are listed in Table (3-3):
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Table 3-3 Conventional Droop Coefficients for Inverter 1 and Inverter 2 [72].

Parameter Symbol Inverter | Inverter 2 | Unit Description

1 Value Value
P-f Droop m 5-107 6.6-107° Hz/W | Droop coefficient for active
Coefficient power.
Q-V Droop n 1-107 3-10° V/VAR | Droop coefficient for reactive
Coefficient power.
P-f Share Ratio - 0.6 0.4 - The intended proportional

sharing of active power

3.4.4 The Inner Control Loops: Fast and Precise Regulation

The Inner Control Loops form the heart of the cascaded structure, operating
at considerably higher bandwidth than the outer droop loop to ensure a fast and
accurate tracking of the reference signals, W,.r and Vs, and effective suppression
of harmonics. These are implemented entirely in the rotating dq-frame, were
simple, highly effective Proportional-Integral controllers can process DC
quantities. It contains two nested loops: the outer voltage regulation loop and the
inner current regulation loop. The main purpose of the mentioned nested
configuration is to filter the output voltage ripple and to protect the inverter
switches against overcurrent surges. It is just this precise control of the output
voltage and current that ultimately enables the stable Grid-Forming capability of
the inverter. The operation and mathematical modeling for each loop are

discussed in detail in subsequent sections.
3.4.4.1 Voltage Regulation Loop

The Voltage Regulation Loop is the outermost layer of the inner control
structure. It primarily serves to regulate the measured output voltage Vg4 to a
reference voltage V. which is provided by the droop control loop. This
regulation is independently implemented along the d- and g-axes using individual

PI controllers. The voltage loop error signals (e, ¢ and e, ) are processed by the
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PI controllers in order to produce the current reference signals (Igrerand Igrer),
which are applied to the subsequent inner current loop. Also, the output of I4.er
comes from the d-axis voltage PI controller, and the output of I4..f comes from
the g-axis controller [78]. The equations governing the output of the d-axis and

g-axis voltage PI controllers are

d-axis Current Reference:

ly—ref = Kpp-€pq+ Ky j epadt ...... 3.20
g-axis Current Reference:

Iy—res = Kpy - €5 + Ky f epqdt........ 3.21

3.4.4.2 Current Regulation Loop

The Current Regulation Loop is the innermost and fastest control layer,
operating to ensure that the measured inverter output current precisely tracks the
current references generated by the voltage loop. Its major tasks include the
protection of VSI switches from overcurrent conditions, active damping of
harmonics, and assurance of a high dynamic response. Current error signals (ey, 4
and ey ) are processed by dedicated PI controllers[78][75]. Due to the coupling
effect inherent in the inductor and the rotating dq-frame, a standard PI output
must be supplemented with decoupling terms (WLIyes) in order to eliminate
cross-coupling between the axes d and q. This decoupling ensures that the control
over the current in one axis is completely independent of the other. The final
output voltage references of the current loop, Vemd, d and Vemg, ¢ are then computed
by adding the PI output with these decoupling terms and the necessary voltage
feedforward terms (Vimeas, d and V meqs, ) for full compensation. Current Loop

Output with Decoupling:

1. d-axis Inverter Voltage Reference:
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Vot = Kot - €10 + Ki f 10t — (L) Imeasq + Vineast - 322

2. g-axis Inverter Voltage Reference:

chd‘q = Kpl : equ + Kil f equdt + (wL)Imeas,d + Vmeas’q 323

3. Inverse Park Transformation

The calculated inverter voltage references (Viny, a and Viny, o) are in the rotating dq-
frame. To realize these signals in the physical three-phase system, a final Inverse
Park Transformation (or dq to abc conversion) must be applied. This conversion
generates the three-phase instantaneous voltage references (V,, Vi, and V) that
are fed directly to PWM unit to control the switching of the VSI. The equation

for this final conversion is:

v cos(60) —sin® 1

a

Vb |cos(0—?) —sm 9—— | [Ijmd ....... 3.24
3 in,q

Ve cos (9 + —) - sm
3

3.5 PID and PI Controllers

PID and PI controllers are fundamental feedback control mechanisms used to
regulate a system's output by minimizing the error (discrepancy) between a
measured process variable and a desired setpoint. The control method employs a
cascaded structure in the sense that the choice of type of controller is optimized
for operation of its loop. The outer loop, following the traditional droop control,
is joined with a PID controller for enhancing the dynamic and transient response
of the system for active and reactive power sharing. Most importantly, the
constants of this outer PID controller and also the droop parameters were not
arbitrarily selected, but were instead calculated and optimally tuned by a mix of
metaheuristic algorithms and training through ANN to guarantee optimal

performance. Simultaneously, PI controllers are used in the inner voltage and
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current loops for accurate and stable control in the rotating dq-frame, effectively

providing zero steady-state error for the transformed DC values.
3.5.1 PID Controller

Proportional-integral-derivative, or PID, controllers are the most widely used
and adaptable industrial controllers. It determines an error value by comparing a
measured process variable to a desired setpoint using a control loop mechanism.
The controller modifies the inputs for process control in an effort to reduce the

error [30]. The PID control law is based on three terms:

e The proportional term (P) reacts to the error that is occurring at the
moment. It provides an instantaneous correction response by producing an
output proportionate to the fault. Although it produces a faster reaction, a
bigger proportional gain (K;) might cause instability and overshoot.

e Integral Term (I): Over time, this term reacts to the cumulative mistake.
The long-term discrepancy between the setpoint and the actual value is
known as steady-state error, and it is eliminated using this technique. Even
a tiny, persistent fault will finally be fixed thanks to the integral term.

e Derivative Term (D): This term reacts to the error's rate of change. Based
on its current pattern, it forecasts mistake behavior in the future. The
derivative term enhances the stability and transient response of the system
by reducing overshoot and dampening oscillations. The system may be
more susceptible to noise if the derivative gain (Ky) 1s higher.

The PID controller can be represented in two forms: the standard continuous-time
form for theoretical analysis and the discrete-time used for digital implementation
in control hardware.

1.Continuous-Time PID Controller Equation

This is utilized to portray the relationship between control signal and system
error at any point of continuous time (t) in the theoretical analysis of control

systems.
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u(t) = Kye(t) + K, f e(0) dr + K, dz(tt)
0

..3.25

The control signal, u(t), 1s based on the system error, e(t), and consists of a
summation of three distinct control actions.: an integral term, a derivative term,
and a proportional term. Their gains, K, Kj, and K, respectively, are used to scale
the terms. A control action that is proportional to the current error is provided by
the proportional gain (K,). For steady-state errors to be eliminated, the integral
gain (K;) must act on the accumulation of the error over time. The derivative gain
(Kq) provides a predictive control action that reduces oscillations and improves

transient response as a result of the rate of change of the error.
2.Discrete-Time PID Controller Equation

The majority of digital implementations on microcontrollers and software employ
this form. It is an approximation of the continuous integration and differentiation
functions by computing the control signal at discrete-time instances (k) with a
specified sampling time (Ts) [30]. This particular formulation is according to the

adopted dynamics and control logic employed in the simulation model.

k
u(k) = Kye(k) + K;T, Z e(j) + % [e(k) — e(k — 1)] ...3.26

j=0 s

At the current times step u(k), the control signal is computed in terms of the
previous errors, the current error e(k), and the previous error e(k—1). For the
proportional, integral, and derivative terms, scaling factors are the gains, K, K,
and K4. Both the continuous integral and continuous derivative are approximated
as discrete summations and differences, respectively, by Ts. The application of an
iterative loop construct and explicit use of the Ts variable to compute integral and

derivative terms in the code supports the use of this discrete-time approach.
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Figure 3-7 Block Diagram of a Proportional-Integral-Derivative Controller

The constant gains made up of the PID gains establish a reference level of system
performance. The two VSI converters (Inverter 1 and Inverter 2) are electrically
modeled with the identical physical parameters (filter and line elements) as
outlined in Table (3.1). However, for the unequal load-sharing of 60% and 40%,
the control parameters are intentionally tuned to be disparate. Specifically,
classical PID gains are defined with characteristic values for each inverter and are
given in Table 3.4. These differences in control parameters underlie the system's
ability to address unbalanced power contribution despite Distributed Generation
units' physical symmetry.

Table 3-4 Conventional PID Controller Parameters

Parameter Symbol Inverter 1 Value Inverter 2 Value

Proportional Gain K, 0.052 0.077

Integral Gain Ki 3.12 22.3

Derivative Gain Ka 4.22-10* 5.41-10™
3.5.2 PI Controller

Simplified PID controllers without the derivative term are called

proportional-integral (PI) controllers. In situations where the derivative action is
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either unnecessary or undesirable, including in high-noise systems, it is

frequently employed [30].

e Proportional Term (P): Same as in the PID controller.

e Integral Term (I): Same as in the PID controller.

The PI controller eliminates steady-state error and responds quickly without the
derivative term, but it is unable to predict mistakes in the future. Compared to a
well-tuned PID controller, this makes it less effective at handling systems with
high degrees of inertia or quick changes. It may also cause higher overshoot and
a longer settling period [75]. The PI controller can be represented in two forms:
the standard continuous-time form for theoretical analysis and the discrete-time

used for digital implementation in control hardware.

1.Continuous-Time PI Controller Equation

This form describes the relation between the control signal and the system error
at any continuous point of time (t) and occurs in theoretical control system
analysis. It cancels steady-state error by combining the integral and proportional

components.

u(t) = Kpe(t) + K; fte(t)dr w327
0

The control action, u(t), 1s a weighted function of the system error, e(t), and
assumes two main actions. First, the proportional action results in a control action
proportional to the present error, amplified by the proportional gain (K;). Second,
the integral action raises the accumulated error to a power, prompted by the
integral gain (Kj). This critical part is necessary to ensure that the system will
ultimately achieve the desired value by eliminating the remaining steady-state

€ITor.
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2.Discrete-Time PI Controller Equation

For digital implementations of software and microcontrollers, this is the most
common form. Using the sampling time period (Ts) to estimate the continuous
integral, it determines the control signal at discrete time periods (k). This
formulation is utilized in the inner voltage and current loops in the model

simulation.

k
Uy = erk + KiTsz ej v ... 3.28
j=0

At the instant in time now, uk, the control signal relies on the instant error, ek, and
the total of all past errors. The cumulative error is controlled by the integral gain
(Kj), and the real-time reaction to the current error is controlled by the
proportional gain (K,). By adding the current error (scaled by Ts) and the previous
integral value at each time step, the code is performing the task of making the
system capable of eliminating steady-state errors. The integral term accumulates

the error at each step.

X meas

X ref u(t)
e(t) K 7@§'

1/s

Figure 3-8 Block Diagram of a Proportional-Integral Controller

The inner control loops' continuous gains decide the system's dynamic accuracy.
As seen in Table (3-5), the Proportional-Integral controller gains are

systematically set to various values for the inner voltage and current control
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loops. The motivation for this difference is that the voltage loop requires high

integral action (high Kj) to track the reference signal accurately, while the current

loop requires a quicker, less oscillatory response. These distinct sets of

parameters validate the utilization of single PI controllers to provide the desired

transient and steady-state performance for each inner loop.

Table 3-5 Inner Control Loop Parameters

Parameter Symbol Value Description

Voltage PI Proportional Gain K, + 10 Proportional gain for the inner voltage loop.
Voltage PI Integral Gain Kiy 50  Integral gain for the inner voltage loop.
Current PI Proportional Gain Ky 10  Proportional gain for the inner current loop.
Current PI Integral Gain Ki; 80  Integral gain for the inner current loop.

3.5.3 Key Differences and Applications

The derivative word is the primary distinction. This term offers the PID

controller a "predictive" capability that the PI controller does not have [27].

Table 3-6 PID vs. PI Controller: A Comparative Analysis

response

Feature PID Controller PI Controller

Components P,I,D P, 1

Error Handling Responds to current, past, and future | Responds to current and past error
error

Response Faster and more stable transient | Can have more overshoot and a

longer settling time

Noise Sensitivity

Highly sensitive to noise due to the

derivative term

Less sensitive to noise

Complexity

More complex to tune due to three

gain parameters

Simpler to tune due to two gain

parameters
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Typical Application | Systems requiring a fast, highly Systems where steady-state error
stable response (e.g., robotics, is the primary concern and noise
motion control) is a factor (e.g., flow control,

temperature regulation)

In the context of a microgrid model, the inner control loops (for voltage and
current) use a PI controller because they are high-bandwidth loops that must
respond quickly and eliminate steady-state error. Meanwhile, the outer, slower
loop might benefit from the full PID to better handle power sharing and transient
stability.

3.6 Particle Swarm Optimization

Particle Swarm Optimization is a metaheuristic algorithm that draws
inspiration from the collective behavior of fish schools or flocks of birds. The
method iteratively searches a search space for the optimal solution. Every
possible solution is represented by a "particle" that travels through the search
space under the direction of both the swarm's best-known position (gpest) and its

own best-known position (puest). [46][71].
3.6.1 The Algorithm's Core Process

The optimization process is based on an iterative movement. The main goal
is to find the optimal values for the five controller parameters: K,, Ki, K4, m, and

n. Each particle represents a set of these five values.

o [Initialization: A swarm of particles is positioned at random within a
predetermined search space to begin the procedure. The lower bound (Ib)
and upper bound (ub) for every parameter define this region. The code

initializes 40 particles for the 5 parameters.
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e Evaluation: A fitness function is used to assess the "fitness" or "cost" of
each particle's position at each iteration. The purpose of this function is to
measure the solution's quality. A better solution comes at a lesser cost.

e Updating p_best and g_best: The algorithm updates the personal best (p
vest) and global best (g vest) locations to improve the process. Each particle
remembers where it is at its best. If the expense of the new job is lower
than the previous one, it moves its best. The method simultaneously tracks
the best position found by each particle in the entire swarm, which is the
overall best solution found so far (g pest).

e Movement: Two primary factors influence each particle's movement: the
swarm's best position (g vest) and the particle's individual best position (p
vest). Lhe fundamental idea is that particles iteratively seek out the best

answer for the entire swarm as well as their individual best-found solution.
The particle's velocity and position are updated using the following equations:

1.Velocity Update Equation:

t+1
i

v =w:- vit + Cl-1 - (pbest,i - xlt) + Cy Ty (gbest — xlt) ...3.29

Where w (pso. w =0.7) is the Inertia weight, which controls how much a particle's
previous velocity influences its new velocity. A higher w favors global
exploration. ¢; (pso.c; = 1.5) is the Cognitive coefficient that determines how
much the particle is influenced by its own experience (poest). €2 (pso.co = 1.5) is
the social coefficient, which determines how much the particle is influenced by
the best experience of the swarm (gpest). Finally, r; and r, are random numbers

between 0 and 1, providing a stochastic element to the search.
2.Position Update Equation:

xft =xb+ vt 330
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This equation updates the particle's new position by adding the new velocity to
the present position. It simulates the physical movement of the particle towards
more promising regions in the search space, led by the personal and global best
experiences. The basic steps of the PSO method are depicted in a flow diagram
in Figure (3-9), which is based on the thorough explanation of the algorithm. The
logical progression of the algorithm's operation, from initializing the particles to
repeatedly updating their positions and velocities to obtain the best solution, is

depicted in this diagram.

Set up the PSO's parameters

l

Create the initial swarm

l

| , Calculate each particle's fitness

Update the position
. Record personal best fitness of all
of particles .
particles
Update the velocity Find global best particle
of particles

Swarm met the
termination

Figure 3-9 Flowchart of the Particle Swarm Optimization Algorithm
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3.6.2 The Fitness Function

The cost function is the mainstay of the controller parameter tuning
optimization procedure. Through the measurement of the cumulative errors
across the simulation time, it was intended to offer a thorough assessment of
system performance. These mistakes serve as the main indicator of the system's
response quality. To guarantee a balanced performance that gives equal weight to

precision and stability, the cost function is made up of two primary parts:

e IAE (Integral of Absolute Error): This element is a representation of the
system's overall absolute inaccuracy. The optimization algorithm
guarantees the most accurate overall performance of the system by
minimizing it.

e ISE (Integral of Squared Error): The purpose of this component is to
penalize significant errors especially. Since errors are being squared, the
algorithm is very interested in minimizing overshoot and abrupt change
because a large deviation from the reference value would lead to a large

rise in cost.

The cost function utilized in the optimization process is represented by the
following formula:

Cost = wy, - (IAE, + ISE,) + wy - (IAE, + ISE;) + wy - (Af) + wy, - (AV)......3.31

The total cost function serves as the objective function for the PSO algorithm. It
is framed as a weighted sum of multiple performance indices to achieve a
properly balanced tuning outcome. By combining the Integral of Absolute Error
(TAE) and the Integral of Squared Error (ISE), the function minimizes the steady-
state errors and penalizes large transient excursions like overshoot
simultaneously. Crucially, high weights assigned to frequency and voltage

deviations ensure the algorithm prioritizes grid stability, making the resulting
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controller both robust and highly responsive. The weights for the total cost
function were carefully selected to represent the relative significance of each
control objective. We gave active power (w;,) a weight of 10 and reactive power
(wq) a weight of 20, as reactive power is more important for voltage stability. To
demonstrate a particular design priority, other weights were given to critical
frequency and voltage deviations. For example, a weight of 100 was used for
frequency (wy) and a weight of 150 for voltage (wy). These high weights lead the
algorithm to prioritize keeping the grid stable and thus produce a rapid,

oscillation-free response which improves the overall system performance.
3.6.3 PSO Parameters and Search Range

The performance of PSO algorithm is highly dependent upon the parameters

which are configured. The algorithm settings for this system are given as follows:

Table 3-7 PSO Algorithm Parameters [61].

Parameter Value | Description

Number of Particles 40 | The number of potential solutions (particles)

searching the solution space.

Number of Iterations 35 | The number of times the algorithm will update the

particles' positions and velocities.

Inertia Weight (w) 0.7 | Controls the influence of the particle's previous

velocity on its current velocity.

Cognitive Coefficient (c1) 1.5 | Dictates the particle's attraction to its own best-found
position.
Social Coefficient (c2) 1.5 | Determines the particle's attraction to the best

position found by the entire swarm.

The range of search, which determines the boundaries of the controller gains, is

as below:
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Table 3-8 PSO Search Range

Parameter | Lower Bound | Upper Bound
K, 0.05 0.1
Ki 3 50
K4 4x10—4 6x10—4
m 1x10-5 12x10-5
n 1x10-5 6x10-5

Since they restrict the search to a stable and physically significant area, these

ranges are crucial.
3.6.4 Stopping Condition

The code employs a simple and reliable termination condition for PSO
algorithm: executing a fixed number of iterations. The loop is regulated with the
command for iter=1: pso. n_iterations. The process of optimization is therefore
ensured to execute precisely 35 times (because pso. n iterations has been
assigned the value of 35), regardless of whether the swarm has converged or not.
When the last (35) iteration is reached, the best position of the swarm

(g_best pos) is obtained and stored as the best controller parameter set.
3.7 Performance Evaluation Criteria and Calculation Methods

The performance of each controller is evaluated using a set of quantitative
metrics. These metrics are not simply observed from plots but are calculated
mathematically from the simulation results. The MATLAB code uses built-in
functions and direct calculations to derive these values, which are then compiled

into the final comparison tables.

3.7.1 Transient Response Metrics (Using step info Function)
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MATLAB's stepinfo function is used to automatically calculate some of the
most significant transient response parameters directly from the output signal of
the system. For performance assessment, the function studies the responses of the
RMS Voltage and Frequency (at the PCC) to a step change in the load. The
voltage response is primarily chosen to be the primary signal for this analysis due
to its central role in stability and highest cost function weightage factor (the
voltage weightage factor) among the whole list of the signals. However, the
Frequency response is also quantitatively analyzed using the same transient
metrics for a complete overall evaluation of the overall enhanced system stability

[75].

Overshoot: The amount by which the response exceeds the steady-state

value. It is calculated as:

Peak Value — Steady-State Value
Overshoot = x 100\% ...3.32
Steady-State Value

e Undershoot: The Undershoot value is defined as the absolute difference
between the final steady-state value of the response and the lowest

minimum value (trough) reached during the transient period.

Undershoot (Value) = Steady-State Value — Minimum Value

o Settling Time: The time required for the response to settle within a certain
percentage (usually 2%) of the steady-state value [55]. The code calculates
this using info. Settling Time

e Rise Time: The time it takes for the response to rise from 10% to 90% of
its final value [55]. The code calculates this using info. Rise Time (though
this specific metric isn't explicitly used in the final fitness function, stepinfo

provides it).
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e Peak Time is the time it takes for a system's response to reach its highest
or maximum value. It's the point in time where the first peak of the response

curve occurs.

The analysis is configured to use info. Overshoot, info. Undershoot, info. Settling
Time, info. Rise Time, and info. Peak Time to obtain these values for both the

RMS Voltage response and the Frequency response.

3.7.2 Integral-Based Error Metrics

These integral-based error metrics are crucial for a comprehensive analysis of
transient performance and are directly used to evaluate controller performance.
They are calculated as the integral of the error over time, and the code’s fitness

function 1s based on a weighted sum of these metrics. [78][79]

e Integral of the Absolute Error: This measures the sum of the absolute

error over time. It 1s calculated as:

T
IAE = j le(t)|dt ..3.33
0
e Integral of the Squared Error: This penalizes large errors more heavily
than small ones by squaring the error. It is calculated as:
T
ISE = J e?(t)dt ...3.34
0
The fitness function for the code employs a weighted sum of integral-based error
metrics, i.e., [AE and ISE, to drive optimization towards system performance.
3.7.3 Steady-State Error

The final difference between the system output and its target is established by
Steady-State Error. It's a critical value for estimating a controller's ability to

produce a precise output. The code determines this error after the simulation for
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all the major control variables (x), which is critical when calculating the long-
term precision of the target of power-sharing [79].

The general formula used to compute the steady-state error (Erry) is:

Erry = |Xief — Xacrua(end)| ....3.35

Where X represents the system's active power (P), reactive power (Q), voltage
(V), or frequency (f). X e 1s the target reference value, and X acral(end) 15 the final
simulated value of the variable at the end of the simulation. It must be noted that
this error formulation calculates the steady-state error at the time of instantaneous
measurement by performing an absolute difference at just the final time of the
simulation. This SSE reading differs from the Voltage and Frequency Deviation
readings calculated in terms of the average absolute deviation over the whole
stable operating period since it only looks at the last point of convergence and not
the performance of the controller throughout time in general.

3.7.4 Power Matching

The Power Matching is the most crucial action in analyzing the power-sharing
mechanism and indicates proportionally how the two inverters are distributing the
active (P) and reactive (Q) portions of the load. It entails measurement of the
proportionate share of each inverter to both types of power throughout the

simulation [80]. This is computed by the code as:
e Active Power Matching

Py P,

Prefl Prefz

Match_ P = 100 X (1 — mean<

)5

)) a7

A value closer to 100% indicates more accurate power sharing.

e Reactive Power Matching

N
Qrefl QrefZ

Match_Q = 100 X <1 — mean(
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3.7.5 Voltage and Frequency Deviation

By measuring the amount by which the voltage and frequency deviate from
nominal, these metrics quantify the stability of the system. The measure is the

mean absolute deviation over the stable operation time of the simulation [79].

Voltage Deviation: The RMS voltage deviation at the PCC from the nominal

voltage, averaged over a specified time.

V gev = mean(|[Vaom,rms — Vousrms|) - - -3.38

Frequency Deviation: The average deviation of the system frequency from the

nominal frequency.

F gev = mean(| from — fousl) o veevvvnnn.3.39

These deviations are the worthy indexes to the ability of the droop controller in
providing system stability for various loading conditions. Primarily, the mean
absolute deviation (mean function) is utilized to calculate these indexes for
extensive statistical analysis of the overall performance of the controller during

the stable operation period.
3.7.6 Total Harmonic Distortion (THDv)

Total Harmonic Distortion of Voltage (THDy) is the most critical metric for

assessing the quality of the voltage waveform generated b

y the inverters. It quantifies the presence of undesirable harmonic components
that are generated primarily by PWM process of the VSI [81]. Maintaining THDvy
within the standard levels (e.g., 5% according to IEEE 519 [75]) is crucial to
protect sensitive loads and ensure the overall quality of the microgrid output. The

THDvy is mathematically expressed as the proportion of the RMS value of the
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harmonic contents to the RMS value of the fundamental component (V) in
percentage:

N 2

LV
THDy = % X 100\% ....3.40
1

Where Vj, is the RMS voltage of the h-th harmonic component, and V; is the RMS
voltage of the fundamental frequency component. The goal of the advanced PID-
ANN-PSO controller, therefore, is to ensure that the voltage waveform maintains
a THDy value significantly lower than the conventional controller, thereby

enhancing the overall power quality and reliability of the microgrid.
3.8 Artificial Neural Network Training

One type of machine learning model that learns and decides or predicts from
data. Through the use of an Artificial Neural Network, this project incorporates
adaptive intelligence in microgrid control system. The ANN is trained only once
rather than repeatedly using the time-consuming and computationally expensive
Particle Swarm Optimization algorithm for real-time prediction of the optimal
controller values. Because of this, the system reacts to changing load conditions

very quickly [36].
1. The Purpose of the ANN

The main function of the ANN is function approximation. It learns a complex and
non-linear relationship between the optimal controller gains and system
performance. The ANN is merely being trained to give an answer to the following
question: "For a given set of system conditions (represented by a cost value), what

are the optimum controller gains (K, Ki, K4, m, n).".

2. Data Collection for Training
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The ANN is not trained from scratch; it learns from the data generated by the PSO
algorithm. During each iteration of the PSO, a set of controller gains is tested,
and the resulting performance is measured by the fitness function. This creates a

set of data pairs:

« Input: The cost value (a single number) calculated by the fitness function.
This cost represents the overall performance of a specific set of gains.
« Target: The corresponding set of controller gains (K, Ki, K4, m, n). This

1s a vector of five numbers that produced the input cost.

The code collects these data pairs into two arrays: pso data for ann. inputs and
pso_data for ann.targets. The ANN will learn to map the inputs (cost) to the
targets (gains).

3. ANN Architecture and Training Process

The specific ANN used in the code is a feed-forward neural network with multiple

layers. The architecture is defined as fitnet [10 8], which means it has:

« An input layer to receive the cost value.

o Two hidden layers, with 10 neurons in the first and 8 neurons in the
second. These layers process the input and learn the complex relationships.

« An output layer that produces the five controller parameters as the final

prediction.

Training process itself is an iterative cycle where the network's internal weights
and biases are adjusted to minimize the error between its predictions and the
actual target values. The code uses the train function in MATLAB, specifying the
training parameters: net. trainParam.epochs = :300 This parameter specifies that
the network is trained in a systematic fashion by exposing the entire dataset and

executing it 300 times, which is sufficient iterations for the highly efficient
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Levenberg-Marquardt algorithm to train the network parameters. The training is
guided by an objective called the Mean Squared Error (MSE). The network
continuously adjusts its weights to minimize the MSE, which is the average of
the squared differences between the network's predicted gains and the actual
optimal gains from the training data. To represent the architecture and data flow
visually, the complete architecture of the feed-forward neural network employed

is given in Figure 3.10, according to the fitnet [10 8] specification.
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Figure 3-10: The Architecture of the Two-Hidden-Layer Feed-Forward Neural
Network

To provide a comprehensive visualization of the intelligent control framework,
the systematic execution of the neural network training phase is detailed. This
process translates the optimized parameters derived from the Particle Swarm
Optimization into a predictive model capable of real-time adaptation. The logical

sequence of data initialization, weight adjustment using the Levenberg-
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Marquardt algorithm, and the iterative learning cycle is illustrated in figure (3.11)

below:

Define ANN Architecture (2 Hidden Lavers: 10 & 8 Neurons)

|

Input Data: PSO Cost Function Values

1

Target Data: Optimized Controller Gains (Kp, Ki, Kd, m, n)

l

Initialize Weights & Biases (Xavier/Glorot Initialization)

l

Execute Supervised Learning (Forward & Backpropagation)

|

Apply Levenberg-Marguardt Algorithm (trainlm)

Epochs = 3007

NO

Generate Trained ANN Model for Real-Time

Prediction

I

Figure 3.11: Flowchart of the Proposed ANN Training Process

3.9 Hybrid PSO-ANN Approach for Advanced Microgrid Control

Neural networks are sometimes called artificial neural networks or
simulated neural networks. ANN is composed of connected nodes that are
called artificial neurons. These nodes represent the neurons in the brain. Also, the
nodes are connected by edges, which model the synapses in the brain. The
function of this approach can be explained as described in the following section.

The artificial neuron processes the signals received from the other connected
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neurons and then sends a signal to other connected neurons. The sent signal is
a real number, and the output of each neuron is computed by some non-linear
function of the sum of its inputs, called the activation function. The strength of
the signal at each connection is determined by a weight, which adjusts during the
learning process [35]. ANNs are machine learning models designed to learn
complex patterns from data. In power systems, ANNs can be trained to control
system behavior in real-time, making them more adaptive to the changes that
occur in the system. In hybrid approaches ANN can be used with PID-PSO and
Droop control for more performance enhancement. For more declaration, as an
example, ANNs can adjust the PSO-optimized PID controller gains and Droop
coefficients based on changing grid conditions, improving the control system's
response to transients [36]. Several studies show the effect of combining PSO-
optimized PID and Droop with ANNSs is the most effective method to develop the
optimum control for power in transient condition sharing through microgrids by
these combinations. A PID controller is used mainly to ensure that the system
stability, and the PSO algorithm optimizes the controller parameters for system
performance enhancement. Adding an ANN allows adaptive real-time
adjustments, further improving transient responses and power-sharing accuracy

[37].

Input Layer : Hidden Layer Output layer

hq hz h3

Input a

Output z

Inputc

Figure (3-12) Basic ANN Structure [36]
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Hybrid control strategies, such as the synergistic combination of droop control
with PSO-ANN, have been proposed to improve microgrid resilience, specifically
in regulating voltage and frequency during islanded operation. recently, the
integration of ANNs with PSO- optimized PID and Droop controllers has had
more effect on microgrids performance enhancement. ANNs, with their ability to
learn from data, can dynamically adjust the PID gains and Droop coefficients
parameters in real time, improving system behavior during transient events. These
hybrid approaches have shown commitment in various studies, especially for

managing combined, nonlinear systems like microgrids [38].
3.10 summary

This chapter presents the complete methodological structure for modeling,
control, and optimization of a stand-alone microgrid. The study begins by
defining an exact mathematical model of the physical system where two
distributed generation units are represented by a VSI, an LC filter with a damping
resistor, and a transmission line. These three elements are represented exactly
with dynamic differential equations to create a true simulation setup. The control
technique is based on a cascaded two-loop configuration that divides the tasks of
accurate voltage/current regulation and power sharing. The outer loop employs a
PID controller with the Droop control mechanism to decimate the active and
reactive power errors and set up the reference signals for voltage and frequency
(Vierand Wyer). The inner loop employs PI controllers for fast and accurate output
regulation (voltage and current). The entire control strategy is executed in the dq-

frame to provide better performance.

One of the main contributions of this work is the use of intelligent optimization
to tune the controller parameters. The PSO method computes optimal controller
gains by maximizing a penalty-function that penalizes transient response faults.
The controller is then able to make real-time parameter updates based on the data

from this optimization to train an ANN. This hybrid approach, which combines
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conventional control with current computational intelligence, significantly
improves the stability and performance of the microgrid under a wide range of

load conditions.
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CHAPTER Four

Results and Discussion
4.1 Introduction

Ensuring stable and effective power sharing among distributed generation
units in islanded microgrids remains one of the most significant challenges for
control engineers. The system's response is heavily influenced by the quality of
the controller design, particularly during transient states arising from sudden load
changes. Such events can lead to high power overshoots, prolonged settling times,
and undesirable deviations in voltage and frequency, thereby threatening the
stability of the entire network. This chapter presents and analyzes the practical
results obtained from the simulation environment designed in MATLAB,
fulfilling the primary objective of this thesis: to improve the optimal control of
transient power sharing in a microgrid using a hybrid controller combining PID
and Droop control optimized with the particle swarm optimization algorithm and
an Artificial Neural Network. To achieve this goal, a dynamic model of a
microgrid system, consisting of two parallel inverters sharing a common load,
was constructed. This model was designed using a detailed time-domain
simulation, which accurately reflects the dynamic behavior and internal physical
components, such as the LC filter, to capture the system’s transient response and
stability. The performance of three distinct levels of control strategies will be
compared, based on their response to sudden load changes. The first is the
Conventional PID Controller, which serves as a baseline with manually tuned
parameters and is expected to exhibit limited performance with noticeable
overshoots and steady-state errors. The second strategy is the PID and Droop
controller optimized with PSO. At this stage, the optimal parameters for both the
PID controller and the Droop coefficients were found by executing a live PSO
algorithm, with the objective of minimizing a cost function based on overshoot,

settling time, and integral error. The final and most advanced strategy is the
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Adaptive Controller based on an Artificial Neural Network (ANN-based
Controller). Here, a trained ANN predicts the optimal PID and Droop gains in
real-time based on the current load level, endowing the system with the ability to
deliver optimal performance across a wide range of operating conditions.
Numerical values and graphical plots, like transient response, power sharing
accuracy, stability of voltage and frequency, and performance analysis under
varying loads, will be used to compare the performance of each controller. The
serious comparison endeavors to establish beyond reasonable doubt the greater
efficacy and robustness of the proposed hybrid ANN-PSO approach towards

achieving robust, effective, and adaptive control.
4.2 Analysis and Comparison of Simulation Results

This section gives a thorough explanation of the simulation results in the
endeavor to compare the performance of the three control strategies under
different operating conditions. Analysis will take into account significant
performance metrics that have been extracted from the simulation outputs, such
as voltage and frequency stability, transient response, and precision in power
sharing. This section will examine graphs and figures closely in order to verify
the thesis's main arguments. It will also show how the improved controllers
perform much better than the baseline of the conventional Droop control

integrated with a manually tuned PID controller.

4.2.1 Active and Reactive Power Sharing Performance

The microgrid system's active and reactive power-sharing capabilities under
varied load conditions are thoroughly examined in this section. The subsequent
subsections 1illustrate how improved control schemes, which enhance droop
coefficients and external control parameters, offer fair and accurate power

distribution among parallel inverters.
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4.2.1.1 Individual Inverter Power Sharing

Performance results of active and reactive power sharing for two inverters
for a step-load condition are given in figure (4-1). The figure presents a
comparison of the proposed ANN-PSO approach with two established methods:
PID-PSO and conventional. The study will show better power sharing precision
and transient performance through simultaneous tuning of PID and droop
parameters. The unequal active power distribution between the P1 and P2
inverters is depicted in Figure (a). The system is configured to have unequal
power distribution, where the reference line confirms that Inverter 1 (P1) supports
approximately 60% of the load, whereas Inverter 2 (P2) supports approximately
40%. In the first steady-state period (t < 0.8 seconds), the total loading 1s 10 kW,
split between 6 kW for Inverter 1 and 4 kW for Inverter 2. In t = 0.8 seconds,
there 1s a step change in load, raising the overall load to 16 kW. Specifically,
Inverter 1 changes from 6 kW to 9.7 kW, and Inverter 2 changes from 4 kW to
6.3 kW. Both during the initial operation (t = 0) and the shift in load (t = 0.8
seconds), Conventional controller (red line) exhibits slow transient response,
characterized by longer Rise Time and Settling Time. The overshoot visible at t
= 0 1s because the controller attempts to correct the colossal initial error between
the initial state (zero power) and the reference value in a sudden way. By contrast,
the PSO-optimized controller (blue trace) shows a significant improvement,
demonstrating a much more responsive system and quicker settling time in both
transient cases. While this speed is achieved with a significantly lower overshoot
compared to the sluggish Conventional controller, the PSO method effectively
minimizes both the transient duration and peak deviations, validating its superior
effectiveness in optimizing the overall dynamic response. The ANN-PSO
controller (green trace) performs the best with the least settling time, quickest rise
time and minimal steady-state error in both transient cases. This provides the

ability ANN to forecast optimum parameters, resulting in a much more accurate
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and dynamic response that closely tracks the reference power with minimal error.
Reactive power sharing (Q1 and Q2) is indicated in Figure (b). The system is
programmed for unequal reactive power sharing, where the line of reference
confirms that Inverter 1 (Q1) takes 60% of the load and Inverter 2 (Q2) takes
40%. In the first steady-state period (t < 0.8 seconds), the total reactive load is 2
kVAR, split between 1.20 kVAR for Inverter 1 and 0.80 kVAR for Inverter 2. A
step-up in load occurs at t = 0.8 seconds, raising the total reactive load to 4 kVAR.
To be exact, Inverter 1 rises from 1.20 kVAR to 2.4 kVAR, and Inverter 2 rises
from 0.80 kVAR to 1.6 kVAR. The classical droop control (red line) settles
slowly and exhibits a long rise time and a high initial overshoot. This short-term
overshoot is characteristic of controllers which are trying to achieve rapid
tracking. The PSO-optimized controller (blue line) exhibits a significantly faster
response and achieves a quicker settling time than the Conventional method but
again, the ANN-PSO controller (green line) outperforms both of them with the
lowest settling time and by far the smoothest and most accurate transient
response, effectively minimizing the transient duration. The exceptional
performance observed is primarily attributed to the direct optimization of the
active power control parameters. By achieving precise regulation in the active
power loop, the system indirectly enhances reactive power sharing among the
parallel inverters. This coordinated optimization maintains a stable voltage
profile and significantly mitigates circulating currents, thereby maximizing the
overall stability and resilience of the microgrid during transient events. The
improved ANN-PSO controller's transient response affirms that an existing
network can successfully adjust to load variations and deliver optimal control

parameters, resulting in extremely precise and consistent power sharing.
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A further investigation on instantaneous power sharing errors demonstrates the
improved performance of the proposed PID-ANN-PSO controller in active and
reactive power sharing. Error analysis is extremely crucial for the evaluation of
dynamic response as it represents the significant minimization of transient
deviation from the desired reference. As can be seen in Figure (4-2), the
traditional controller exhibits a slow return to zero error in both the transient
events (t=0 and t=0.8 s). Importantly, the traditional controller has a finite non-
zero steady-state error in both the first and final steady-state intervals, albeit
small. The optimal controller based on PSO shows a considerably improved
transient response compared to that with the conventional method, with
approximately zero SSE in both stable operating intervals. But the ANN-adaptive
controller truly excels, as shown in its error curve, which has the least deviation

during the initial load step and ensuing load ramp at 0.8 seconds.
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Figure 4-2 Instantaneous Power Sharing Error
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This ability to adapt its PID gains and droop coefficients in real-time dynamically
cancels out disturbances and maintains a near-zero steady-state error during both
steady operating intervals. Adjusting both sets of parameters simultaneously
allows the system to reach a speed and accuracy level that cannot be matched by
conventionally used fixed-gain controllers. As a result of this dynamic flexibility,
the microgrid is guaranteed to always have precise and stable power sharing as

well as being highly responsive to change
4.2.1.2 Total System Power Delivery

In Figure (4-3), Total Active & Reactive Power Supplied vs. Load, the
overall system performance of the suggested control strategies are compared
directly and quantitatively. This analysis confirms the effectiveness of our
method, which optimizes the PID and droop coefficients together to obtain
optimum microgrid performance. The total active power delivered to the load is
shown in the top subplot, where the total active load (P ro.q) 1s plotted with the
dashed black line, stepping from 10 kW to 16 kW at t=0.8 seconds. The
conventional controller (red dashed line) has a slow rise time and noticeable
overshoot in each load step. The PSO-tuned controller (blue dashed line) is a clear
improvement over the conventional method, in that it is a faster response. But the
PID-ANN-PSO controller (thick green line) performs the best under dynamic
conditions with the highest rise time and earliest settling time at every step of
load. This illustrates how the co-optimized parameters improve power delivery
quality overall by allowing the microgrid to respond to abrupt changes in load
more quickly and uniformly.

Also, the provided total reactive power is indicated in the lower subplot, in which
the total reactive load (Q Lo.q) rises from 2 kVAR to 4 kVAR. The conventional
controller gives the slowest transient response. The PSO-tuned controller (blue
dotted line) exhibits better performance with a faster response. In contrast, the

PID-ANN-PSO controller (green line) is much more tightly controlled with a very
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short settling time. This result is particularly significant as it demonstrates how
the direct optimization of active power control parameters effectively stabilizes
the frequency-voltage coupling within the microgrid. While the primary objective
was the enhancement of active power sharing, this direct improvement indirectly

optimized the reactive power flow and voltage regulation.
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4.2.1.3Active and Reactive Power Sharing Performance under Varying

Load Steps

The results in Figure (4-4) show the improved performance of the suggested
optimized controllers to achieve power sharing accuracy in both active and
reactive power under a multi-step load condition. The test utilizes the system's
dynamic capability for three consecutive load changes at timest=0.1 s, t= 0.6 s,
and t =1.1 s. Tuning the PID controller parameters and the droop coefficients is
demonstrated to be beneficially useful, with the plot revealing how the system
behaves in response to such inputs. The conventional controller reacts slowly to
all step changes and settles at the new steady-state levels after an extremely long
time. The PID-PSO and PID-ANN-PSO controllers, respectively, exhibit a much
quicker transient response with highly reduced instantaneous tracking errors. The
system's operation is characterized by three consecutive load changes (steps):

e During the first step (t = 0.1 s), the sum of active load is 6 kW (distributed
as 3.8 kW for Inverter 1 and 2.2 kW for Inverter 2) and the sum of reactive
load is 1 kVAR (distributed as 0.6 kVAR for Inverter 1 and 0.4 kVAR for
Inverter 2).

e In the second step (t 0.6 s), the total active load increases to 10 kW (6 kW
for Inverter 1 and 4 kW for Inverter 2), and the total reactive load increases
to 2.5 kVAR (1.5 kVAR for Inverter 1 and 1 kVAR for Inverter 2).

e Finally, the total active load 1s 15 kW (9 kW for Inverter 1 and 6 kW for
Inverter 2) and the total reactive load is 3.5 kVAR (2.1 kVAR for Inverter
1 and 1.4 kVAR for Inverter 2) att 1.1 s.

The PID-ANN-PSO controller delivers the fastest and most stable response,
achieving precise active power sharing while indirectly optimizing the reactive
power distribution with minimal oscillations. This performance confirms that
while direct parameter optimization significantly enhances the system's dynamic

response and active power-sharing, it simultaneously yields an indirect yet
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substantial improvement in voltage stability and reactive power quality, thereby

validating the comprehensive effectiveness of the proposed control scheme.
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Figure 4-4 Comparative Performance of Active and Reactive Power Sharing

under - Multi-Load Scenario

Figure (4-5) shows the Total Active Power Tracking Performance (P Total) of the

microgrid system during a multi-step load condition, which includes three

different demand changes (i.e., from 6kW to 10kW to 15kW). The plot compares

the performance of three control methods: the Conventional PID, the PID

optimized by Particle Swarm Optimization (PID-PSO), and the proposed
Adaptive PID based on an Artificial Neural Network combined with PSO (PID-

ANN-PSO). The results unequivocally demonstrate the superior performance of

the PID-ANN-PSO controller. In all abrupt load changes, this adaptive method is
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characterized by a considerably quicker dynamic response, with a more rapid
approach to the new set point in comparison with the two other techniques.
Importantly, it shows barely any oscillation, confirming excellent transient
control and stability, and comes to rest precisely at the total load reference with
fine steady-state accuracy. On the other hand, the Conventional and the PID-PSO
control schemes both show inferior settling time as well as perceptible overshoots
following the load steps, confirming that the synergy of the ANN's adaptivity
capability and the optimization of PSO is of valuable advantage in enhancing the

system's dynamic stability and power tracking accuracy under heavy loads
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Figure 4-5 Total Active Power Response - Multi-Load Scenario

Referring to the Total Reactive Power Sharing Performance (Q tota1) in Figure (4-
6), the system behavior is in close agreement with the Active Power results. The
PID-ANN-PSO control strategy once again demonstrates the best and most stable
dynamic response compared to the Conventional and PID-PSO controllers in
tracking the multi-step load reference (from 1 kVAR to 2.5 kVAR, then 3.5
kVAR). The PID-ANN-PSO controller is characterized by minimal oscillation
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and settling at the desired value with excellent steady-state accuracy at every load
transition. These results consistently validate the efficacy of the adaptive and
optimized control scheme. It is noteworthy that while the optimization was
directly targeted at the active power control parameters, it indirectly led to a
significant improvement in reactive power dynamics. By achieving a rapid and
precise response in the active power loop, the system effectively stabilized the
voltage-frequency coupling, thereby ensuring a fast and accurate transfer of

reactive power between the inverters during dynamic operating conditions.
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Figure 4-6 Total Reactive Power Response - Multi-Load Scenario

4.2.2 System Stability and Power Quality Analysis.

This section gives a comprehensive rundown of how the microgrid operates,
focusing on two important aspects: system stability and power quality. The
following sections will extensively evaluate the microgrid's dynamic response to
load fluctuations, paying special attention to the stability of its voltage and
frequency. Important internal operational metrics such as DC-link voltage

stability and circulating power will also be examined, and a harmonic distortion
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study will be used to assess the overall power quality. The purpose of this analysis
is to show how the suggested control strategies can improve the performance and

dependability of the microgrid.
4.2.2.1 System Stability Analysis (Voltage and Frequency)

Microgrid performance in islanded mode, when the system is disconnected from
the main grid, depends critically on voltage and frequency stability. In this
situation, the Q-V and P-f droop control methods are used to guarantee reliable
operation and efficient power sharing amongst DG units. While this approach is
traditionally predicated on the idea that frequency drops indicate active power
rises and voltage drops indicate reactive power production, our suggested
approach builds on these relationships (Figure 4.7) via a hybrid PID-ANN-PSO
strategy. By optimizing the P-f loop, this method indirectly stabilizes the reactive
power and voltage profile, ensuring robust performance through improved system
synchronization. This mixed implementation simulates the response of typical
synchronous generators without needing high-bandwidth communication,

leading to a more responsive and stable system under different load conditions.
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The comprehensive view of system stability is presented in Figure 4.8, illustrating
both the voltage and frequency stability curves under an abrupt load shift at time

equals 0.8 seconds.
e Voltage Stability Analysis

The PCC Voltage Stability response, illustrated in the top curve of Figure 4.8,
demonstrates the system's RMS voltage behavior in response to the step load
change. The conventional droop method (red dashed line) suffers from the most
significant voltage drop and the poorest steady-state recovery. Initially, the
system maintains a stable profile near the nominal 400 V, with the proposed PID-
ANN-PSO controller (green line) sustaining the highest precision. Following the
abrupt load surge at 0.8 seconds, the voltage naturally dips to accommodate the
increased demand. The conventional controller experiences the largest dip, falling
towards 399.85 V, and takes the longest time to stabilize with visible oscillations.
In contrast, the PID-ANN-PSO controller minimizes this transient dip and
recovers rapidly, maintaining a superior steady-state voltage of approximately
399.93 V shortly after the disturbance. It is important to note that this
enhancement in voltage quality is achieved indirectly; while the controller
primarily optimizes the P-f control loop to ensure frequency stability, the
resulting improvement in active power-sharing and system synchronization
inherently enhances the overall voltage profile at the Point of Common Coupling

(PCC) without the need for aggressive direct Q-V adjustments.

¢ Frequency Stability Analysis

The frequency stability response, as illustrated in the lower curve of Figure 4.8,
demonstrates the system's dynamic reaction to the active power imbalance. Upon
the load step at 0.8 seconds, a temporary frequency drop is observed across all
control strategies. The Conventional controller (red dashed line) exhibits the most

significant deviation, reaching a minimum frequency nadir of approximately
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49.78 Hz before struggling to recover. In contrast, the improved controllers show
a much more resilient response; the PID-PSO (blue line) limits the drop and
begins recovery sooner, while the proposed PID-ANN-PSO (green solid line)
achieves the best performance with the least deviation, maintaining a nadir of
approximately 49.91 Hz. Following the transient period, the proposed hybrid
controller enables the system to settle significantly faster, stabilizing the
frequency near the nominal value by t = 1.2 seconds, whereas the conventional
method continues to show oscillations. This superior response, achieved through
the simultaneous tuning of the droop coefficient (m) and PID parameters, ensures
high frequency quality and robust dynamic stability for the microgrid throughout

the 2.5-second simulation period.
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4.2.2.2 Total Harmonic Distortion Analysis

Total harmonic distortion and the microgrid's output voltage quality are closely
linked, making the latter a crucial performance indicator. In Table 4.1, the THD
percentages for the three control systems are clearly presented and compared. The
conventional controller, according to the tabulated data, has the highest THD,
indicating a low-quality output voltage with a high harmonic content. On the
other hand, the THD is significantly lower for the controllers with optimal
parameters, such as the PID-PSO and particularly the PID-ANN-PSO. In order to
increase power quality, it is highly effective to simultaneously modify the droop
coefficients and the parameters of the PID controller integrated with the Droop
loop. The PID-ANN-PSO controller delivers the lowest THD value as recorded
in the table.

Table 4.1 THD Comparison for Conventional and Intelligent Controllers.

Algorithm THD (%)
Conventional 5.1
PID-PSO 33
PSO- ANN 2.9

Figure (4-9) provides visual support for this conclusion by displaying the voltage
waveform with time. The high THD value of the conventional controller is
consistent with its output (shown in red) seeming deformed and less sinusoidal.
The ANN-PSO controller's waveform (shown in green) is far cleaner and more
like an ideal sine wave, proving the output voltage's improved quality and
confirming the combined optimization approach's efficacy in reducing harmonic

distortion.
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Figure 4-9 Harmonic Content in Output Voltage

4.2.2.3 Zero-Load and DC-Link

The internal stability and power sharing of the microgrid's inverters are
crucially revealed by this research, which is based on a fresh set of data.
Circulating power is the undesired power flow between the parallel inverters
when there is no load, as seen in Figure(4-10a). This power must be swiftly forced
to zero by an efficient control strategy. The graph makes it evident how the
enhanced control techniques, which are accomplished by fine-tuning the droop
coefficients and internal control parameters, efficiently reduce these oscillations
and quickly bring the circulating power down to zero. The improved performance
of the suggested control mechanism is directly reflected in this increased damping

capabilities.
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The DC bus voltage response under a step load change is illustrated in Figure (4-
10b), demonstrating the system's ability to maintain a stable DC link at 800 V.
The abrupt load transition at 0.8 seconds induces a transient voltage dip across all
controllers. The Conventional controller (red dashed line) exhibits the most
significant drop, falling to approximately 760 V. The PID-PSO controller (blue
dotted line) shows an improved response by limiting the dip to about 772 V.
However, the proposed PID-ANN-PSO (green solid line) demonstrates superior
transient resilience, restricting the voltage drop to only 780 V and achieving the
fastest recovery to the nominal level. This enhanced performance confirms that
the dynamic tuning of control parameters effectively strengthens internal stability

and sustains DC voltage quality under disturbance.
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805 DC Bus Voltage Under Load Change (Simulated)
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Figure 4-10 (a) Circulating Power (b) DC Link Voltage
4.2.3 Control Effort and Phase angle difference Analysis

This section provides the overall findings achieved by the proposed PID-
ANN-PSO optimization of the PID control and droop coefficients. The study is
structured to demonstrate the dynamic system performance against sudden load
disturbances. Specifically, the analysis discusses two key aspects: the Control
Effort, defined by the magnitude and dynamic efficiency of adaptively adjusted
controller parameters, and the Transient Response, which quantifies the system's
speed and stability using indices such as Active and Reactive Power Rise Time.
The outcomes collectively validate that the optimized parameters yield a very

effective and superior dynamic response compared to conventional techniques.
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4.2.3.1 Evaluation of Control Effort Magnitude and Dynamic Efficiency

Figure (4-11) presents an important explanation of the Control Effort
Magnitude imposed by each controller on Inverter 1 (contribution of 60%) and

Inverter 2 (contribution of 40%).
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Figure 4-11 Comparison of Inverter Control Effort Magnitude for Inverter 1
(60% Share) and Inverter 2 (40% Share) During Step Load Change

The magnitude of the command signal is indicative of the internal power or force
utilized by the controller in compelling the required power-sharing performance,
especially during transient conditions. The figure clearly shows that the
Conventional controller (Red dashed line) yields the minimum overall control
effort, both at initial conditions (t=0) and during the step change (t=0.8 s). This
minimum effort is, nonetheless, the cause of its slowest transient response and

largest steady-state error of power sharing, as shown in previous figures.
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Conversely, the projected PID-ANN-PSO controller (Green solid line)
demonstrates the greatest peak control effort in both inverters immediately
following the load step, with a controlled peak not exceeding 380 V for Inverter
1 and 365 V for Inverter2 . Such a significantly higher command magnitude is
the only reason that the active power response becomes better (fastest settling
time and zero steady-state error). The system is applying maximum corrective
force to achieve the fastest dynamic stability. While the PID-PSO controller (Blue
dotted line) shows an intermediate effort, the compromise achieved by the PID-
ANN-PSO, forgoing low-effort transient for maximum speed and final accuracy,

1s the most effective approach to stabilize the dynamic behavior of the microgrid.
4.2.3.2 Phase angle difference

The phase angle difference, as visualized in the accompanying figure (4-12),
plays a crucial role in visualizing the microgrid's stability and synchronization, as
a lesser difference directly correlates with a more reliable system. This figure
serves as a simple gauge of inverter cooperation across different operational
states. Before the load change at t=0.8s, the phase angle accumulation is minimal
but already shows differentiation: at t=0.7s, the conventional controller has
accumulated about 0.85 degrees, the PID-PSO is at about 0.75 degrees, and the
proposed PID-ANN-PSO demonstrates the lowest initial accumulation at about
0.65 degrees. Immediately following the transient, the conventional controller
exhibits the largest and fastest accumulation rate, reaching about 1.15 degrees at
t=0.9s, which indicates poor transient handling. The PID-PSO performs notably
better in this phase, reaching about 1.0 degrees, but the proposed PID-ANN-PSO
shows the best transient stability by only reaching about 0.85 degrees at t=0.9s.
Throughout the entire simulation period, the conventional controller maintains
the largest and fastest-growing phase angle difference, ultimately accumulating
approximately 3.6 degrees at 2.5 seconds, a deviation that would compromise

power quality and stability. In stark contrast, the PID-PSO controller successfully
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maintains a smaller final difference of about 3.1 degrees at 2.5 seconds. However,
the most compelling evidence of superiority lies with the PID-ANN-PSO
controller, which consistently maintains the absolute minimum cumulative phase
angle difference throughout the test, concluding at only 2.6 degrees at 2.5
seconds. This superior performance confirms that the system's capacity to sustain
synchronization and power quality under various load scenarios has been
successfully enhanced through the dynamic tuning of both droop coefficients and

PID control settings.

Phase Angle Difference (Deg) to 2.5s
I I

= = Conventional .
=——PID-PSO -
PSO-ANN <

Angle (deg)
s

0.5

Time (s)

Figure 4-12 Dynamic Stability of the Phase Angle Difference under Load Change

4.2.4 Adaptive Controller Performance and Additional Results

This section presents significant results that demonstrate the intelligent and
flexible behavior of the proposed controller. By carefully analyzing the ANN
training process and the dynamic adaptation of controller parameters, this study
provides definitive evidence of the system's real-time learning and adjusting
capabilities. The data shown here clearly illustrate the successful training of the

neural network and the real-time variations in PID gains and droop coefficients,

113



Chapter Four Results and Discussion

hence demonstrating the effectiveness of the proposed dynamic optimization

technique.
4.2.4.1 Dynamic ANN Controller Parameters (Multi-Step Load Scenario)

Figure 4-13 provides the most significant evidence of the adaptability of the
proposed controller. The dynamic response of the droop coefficients (m and n)
and PID gains (K,, K, and Kg) to the multi-step load situation is evident right
away. These five parameters are dynamically altered in real-time, as seen in the
graphic, and their values fluctuate precisely at the 0.1, 0.6, and 1.1 second points
when the load steps occur. The fundamental method that makes the recommended
controller more effective in a variety of situations than the conventional and

statically optimized controllers is this active adaptability.
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Figure 4-13 Dynamic ANN Controller Parameters (Multi-Step Load Scenario)
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4.2.4.2 ANN Training Process Analysis

Figure (4-14) shows the Artificial Neural Network training process's
performance throughout a number of epochs. Plotting MSE against the number
of epochs on a logarithmic scale is shown. Validation (green), Test (red), and
Train (blue) are the three primary performance metrics displayed. The neural
network training was highly efficient in minimizing the difference between its
predictions and the target values, as evident from the learning curve. The plot
demonstrates a steep and precipitous decline in the Mean Squared Error in all
three curves (Train, Validation, and Test) during the initial 70 epochs. The
precipitous drop reflects the high effectiveness of the training algorithm in
refining the network weights. Most notably, after this sharp dip, all three
performance plots become tightly parallel (or converge to parallel paths) and
reach a plateau at a very low MSE value, demonstrating a strong optimization
achieved by the network. This convergence point at a low error level is the most
important feature of this plot, strongly suggesting that the trained ANN has
acquired excellent generalization and has been able to overcome the trap of
overfitting. The network demonstrates excellent ability to accurately utilize the
patterns learned from the training set to novel test and validation sets. Further, the
plot confirms that the training effectively optimized the necessary control
parameters (e.g., PID controller gains K,,, K;, and Ky, or droop gain coefficients
m and n) to the optimal shape for best performance for the dataset provided. The
final, lowest, and stable MSE value, represented by the green circle at the end
points of the training epochs, is the node at which the network performs optimally

and the training is successfully carried out.
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Figure 4-14 ANN Training Performance and Convergence Characteristics

4.2.5 Quantitative Analysis of Controller Performance

This section presents a thorough performance analysis of the proposed

controller through examination of vital parameters both in steady-state and

dynamic states. The discussion begins with the introduction of the optimum

parameters of the controller, which were achieved by integrating the optimization

of control parameters and sag coefficients. The PSO algorithm found these

optimum parameters, and the final minimum Cost Function value was 0.3. This

critical information feeds directly into the subsequent analysis of the system

performance, including its dynamic response, error behavior, and overall

stability. The analysis will demonstrate how the new parameter values greatly

improve the system's accuracy and stability across a variety of operating

conditions. This hybrid approach demonstrates to what degree the adopted

strategy performs to deliver improved performance with respect to traditional

control systems.
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4.2.5.1 Optimized Controller Parameters

The optimization results, presented in Table 4.2 for Inverter 1 (60%), confirm the
effectiveness of the PID-ANN-PSO algorithm in determining the optimal control
parameters for the dominant unit. This direct optimization is crucial because the
control system utilizes an integrated primary loop, where PID gains are embedded
within the droop mechanism to facilitate uneven power sharing. The data
validates the fundamental Inverse Engineering Principle required for stable
operation under asymmetrical conditions. Specifically, the droop coefficients (m
and n) for Inverter 1 are numerically lower to ensure a lower sensitivity to power
fluctuations. This allows the larger contributor to maintain balanced frequency
and voltage deviations across the microgrid without compromising stability.
Furthermore, the optimized PID gains (Kp, Ki, Kd) for this unit are strategically
tuned to provide a controlled error response. Since the PID controller operates
within the droop loop, these precisely determined gains prevent excessive
overshoot and instability. This ensures that the targeted 60% power sharing is
achieved with high dynamic precision, while the second inverter (Inverter 2)

naturally follows this stabilized reference to maintain its 40% share indirectly.

Table 4.2 Optimized Controller and Droop Coefficients for Inverter 1(60%)

Algorithm Kp Ki Kd M N
Conventional 0.052 3.12 4.22 x10—4 5x10-5 1 x10-5
PID-PSO 0.066 17.12 4.68 x10—4 7.31x10-5 2.9x10-5
PID-ANN-PSO  0.091 33.19 5.63 x10—4 8.16x10-5 5.1x10-5

The table 4.2 titled "Optimized Controller and Droop Coefficients" provides a
clear comparison of the final parameter values obtained by the Conventional,
PID-PSO, and PID-ANN-PSO control modes. The data clearly shows that the
complexity of the optimization procedure is correlated with the final parameter

values. The droop coefficients (m, n) and PID gains (K,, K, K4) derived from the
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Conventional algorithm differ from those derived from the other two methods, as
expected. The PID-PSO approach uses Particle Swarm Optimization to identify
the optimal parameters, making the gains and droop coefficients more
dependable. But the PID-ANN-PSO method stands out because it creates a unique
and highly effective parameter combination. This set of parameters is produced
by combining an artificial neural network and a PSO, enabling more thorough
optimization and, as other figures demonstrate, improving microgrid performance
in terms of stability and power sharing. In conclusion, this table provides
measurable proof that sophisticated, intelligent algorithms outperform traditional
techniques in terms of altering controller parameters and improving system

performance generally.

4.2.5.2 Dynamic Performance Analysis

The comparison presented in Table (4-3) is a comparison of critical system
stability and dynamic efficiency achieved by the various control algorithms. The
outcomes clearly indicate the superior transient performance of the optimized

algorithms in responding to sudden load changes.

Table 4.3 A Comparative Analysis of Dynamic Performance measures

for RMS Voltage Response
Algorithm  Undershoot Settling Time Rise Time Peak Time
V) (s) (s) (s)
Conventional 0.1419 0.1351 0.2916 0.1584
PID-PSO 0.5364 0.0951 0.2961 0.1511
PID-ANN-PSO  0.6331 0.0922 0.2855 0.1451

The analysis of the RMS Voltage response in Table (4-3) is primarily on
Maximum Undershoot as opposed to Overshoot because the time-domain plots
concur that no positive Overshoot occurred, as expected from the system's high
damping ratio. The PID-ANN-PSO algorithm is best for all transient parameters

with the minimum Maximum Undershoot of 0.6331, indicating the maximum
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tolerance to temporary voltage sag following a disturbance. This also holds for
the time parameters, as the PID-ANN-PSO controller indicates the fastest
response with the minimum Settling Time of merely 0.0922 and the minimum
Rise Time of 0.2855. This rapid stabilization capability represents over a %32
gain over the Conventional controller 0.1351 and thus represents the optimal
control strategy for voltage stability. The superior performance of the optimized
algorithms is even more pronounced in the Frequency response detailed in Table
(4-4).
Table 4.4 A Comparative Analysis of Dynamic Performance measures

for Frequency Response

Algorithm  Undershoot Settling Time Rise Time Peak Time

(Hz) (s) (s) (s)
Conventional 0.2211 0.0901 0.2658 0.1298
PID-PSO 1.0895 0.0765 0.2612 0.1274
PID-ANN-PSO 0.9816 0.0698 0.2598 0.1154

The verification confirms that the PID-ANN-PSO algorithm excellently
minimizes frequency deviations and rapid stabilization. The PID-ANN-PSO
controller also exhibits the least Maximum Undershoot of 0.9816, which shows
much more effective control over frequency descends compared to the
Conventional controller at 0.2211. The dynamic agility gains are shown across
the transient response periods, where the PID-ANN-PSO controller achieves a
rapid recovery with a Settling Time of 0.0698. This rate of stabilization is faster
than the recovery to that of the Conventional controller 0.0901 and demonstrates
the effectiveness of adding the ANN element in real-time adjustment and more

dynamic agility in managing the peak transient error at load transitions.

4.2.5.3 Error Analysis and Assessment

The quantitative expression of control quality is captured in the rigorous Error
Analysis and Assessment provided below in Table (4-5) and Table (4-6). The
improved performance of the PID-PSO-ANN algorithm relative to these Results
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follows immediately from the sensible weighting of voltage and frequency

stability in its optimized cost function.

Table 4.5 Steady-State Error Analysis

Algorithm SSE, SSEs SSEp SSEq
) () (%) (%)

Conventional 0.0415 0.1321 0.77 0.82
PID-PSO 0.0345 0.0741 0.29 0.37
PID- PSO-ANN 0.0312 0.0648 0.17 0.22

Table (4-5) Steady-State Error Analysis confirms the very good accuracy of the
proposed controller. The PID-PSO-ANN algorithm achieves the minimum
instantaneously SSE for voltage (SSEv =0.0312V) and frequency (SSEf=0.0648
HZ). The SSE has been determined as the absolute difference between the
reference value and the final simulated value at the end of the simulation (X actual

(end)).

Furthermore, the SSE for active and reactive power (SSEP, SSEQ) is reflected by
the Mismatch percentage, which quantifies the inability to achieve 100% power
matching. The PID-PSO-ANN shows a very low SSEP of 0.17% and SSEQ of
0.22%, successfully eliminating the power sharing error. It is fascinating that the
Voltage and Frequency Deviation (mean absolute error over specified period) is
marginally higher than the SSE (instantaneous end error), confirming that while
the controller generates an excellent ultimate setpoint, the mean performance
includes minor oscillations, which is consistent with aggressive academic

analysis.

Table 4.6 Error Analysis and Assessment of Performance

Algorithm IAE ISE
Conventional 0.0955 2.2548
PID-PSO 0.0845 1.9254
PID- PSO-ANN 0.0748 1.8458
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The argument is also supported by the error measures for integration in Table (4-
6) Error Analysis and Assessment of Performance. The PID-PSO-ANN achieves
the minimum [AE (0.0748) and ISE (1.8458). The minimum IAE confirms the
minimum cumulative error over time, and the minimum ISE confirms the
effective damped attenuation of transient error amplitude. These results firmly
confirm that the PID-PSO-ANN algorithm is the best and most stable technique,

providing quick response and high-power quality in the microgrid.

4.2.5.4 Stability and Steady-State Performance

The final assessment of steady-state power quality and performance, as
presented in Table (4-7), openly reveals the optimized control algorithm's
sustained performance. The PID-ANN-PSO controller is superior in all the
steady-state performance metrics. In load-sharing precision, it offers the highest
Active Power Matching percentage of 99.83%, i.e., the most precise sharing of
active power among inverters, compared to 99.23% of the Conventional method.
Furthermore, the controller also performs better in Reactive Power Matching

accuracy with 99.78% compared to 99.18% of the Conventional method.

This great degree of matching in P and Q yields a negligible steady-state power
sharing error. Above all, the controller also offers the best power quality by
minimizing deviation from nominal values, which is the major design
consideration. The PID-ANN-PSO gains the lowest Voltage Deviation (0.0695V)
and lowest Frequency Deviation (0.0896 Hz). This outcome directly verifies its
higher capability of maintaining grid stability, particularly when compared to the
Conventional controller, which shows significantly larger deviations (0.1351 V
and 0.1984 Hz, respectively). Overall, these results highlight the effectiveness of
the optimization in creating a controller that at once is highly accurate and long-

term stable.
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Table 4.7 Stability and Steady-State Performance Analysis

Algorithm  Active Power Reactive Power Voltage Frequency
Matching Matching Deviation Deviation
(%) (%) \Y Hz
Conventional 99.23 99.18 0.1351 0.1984
PID-PSO 99.71 99.63 0.0715 0.0984
PSO- ANN 99.83 99.78 0.0695 0.0896

4.3 Summary

The comprehensive evaluation presented in this chapter confirms that the
proposed PID-ANN-PSO strategy achieves a significant breakthrough in
microgrid control performance compared to both traditional and recent advanced
solutions found in the literature. In terms of transient response, the proposed
controller succeeded in reducing the frequency settling time to an impressive
0.0698 s and the rise time to 0.2598 s. These results represent a substantial
improvement over standard nature-inspired techniques documented in previous
studies, such as the Salp Swarm Algorithm (SSA-PID) and Cuckoo Search (CS-
PID), which often suffer from sluggish damping and local optima issues, typically
exhibiting settling times exceeding 0.087 s [64][69]. Furthermore, when
compared to alternative optimization methods like Ant Colony Optimization
(ACO-PID), which can demonstrate initial parameter sensitivity, the proposed
system maintained a much tighter profile with minimal fluctuations [70]. The
superiority of the adaptive hybrid model is further highlighted by the error
analysis; while simpler metaheuristic tuners might yield ISE metrics above 2.25,
the recorded Integral Squared Error (ISE) for this study reached an optimal value
of 1.8458, and the Integral Absolute Error (IAE) was minimized to 0.0748.
Additionally, in the crucial area of power-sharing and dynamic stability, the
steady-state accuracy for active power reached a high precision level with an error
of only 0.17%. This precision effectively addresses the performance challenges

observed in various droop control configurations. Benchmark comparisons
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against Genetic Algorithm (GA-Droop Control), Golden Eagle Optimizer (GOW-
Droop Control), and Ant Colony Optimization (ACO-Droop Control) reveal that
these methodologies can experience power and frequency deviations, with some
reporting active power errors around 1.1% - 1.5% due to stagnation or heavy
computational loads [68][72]. The Artificial Neural Network’s (ANN)
exceptional capability in adapting to abrupt multi-step load changes up to 2.5
seconds ensures that the system avoids these stability bottlenecks. Ultimately, the
integration of ANN’s adaptive intelligence with PSO’s global search efficiency
has produced a robust control solution that surpasses established benchmarks in

terms of speed, precision, and dynamic reliability.
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CHAPTER Five

Conclusion and Recommendations
5.1 Conclusion

This research proposes a hierarchical control structure designed to enhance the
performance limitations observed in conventional microgrid controllers. The
starting structure of a three-phase microgrid comprising two non-identical,
parallel grid-forming inverters running in an islanded mode was the focus of this
research. The addition of an LC low-pass filter to each of the outputs of the
inverters improved the quality of the model by minimizing high-frequency
harmonics and ensuring power quality standards. A hand-tuned PID controller
was then used to get a performance reference. Although functional, traditional
control methods exhibit significant limitations in addressing both steady-state and
transient errors during dynamic operating conditions. The first big step of the
project was to optimize the PID gains and the droop control parameters (m, n)
using PSO algorithm. In order to generate a more stable, smoother output, the
optimization process very heavily penalized large errors using a weighted cost
function that mixed the Integral of Squared Error and the Integral of Absolute
Error. The PSO-tuned controller showed considerable improvement in transient
response, such as higher load distribution accuracy and reduced overshoot and
settling time. The ability of the metaheuristic algorithms to locate the best control
parameters was established by these findings. The most valuable contribution of
this work is the establishment of adaptive control approach. The optimal
parameters of the PSO process were used to train a feed-forward ANN. The
trained ANN dynamically updates the control parameters at runtime based on
real-time system state information, such as DC bus voltage fluctuations, to serve
as an intelligent, run-time parameter scheduler. The result of the simulation

sufficiently demonstrated that the Proposed ANN-PID/Droop controller not only
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matched the better performance of the PSO-optimized controller but also brought
with it a new degree of dynamic flexibility and robustness that other techniques

could never possibly provide.

This research proposes an effective and efficient system for improving the
resilience, efficiency, and stability of microgrid operation under any scenario.
The central contribution of this work was the ingenious adaptive tuning of the
control parameters for the PID-enhanced Droop controller (in the outer
voltage/frequency loop), while the inner current loop utilized a fixed-gain PI
controller. This approach turns microgrid control systems intelligent and self-
adaptive through the integration of PSO's capability for offline optimization with
real-time learning and generalization capacity ensured by the ANNSs. The test
results obtained highlighted evident improvements across all critical performance
indices, including reduced Steady-State Error, enhanced power-sharing accuracy,
minimized overshoot and undershoot, significant reduction in Rise Time, Peak
Time, and Settling Time, and, besides, mitigation of voltage and frequency

deviations.

The proposed PSO-ANN controller demonstrated superior performance by
achieving a power-sharing accuracy of 99.83%, effectively reducing power-
sharing steady-state error by fivefold compared to conventional methods.
Furthermore, power quality saw a substantial 43% enhancement, with the Total
Harmonic Distortion dropping significantly from 5.1% to 2.9%. The dynamic
frequency response was also accelerated, evidenced by a 22.53% reduction in the
frequency settling time during transient load changes. Additionally, cumulative
errors (IAE) were minimized by 21%, confirming the system’s high stability and
precision. These combined metrics validate the hybrid algorithm’s ability to

ensure robust and optimal operation in modern microgrid systems.
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5.2 Recommendations for Future Work

While the current study established a robust and verified foundation by
focusing on the core stability and power-sharing precision of the PSO-ANN
controller, these recommendations represent advanced developmental stages that
lay beyond the initial scope and specific objectives of this research. These
pathways are suggested to further evolve the proposed framework into broader
industrial scales and more complex network configurations.

e Expanding to Grid-Connected Operations:

This research presents and validates an adaptive control strategy specifically
designed for the complex dynamics of islanded microgrids. The proposed
approach demonstrates high efficacy in managing transient responses and
ensuring precise power sharing. We strongly suggest the application of this
outstanding methodology to a grid-connected operating mode as highly
significant future work. To manage seamless, bidirectional power transfer with
the main utility grid, the control system would need to be correspondingly
modified. Development at this point would need to be centered on the foundation
of the implementation of advanced synchronization algorithms, reduction of grid
disturbance effects, and the ideal dispatching of power between the microgrid and
the larger external grid. This will, in turn, improve the economic viability and
operational flexibility of the microgrid so that it can increase its own resiliency
and provide beneficial grid support services.

e Investigating Advanced Filter Topologies:

While our test was capable of suppressing high-frequency harmonics in inverter-
based microgrids through the employment of an LC filter, applying more
sophisticated filter topologies, like the LCL filter, is a promising subject for future
work. Compared to an LC filter, an LCL filter provides better harmonic
attenuation in a smaller package with less power loss, especially for high-power

applications. For effective damping and stability, future work must be conducted
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to maximize an LCL filter's characteristics and incorporate it in the control
system. This would increase the system's efficiency and the microgrid can utilize

more power quality with improved voltage quality at the output.

e Transitioning from Software-in-the-Loop (SIL) to Hardware-in-the-Loop
(HIL):
Our research used a Software-in-the-Loop simulation system that provided us
with an efficient framework to generate and verify the proposed control
algorithms. But the real dynamic interaction of the physical hardware is not
included in this procedure. Therefore, implementation of the proposed control
approach in a Hardware-in-the-Loop simulation is a natural and required next step
for future work. A real microcontroller or DSP is connected with a real-time
digital simulator for HIL testing. Before implementation within a real microgrid,
this enables real-time interaction between the controller and comprehensive and
highly accurate simulation of the microgrid in a controlled test environment of a
microgrid, with much improved stability and reliability in validating control

system performance.

e Scaling the Microgrid to a Multi-Inverter System:

We used a two parallel inverters system in our work to successfully test the
suggested control scheme. There are usually more DERs in real microgrids,
however. Thus, increasing the system with more than two inverters is a
compulsory and logical sequel. Managing circulating currents between multiple
inverters, managing possible communication delay among controllers, and
maintaining precise and consistent power sharing under a wider range of load
conditions will all be more difficult as a result. Scalability and robustness of the
ANN-based adaptive control can be validated by scaling up the system in future

work, opening the door for its application to large, decentralized microgrids.
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e Exploring Alternative Inverter Topologies:
Our experiment employed VSI grid-forming inverters. An important area of study
in the future could be the replacement of the VSI inverters with emerging
technology, e.g., dual inverters, and measuring the differences in performance
that these yields. Dual inverters can provide lower harmonic distortion, increased
reliability, and reduced common-mode voltage. For the new inverter topology,
the adaptive ANN-based control strategy would be adjusted and transient
response, power quality, and overall efficiency of the various topologies would
be compared.
e Investigating Different Optimization Algorithms:

Our research effectively used PSO as the basic metaheuristic algorithm in
parameter tuning of controllers since it is best known to be simple to implement
and computationally cheap. Nonetheless, there are other equally effective
alternatives like the Genetic Algorithm (GA), Grey Wolf Optimizer (GWO), or
Whale Optimization Algorithm (WOA). Comparing these metaheuristic
algorithms would be highly useful for future work. The researchers can determine
which of these options works best to achieve a better global solution and rate of
convergence by substituting one of these options for PSO. This will yield valuable
information about what the most superior method of optimization is for microgrid
control applications.

e Examining Advanced Microgrid Management Systems:

Our operation effectively utilized a robust decentralized control system because
two parallel inverters were under droop control. The system doesn't need a central
controller as each inverter can be controlled autonomously. It would be a
monumental feat for future publications to research and employ more advanced
control topologies, particularly centralized or hybrid control systems. While a
decentralized system can benefit from the advantage of the stability of

decentralized droop control and an equivalent centralized higher-level controller
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for performing functions like energy management and economic dispatch, a
centralized system presents itself in a position to facilitate resource management
and optimization of a superior order. More effective and elaborate microgrid
energy management systems can be the result of a comparison between these
three architectures and offer educational information regarding the trade-off

between performance, scalability, reliability, and communication requirements.

e Developing Advanced Droop Control Strategies:

The central contribution of this work was dynamic tuning of a typical droop
control technique's parameters by our proposed ANN-PID/Droop controller, thus
making it highly responsive. There is still room for improvement considering the
improved performance. We suggest exploring and utilizing more sophisticated
droop control techniques. This can include virtual impedance droop control, and
it may further improve power-sharing accuracy through the ability to compensate
for line impedance mismatches. Another interesting avenue is the development
of more advanced adaptive droop control methods capable of adaptively adjusting
droop coefficients from a greater range of system parameters. A close comparison
of these top-level strategies with the adaptive conventional droop control
employed in this thesis can provide valuable insights on how the performance of
microgrids can be optimized over a broader spectrum of operating conditions.

These recommendations are capable of propelling the scientific community to
advance the promising results of this study towards microgrid intelligent control.
Through designing more sophisticated controllers with the objective of reducing
resonance and optimizing droop control settings, power systems are more
efficient, stable, and reliable. It would certainly unveil new windows of
innovation to further expand the scope to even more sophisticated cases, 1.e., with
multiple inverters, high-order topologies of filters, and multiple optimization
algorithms. This will ultimately aid in achieving the goal of an intelligent and

sustainable grid.
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