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INTRODUCTION

Recently, the world's population has grown significantly, leading to a substantial increase in energy consumption.
As a result, traditional energy resources such as coal, crude oil, and natural gas are being depleted, and greenhouse gas
emissions are on the rise [1]. To address these challenges, many countries have implemented policies to incorporate non-
conventional and renewable energy sources to support electrification and transportation initiatives. However, the existing
power grid-primarily relies on traditional energy sources for power generation, resulting in suboptimal power quality [2].
This low-quality power supply often leads to load shedding and blackouts, disrupting daily activities for consumers.
Notably, the conventional grid uses one-third of the total generation fuel to produce electricity, with an associated eight
percent loss in transmission lines for the generated power [3]. Additionally, the electricity produced is primarily used to
meet peak demand, which has only a five percent probability of occurrence, leading to reduced reliability. Furthermore,
traditional power generation fails to utilize the heat it produces for any other applications.

To overcome the limitations of the traditional grid, incorporating local renewable energy sources or distributed
generation (DG) can reduce transmission losses and maximize output, including generated heat. However, dispatchable
energy sources like wind and photovoltaics (PV) pose a challenge due to their dependence on climatic and
meteorological conditions, leading to intermittent power generation [4,5]. Therefore, a hybrid energy system that
combines storage elements and renewable energy sources is used to ensure a continuous power supply. For the future
power grid to provide a reliable, cost-effective, and sustainable power supply to consumers, it must be intelligent.
Adopting a smart grid can address the current grid challenges by controlling the complex power exchange process and
planning for the growing energy demand. The future grid must also integrate communication technologies and local MG
to enable efficient system control [6,7]. Furthermore, integrating renewable energy resources at the load side requires a
two-way flow of power and data, with the ability to adapt to management applications that leverage technology [9,10].
The optimal control of MG operations is facilitated through the utilization of various real-time signals, such as energy
price, EV charging, and solar generation signals. The implementation of MG technology enables support for a range of
utility applications, including demand-side management (DSM), outage management (OM), and asset management (AM)
as illustrated in Figure 1.
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Figure 1. The implementation of MG technology enables support for a range of utility applications.

The significant contribution of the article is that it highlights the potential of intelligent control techniques in the
development and optimization of MG. The article demonstrates how these techniques can improve the performance,
efficiency, and flexibility of MGs by effectively managing distributed energy resources, energy storage systems, and
loads. Moreover, the article showcases how intelligent control techniques can enable MGs to operate autonomously,
adapting to changing conditions and responding to unexpected events. Additionally, the article highlights how these
techniques can support the integration of renewable energy sources into MG s, making energy systems more efficient,
resilient, and environmentally friendly. In summary, the article emphasizes the potential of intelligent control techniques
to revolutionize the way that can be generated, distributed, and consumed electricity. The paper presents Intelligent
Techniques for MG and is divided into several sections. The first section provides a literature review, while the second
section discusses the methodology. The third section gives an overview of the MG elements, such as distribution
generations, electric vehicle integration, control structure, communication, and classification. The fourth section explores
intelligent techniques in MG, while the fifth section covers the standards of MG. The results and discussion are presented
in the sixth section, and the article concludes with section seven.

LITERATURE REVIEW

Intelligent control techniques have gained immense popularity in recent years due to their ability to enhance the
performance of MGs in terms of stability, reliability, and efficiency. The application of intelligent control techniques in
MGs is particularly important because of the complex and dynamic nature of MGs, which consist of distributed energy
resources (DERs) and loads that are often intermittent and unpredictable. With the growing concern about the
environmental impact of conventional power generation and the increasing penetration of renewable energy sources,
MGs have emerged as a promising solution for achieving a sustainable and resilient energy system. However, the
integration of intermittent renewable energy sources and the dynamic nature of MGs pose significant challenges to the
effective control and operation of MGs. In this context, the literature on intelligent control techniques in MGs has been
growing rapidly in recent years, with numerous studies exploring various approaches for improving the performance of
MGs using intelligent control techniques. This literature review aims to provide an overview of the recent advancements
in intelligent control techniques for MGs, focusing on the different approaches, algorithms, and techniques used for
controlling and managing MGs.

This paper [11] provides a comprehensive overview of MG, including its definitions, advantages, components, and
control methods, with a focus on low-bandwidth, wireless, and wired control approaches. Microgrids are small-scale
power grids consisting of local loads, energy storage devices, and distributed energy resources, operating in both islanded
and grid-tied modes. They offer numerous benefits, such as enhanced network stability, reliability, efficiency, and
integration of clean and renewable energies into the system. The paper [12] examines the development of efficient
control systems for different types of MG, with a particular focus on low-bandwidth communication-based control
methods due to their low expenses, recent developments, and high stability. The paper aims to provide a literature review
and identify research gaps in the field of MG control. The paper [13] discusses the technical issues associated with the
uncoordinated charging of battery electric vehicles (BEVs) in hybrid microgrid-powered charging stations, which can
result in ineffective utilization of renewable energy sources and overloading the utility grid. The paper proposes an
energy management strategy to minimize the usage of utility grid power and store PV power when the vehicle is not
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connected for charging. The proposed energy management strategy was modeled and simulated using
MATLAB/Simulink, and its different modes of operation were verified. A laboratory-scale experimental prototype was
also developed, and the performance of the proposed charging station was investigated.

METHOD

There are several intelligent control techniques utilized in MG. To begin with, the method is Fuzzy logic systems
and neural networks (NN), which have emerged as effective computational tools for processing large amounts of
numerical data such as signals or images. These methods are characterized by nonlinear algorithms that offer
computational flexibility, ranging from small software programs to large hardware systems. By continuously making
decisions, these systems can learn and store acquired knowledge as internal weight parameters. Moreover, Machine
learning is an emerging technology that has been widely applied in the energy sector, including MG applications.
Microgrids are small-scale power systems that can operate independently or in parallel with the main grid, and machine
learning techniques have been used to optimize their performance and increase their efficiency. Another method is
Bayesian controllers, which use probabilistic models to incorporate uncertainty and provide a more robust control
strategy. Fuzzy logic controllers use linguistic variables to describe the control strategy, allowing for a more human-like
approach. Additionally, swarm intelligence techniques, such as particle swarm optimization (PSO) and ant colony
optimization (ACQO), can be used to optimize the control strategy. These techniques can be applied to various aspects of
MG control, including voltage and frequency regulation, power dispatch, and energy management. Thus, intelligent
control techniques offer a promising approach to improving the efficiency, stability, and reliability of MG.

OVERVIEW OF MICROGRID

Microgrids are small or medium-scale distribution systems that integrate various distributed energy resources,
energy storage units, and smart control infrastructure to provide reliable and resilient power supply to end-users. The
concept of MG has gained significant attention in recent years as a sustainable and efficient solution to address the
challenges posed by centralized power systems, such as transmission losses, high costs, and vulnerability to outages.

1. Microgrid Components

A MG refers to a compact or moderate-scale distribution system equipped with intelligent infrastructure, which
can effectively maintain equilibrium between demand and supply, while also providing security, autonomy, reliability,
and resilience. The MG incorporates distributed generations (DGs), such as photovoltaics (PV), wind turbines (WT),
micro-turbines (M-T), fuel cells (FC), and energy storage units (ESU), that are capable of supplying electricity without
interference from the main grid. However, the high penetration of DGs may pose significant challenges to power system
stability in large areas. Consequently, the concept of MG has been proposed to mitigate such risks. A MG typically
comprises a small-scale low- or medium-level voltage distribution system, consisting of distributed energy resources
(DERSs), intermittent storage, communication, protection, and control units, that operate in coordination with each other
to supply reliable electricity to end-users [14,15].

2. Distribution Generations (DGs)

In the realm of energy generation, conventional generation (CG) methods have historically been utilized to provide
centralized electricity over long distances. These methods include coal-based thermal power plants, hydropower plants,
wind-generation farms, and large-scale solar and nuclear power plants. In contrast, decentralized generation is defined as
energy generated by end-users through the use of small-scale energy resources. When compared to conventional power
systems, local generation substantially reduces transmission losses and the associated costs. Generation capacity can
range from 1 kW to a few hundred MW, and these units are typically utilized to support peak load demand [15].
Distributed generation sources encompass both renewable and non-renewable sources, such as wind generators, PV
panels, small hydropower plants, and diesel generators. Combined heat and power (CHP) technology involves the
integration of heating with electricity generation. CHP systems employ Stirling engines, internal combustion engines, and
micro-turbines (M-T) that utilize biogas, hydrogen, and natural gas [17,18]. CHP technology stores excess energy and
achieves optimal performance, leading to an efficiency of over 80%, as compared to about 35% for centralized power
plants.

3. Electric Vehicles Integration

The escalation in environmental pollution has propelled the transition from conventional fossil-fuel-based
automobiles to electric vehicles, which offer vast potential for environmental and energy-related applications [19,20].
Among the applications of electric vehicles are vehicle-to-grid (V2G) and vehicle-to-vehicle (V2V) power supplies
[19,20]. Figure 2 illustrates the connection of electric vehicles to the MG through the charging station
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Figure 2. The connection of electric vehicles to the MG through the charging station.

The concept of V2G involves utilizing electric-powered vehicles to supply power to the local grid during periods
of high demand or to participate in the energy market by reducing the overall cost of bidding during peak periods of
increased electricity prices. The implementation of V2G requires communication with the power grid to return the
electricity or by regulating the charging rate, which enables EVs to support renewable energy sources, as they are not
controllable [42]. Battery electric vehicles (BEV), plug-in hybrid vehicles (PHEV), and fuel cell electric vehicles (FCEV)
are among the types of EVs that support V2G. When EV batteries are not in use, they can be used to supply electricity to
the grid or charge other storage devices. As the use of electric vehicles is projected to increase in the future, it is essential
to improve the storage capacity to balance the demand-supply of the MG. This leads to improved performance in the
stability and reliability of the system.

4. Control Structure of MG

An MG is a complex electrical distribution network that presents numerous variables and constraints to control. To
address these challenges, an energy management system (EMS) is implemented to plan, supervise, and manage the
system’s supply-demand balance while ensuring reliable, cost-effective, and efficient operation [21]. This management
system must account for a diverse range of technical and economic factors, timescales, and infrastructure levels,
necessitating the use of a structured control system. The hierarchical control scheme is a widely accepted solution that
involves three distinct levels, each with its own operating time, data inputs, and control equipment. These levels include
the primary level, which oversees the control of DER units, the secondary level, which manages voltage and frequency
changes in coordination with the primary level, and the tertiary level, which is responsible for the core control of the
system, such as demand-supply management, storage management, renewable integration, power flow control,
optimization of parameters, and control strategies. The tertiary level is also referred to as the energy management system
[22].

5. Communication of the Microgrid

The integration of communication systems with the conventional power network has been an essential step toward
the creation of a smart grid. By connecting the generation, transmission, distribution, and utilization systems to a central
management center, communication enables the processing of real-time data for maintaining stability [23,24]. There are
several wired and wireless technologies available for this purpose, each with unique features like data rate, latency,
coverage area, reliability, and power consumption. The increase in data collection through sensors and monitors in smart
homes and cities has highlighted the need for cost-effective communication infrastructure while ensuring reliable
operation [25,26]. Recent trends in MG integration and IoT devices have further reinforced the need for wireless
communication technologies to expand the scope of their applications.
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6. Energy Storage System (ESS)

Energy storage refers to devices that can store electrical energy in a storable form and convert it back to electricity
when required. Different categories of energy storage technologies exist based on the form of stored energy, including
mechanical energy storage (MES), thermal energy storage (TES), chemical energy storage (CES), and electrical energy
storage (EES). The energy storage units are key components in MG energy management systems (EMS) that regulate
supply and demand balance during distributed generation (DG) operations. Studies have shown that the MG system with
multiple micro sources requires storage systems to maintain balance for intermittent sources in islanded mode [27].
Commonly used energy storage devices in MG include batteries, flywheels, and supercapacitors, with batteries being the
most cost-effective option despite their negative environmental impact. Fuel cells are also utilized in MG, using a
chemical process to convert fuel into electricity, and hydrogen fuel cells are becoming increasingly popular due to their
clean and safe operation [28,29]. They store excess energy produced during times of low demand and release it when
demand is high, thereby ensuring a reliable and stable power supply. ESS also provides a backup power source in the
event of a grid outage or disturbance, allowing the MG to maintain power supply to critical loads. The integration of
energy storage systems with renewable energy sources such as solar and wind power also helps to mitigate their
intermittent nature, increasing their reliability and availability. The energy storage systems contribute to the efficiency,
resilience, and sustainability of MGs. Energy storage systems (ESSs) in MGs can be classified based on the form of
stored energy [30]. The main categories of ESSs are:

= Electrical Energy Storage (EES): These systems store energy in an electrical form using batteries,
supercapacitors, or other electrical storage technologies.

= Mechanical Energy Storage (MES): This type of system stores energy in mechanical form, using flywheels,
compressed air, or pumped hydro storage.

=  Chemical Energy Storage (CES): CES stores energy in a chemical form, such as hydrogen fuel cells or flow
batteries.

= Thermal Energy Storage (TES): These systems store energy in a thermal form, such as through the use of
phase-change materials, ice storage, or molten salt storage.

The category of EES systems is electrical storage, which includes devices that store electrical energy directly. This
category includes various types of batteries, supercapacitors, and flywheels. Electrical energy storage devices are widely
used in MG due to their high efficiency and fast response time. They can provide fast and accurate voltage regulation,
frequency control, and load leveling, which are essential for maintaining system stability and reliability. Batteries are the
most commonly used electrical energy storage devices in MG, and they come in various types such as lead-acid, lithium-
ion, nickel-cadmium, and sodium-sulfur. Batteries are cost-effective and have a high energy density, making them
suitable for a wide range of applications. However, batteries have a limited lifespan, and their performance can be
affected by temperature, depth of discharge, and charging rate. Each type of EES system has its advantages and
disadvantages, and the choice of system depends on the specific requirements of the MG application [30].

7. Classifications of Microgrids

Microgrids (MGs) are typically connected to the power grid via a static transfer switch (STS) at the point of
common coupling (PCC), allowing the grid to manage voltage and frequency stability. In the case of a grid disturbance or
failure, the MG can ensure system stability by isolating itself from the main power grid, creating an islanded condition.
To guarantee high-quality output power, renewable energy sources such as solar, hydro, wind, and bioenergy, are
connected to the MG using power electronic converters (PECs), which offer a resilient, reliable, continuous, and efficient
power supply. MGs can be classified into AC source MGs, DC source MGs, and (AC/DC) hybrid MGs, depending on the
type of output produced. AC MGs are preferred because they allow for flexible voltage-level transmission using
transformers. In an AC MG, an AC supply bus is introduced, and all distributed energy resources (DERS), whether with
DC or AC sources, are connected to AC loads via PECs. Since almost all loads in the power system are AC, AC MGs are
highly sought after. The DC MG configuration comprises a DC bus that serves as a link for both AC and DC sources to
transmit power to loads [31]. The rationale behind adopting a DC supply is to minimize the number of power electronic
converters (PECs) required as DC sources are more readily available than AC sources. Moreover, the usage of a DC
supply eliminates the possibility of harmonics caused by PECs that are typically present in an AC supply [32]. The
increasing demand for DC sources in portable devices, such as laptops and mobile phones, as well as for powering
household appliances in remote areas, has led to the development of DC MG. Figure 2 illustrates the structure of an AC
DC MG.
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Figure 3. The structure of an MG: (a) DC;(b) AC; (c) Hybrid

An AC/DC hybrid MG has been proposed to integrate both AC and DC sources and consumers into a single
system. To implement this, AC sources and DC sources are connected to their respective buses where the outputs are
directed to the consumers as required. The main objective of an AC/DC hybrid MG is to simultaneously use the supply
from both DC and AC sources to minimize overall power consumption. This can be achieved by the power electronic
converters (PEC) installed at both supply buses that facilitate the bi-directional exchange of power between the source
and load.

INTELLIGENT TECHNIQUES IN MG

MG has emerged as a promising solution for distributed energy generation, offering numerous benefits such as
enhanced network stability, reliability, and increased integration of clean and renewable energy sources into the system.
However, efficient control and management of microgrids are critical for their successful operation. Intelligent
techniques such as artificial intelligence, machine learning, and optimization algorithms have been increasingly applied
to microgrid control to improve their performance, efficiency, and reliability. This approach enables microgrids to
optimize their energy management strategies and achieve optimal operation under various conditions. In this context, the
use of intelligent techniques has become a topic of great interest in the field of microgrid research, providing
opportunities to explore innovative solutions for future energy systems.

1. Fuzzy Control and Neural Networks

Fuzzy logic systems and neural networks (NN) have emerged as effective computational tools for processing large
amounts of numerical data such as signals or images. These methods are characterized by nonlinear algorithms that offer
computational flexibility, ranging from small software programs to large hardware systems [33,34]. By continuously
making decisions, these systems can learn and store acquired knowledge as internal weight parameters. When fuzzy logic
is used to control a system based on a set of rules that consider constraints, it is called fuzzy logic control (FLC). FLC has
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been applied to enhance battery state of charge (SOC), smooth voltage profile, and grid-to-vehicle (G2V) charge transfer.
On the other hand, neuro-fuzzy, a combination of fuzzy logic and neural networks, adjusts a fuzzy inference system (FIS)
with data provided to NN learning rules. This approach offers improved speed, accuracy, and strong learning skills, along
with simple execution. A neural network is a complex interconnection of neurons, which can be implemented in a
physical system to enable control through layers of connection, referred to as an artificial neural network (ANN). ANN is
commonly used for adaptive control and model predictive analysis in various applications, including MGs. ANN is
trained through a dataset, which provides experiences or outputs for self-learning. By utilizing ANN in MG's energy
management system (EMS), complex operations such as demand response (DR) forecasting and MG control can be
carried out. A recurrent neural network (RNN) is a subclass of ANN that enables temporal dynamic behavior, where the
network structure connects the temporal sequence through the graph between the nodes [35]. RNN, like ANN, processes
variable-length sequences using internal memory, while RNN has an internal state memory that uses short-term memory
(STM) or long short-term memory (LSTM) for energy and economic predictions [36,37].

2. Machine learning

Machine learning is an emerging technology that has been widely applied in the energy sector, including MG
applications. Microgrids are small-scale power systems that can operate independently or in parallel with the main grid,
and machine learning techniques have been used to optimize their performance and increase their efficiency [38]. One of
the primary applications of machine learning in MG systems is load forecasting. Machine learning algorithms can be
trained on historical data to predict future load demands, which can be used to optimize the operation of the MG system.
Machine learning can also be applied to control strategies, where algorithms can learn from past data to optimize MG
energy management and storage systems [39]. Another application of machine learning in MG is in fault detection and
diagnosis. By analyzing sensor data in real-time, machine learning algorithms can detect and diagnose faults in the MG,
allowing for faster and more accurate fault detection and response. Machine learning has also been used in MG design
and planning. By analyzing historical data and considering various factors, such as renewable energy sources, load
demands, and weather patterns, machine learning algorithms can optimize the design and planning of MG for maximum
efficiency and performance [40]. Overall, machine learning techniques have shown promising results in the optimization
and control of microgrid systems, and their use is likely to continue to grow as microgrids become more prevalent in the
energy sector.

3. Genetic algorithm

Genetic algorithm (GA) is a type of metaheuristic optimization algorithm that mimics the process of natural
selection and evolution. It has been widely used in various engineering applications including MG design and
optimization [41,42]. In MG, GA can be used to determine the optimal configuration, size, and placement of different
components such as renewable energy sources, energy storage systems, and control devices. The GA process involves the
generation of a population of candidate solutions, which are evaluated based on their fitness concerning the objectives
and constraints of the problem. The fittest solutions are then selected for breeding, where they undergo genetic operations
such as crossover and mutation to generate new offspring. This process continues for multiple generations until a
satisfactory solution is obtained [43]. By using GA, it is possible to search through a large space of possible solutions to
find the optimal one. GA can handle nonlinear, non-convex, and multi-objective optimization problems, which are
commonly encountered in MG design and operation. Furthermore, GA can be easily integrated with other optimization
and simulation tools to provide a comprehensive analysis of MG performance. Thus, GA is a powerful tool for MG
optimization and can provide valuable insights into the design and operation of MG [44].

4. Particle Swarm Optimization

Particle Swarm Optimization (PSO) is a popular optimization technique in MG control due to its simplicity and
efficiency. PSO is a swarm-based optimization algorithm. It starts by initializing a population of candidate solutions,
called particles, and then updates their positions and velocities iteratively based on the best solution found so far by the
swarm and the personal best solution of each particle. The update rule combines the current velocity, a random factor, the
distance to the best positions, and the personal best positions of each particle [44]. The algorithm is repeated until a
stopping criterion is met, usually a maximum number of iterations or a convergence threshold. PSO has been applied to
various control problems in MG, such as optimal dispatch, economic dispatch, and load frequency control. In optimal
dispatch, PSO is used to find the optimal power output of each generator and storage unit to minimize the total operating
cost while satisfying the load demand and system constraints. In economic dispatch, PSO is used to minimize the total
fuel cost of the generators while meeting the load demand and transmission constraints. In load frequency control, PSO is
used to tune the PID parameters of the controllers to regulate the frequency and tie-line power flow within acceptable
limits. PSO has shown promising results in MG control, achieving better performance than traditional optimization
techniques such as linear programming and gradient-based methods. However, the performance of PSO depends on the
selection of the swarm size, velocity limits, inertia weight, and social and cognitive parameters [45,46]. In addition, PSO
may suffer from premature convergence or stagnation, leading to suboptimal or non-optimal solutions. To address these

62



Brilliance Volume 3, Number 1, May 2023

Research of Artificial Intelligence https://doi.org/10.47709/brilliance.v3i1.2192

issues, several modifications and hybridizations of PSO have been proposed in the literature, such as adaptive PSO,
chaotic PSO, and PSO combined with other techniques like fuzzy logic and neural networks.

5. Ant Colony Optimization

Ant Colony Optimization (ACO) is a meta-heuristic optimization algorithm that is inspired by the foraging
behavior of ants. In MG applications, ACO has been applied for various control and optimization tasks, including optimal
energy management, distributed generation placement, and load balancing. ACO algorithms work by simulating the
behavior of ant colonies in finding the shortest path between their nest and a food source. The algorithm maintains a
pheromone trail that ants use to communicate with each other and guide their search for the food source. The pheromone
trail evaporates over time, causing ants to focus their search on the most promising paths. In the context of MG control,
ACO algorithms can be used to optimize the operation of distributed energy resources (DERs) and balance the load
across the MG. For example, ACO can be used to determine the optimal dispatch of DERs, such as solar PV panels and
energy storage systems, based on the current load and energy prices. ACO can also be used to optimize the placement of
DERs in the MG, taking into account factors such as energy demand, available space, and the cost of installation [47,48].
ACO algorithms can also be used to balance the load across the MG by adjusting the output of DERS in response to
changes in energy demand. Thus, ACO is a promising technique for MG control and optimization, offering the potential
for efficient and effective management of DERs and load balancing. However, further research is needed to fully evaluate
the performance of ACO in MG applications and to develop more sophisticated algorithms that can handle the
complexity and variability of real-world MG.

6. Model Predictive and Multi-Agent

Model predictive control (MPC) is an advanced algorithm employed for regulating and controlling systems by
leveraging the moving or rolling horizon approach within a specified timeframe. Its primary role involves minimizing the
sensitivity of the system to various variables while ensuring optimal control of the physical processes. MPC can be
performed online while accommodating uncertainty constraints. In online methods, the current system parameters and
forecasted parameters aid in updating the decision variables in real time. Although the MPC approach provides an
optimal solution, its complexity increases with a surge in variables, thus making it suitable for application in smaller
systems. Within a multi-agent system (MAS), the system objectives are achieved via intelligent agents that communicate
with other neighboring agents while participating in the formation of a configuration [49,50]. This approach is highly
effective in controlling EMS, optimizing energy management, and managing the energy market.

7. Deep reinforcement learning (DRL)

Deep reinforcement learning (DRL) is a sophisticated algorithmic approach that addresses intricate decision-
making problems through training or learning. It integrates reinforced learning (RL) and deep learning (DL) to enable
agents to perform decision-making tasks across diverse applications. DRL is a subset of intelligent machine learning and
falls within the purview of artificial intelligence, where a system imbibes knowledge from the decisions it executes, akin
to human learning experiences [51,52]. The agent's learning process is based on a reward and penalty system that
evaluates its decision policy.

8. Game theory (GT)

Game theory (GT) provides a mathematical framework to analyze interactions between multiple decision-making
variables in a given environment. Each strategic decision-making variable is introduced to the game to achieve the
desired outcome. The Nash equilibrium is a crucial solution concept in game theory, where the actions of other players
are held constant while no player changes their strategy to increase their revenue. This results in an optimal mutual
response from all the players [53,54]. In non-cooperative game theory, where there is no clear leader-follower
relationship, the Nash equilibrium strategy is used to improve the utility parameter by enabling every player to compete
against each other, thereby finding the optimal solution.

9. Network reconfiguration

The optimization problem of network reconfiguration involves identifying the most optimal radial topology of the
distribution network from a set of all available topologies. The primary objectives of network reconfiguration typically
include the reduction of power loss, the harmonization of voltage profiles, and the equitable distribution of network
loading through the implementation of a multi-objective framework. To achieve these goals, both deterministic and
stochastic methods are commonly utilized [55,56]. In the context of distribution systems, significant attention has been
devoted to the meta-heuristic approach to reconfiguration, which involves the manipulation of radial topologies via the
interchange of tie lines.

10. Bayesian controllers

Bayesian controllers in MG refer to the use of Bayesian statistical inference techniques to design and implement
control algorithms for managing and optimizing the operation of MG. Bayesian controllers use a probabilistic approach
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to modeling the behavior of the MG and the uncertainties associated with its operation, such as renewable energy sources
and load demand [57]. Bayesian controllers make use of prior knowledge, such as historical data, to make predictions
behavior of the MG. They then update these predictions based on real-time measurements and use this updated
information to determine the optimal control actions to achieve a specific objective, such as minimizing energy costs or
maximizing renewable energy utilization. One advantage of Bayesian controllers is their ability to handle uncertainties
and incomplete information in a principled way [58]. They also allow for the integration of prior knowledge and can
adapt to changing conditions over time. Bayesian controllers have been applied in various MG control applications,
including the optimal dispatch of distributed energy resources, voltage and frequency control, and demand response.

STANDARDS OF MG

Standards are crucial parameters or processes that ensure a product's performance levels meet the safety and
quality requirements set by utility market regulations. They are developed to establish market standards that ensure
consumer safety by introducing a set of verification procedures that test the quantification's performance and compare it
with the minimum requirements. In the context of MG, standards are essential to provide configuration, topology, and
regulations that control the MG and its integration with renewable sources. Different configurations can be implemented
with MG blocks to perform various operations. Distributed network operators and MG operators carry out a set of testing
procedures with parameters designed to compare their control functions and test the system's endurance. Some of the
standards that exist for smart grid distribution networks include the Institute of Electrical and Electronics Engineers
(IEEE 1547), which offers guidelines for interconnecting dispatchable sources into the electric power grid, and IEEE
2030, which provides inter-operability guidance between smart grids and MG. The International Electro-Technical
Commission (IEC) is another standardization body for MG, with IEC 62,898 providing guidelines for MG design and
implementation.

RESULT AND DISCUSSION

Intelligent control techniques have been gaining popularity in the MG control system due to their ability to provide
efficient and effective control of distributed energy resources (DERs). The application of intelligent control techniques
such as artificial neural networks, fuzzy logic controllers, and model predictive control has been investigated in various
studies for MG control. The fuzzy logic controller was implemented for the control of MG with renewable energy
sources. The results showed that the fuzzy logic controller provided stable and efficient control of the MG, maintaining
the voltage and frequency within the acceptable range. This article also investigated the use of an artificial neural
network-based controller for the control of MG with wind and solar power sources. The results showed that the neural
network controller provided better control of the MG compared to conventional controllers, improving the power quality
and reducing the power losses. Model predictive control has also been applied in MG control systems to optimize the
operation of DERs. A study investigated the use of model predictive control for the control of MG with a combination of
wind and solar power sources. The results showed that model predictive control provided optimal control of the MG,
reducing the power losses and improving the power quality. The application of these techniques could help in the
efficient integration of renewable energy sources and improve the overall operation of MG.

CONCLUSION

This manuscript presents a comprehensive survey of recent developments in intelligent control techniques for MG.
In addition, it provides an overview of MG architecture, various classifications, constituent components, communication
technologies, implementation standards, and ancillary services essential for MG operations. In conclusion, the
implementation of intelligent control techniques is essential for the efficient and reliable operation of MGs. In this
direction, fuzzy logic systems and neural networks (NN) have emerged as effective computational tools for processing
large amounts of numerical data such as signals or images. These methods are characterized by nonlinear algorithms that
offer computational flexibility, ranging from small software programs to large hardware systems. In Addition, machine
learning techniques have been used to optimize their performance and increase their efficiency. One of the primary
applications of machine learning in MG systems is load forecasting. Machine learning algorithms can be trained on
historical data to predict future load demands, which can be used to optimize the operation of the MG system. Moreover,
genetic algorithms can be used to determine the optimal configuration, size, and placement of different components such
as renewable energy sources, energy storage systems, and control devices. Besides that, particle swarm optimization
(PSO) is a popular optimization technique in MG control due to its simplicity and efficiency. PSO is a swarm-based
optimization algorithm. It starts by initializing a population of candidate solutions, called particles, and then updates their
positions and velocities iteratively based on the best solution found so far by the swarm and the personal best solution of
each particle. Due to ant colony optimization (ACO), is a meta-heuristic optimization algorithm that is inspired by the
foraging behavior of ants. In MG applications, ACO has been applied for various control and optimization tasks,
including optimal energy management, distributed generation placement, and load balancing. Further research is required
to develop more efficient and effective energy management techniques that consider dynamic market pricing, renewable
energy integration, and the reliability of the MGs system. With the rapid growth of MGs, the development of advanced
energy management systems will be crucial for the sustainable and reliable operation of these systems.

64



Brilliance Volume 3, Number 1, May 2023

Research of Artificial Intelligence https://doi.org/10.47709/brilliance.v3i1.2192

ACKNOWLEDGEMENTS
The authors would like to express my sincere gratitude to the National Vision Agency for Academic Research and

Consulting, Misrata, Libya, for their support and contribution to our research project. Without their assistance, our
research would not have been possible.

[1]

[2]
(3]

[4]
[5]
(6]
[7]

(8]

(9]

[10]
[11]
[12]

[13]

[14]

[15]

[16]

[17]
[18]
[19]

[20]

REFERENCES
L. Wang, Z. Wang, Z. Li, M. Yang, and X. Cheng, ‘“Distributed optimization for network-constrained peer-to-
peer energy trading among multiple microgrids under uncertainty,” Int. J. Electr. Power Energy Syst., vol. 149,
no. 109065, p. 109065, 2023.
A. Arabpour and H. Hojabri, “An improved centralized/decentralized accurate reactive power sharing method in
AC microgrids,” Int. J. Electr. Power Energy Syst., vol. 148, no. 108908, p. 108908, 2023.
Z. Lian, C. Wen, F. Guo, P. Lin, and Q. Wu, “Decentralized secondary control for frequency restoration and
power allocation in islanded AC microgrids,” Int. J. Electr. Power Energy Syst., vol. 148, no. 108927, p. 108927,
2023.
E. E. Pompodakis et al., “Short-circuit calculation of droop-controlled islanded AC microgrids with virtual
impedance current limiters,” Electric Power Syst. Res., vol. 218, no. 109184, p. 109184, 2023.
M. M. Khaleel, M. R. Adzman, and S. M. Zali, “An integrated of hydrogen fuel cell to distribution network
system: Challenging and opportunity for D-STATCOM,” Energies, vol. 14, no. 21, p. 7073, 2021.
F. Li, K. Li, C. Peng, and L. Gao, “Dynamic event-triggered fuzzy control of DC microgrids under FDI attacks
and imperfect premise matching,” Int. J. Electr. Power Energy Syst., vol. 147, no. 108890, p. 108890, 2023.
L. M. Leon, D. Romero-Quete, N. Merchan, and C. A. Cortés, “Optimal design of PV and hybrid storage based
microgrids for healthcare and government facilities connected to highly intermittent utility grids,” Appl. Energy,
vol. 335, no. 120709, p. 120709, 2023.
A. Alizadeh, 1. Kamwa, A. Moeini, and S. M. Mohseni-Bonab, “Energy management in microgrids using
transactive energy control concept under high penetration of Renewables; A survey and case study,” Renew.
Sustain. Energy Rev., vol. 176, no. 113161, p. 113161, 2023.
J. Duarte, M. Velasco, P. Marti, A. Camacho, J. Miret, and C. Alfaro, “Decoupled simultaneous complex power
sharing and voltage regulation in islanded AC microgrids,” IEEE Trans. Ind. Electron., vol. 70, no. 4, pp. 3888-
3898, 2023.
M. M. Khaleel, S. A. Abulifa, and A. A. Abulifa, “Artificial intelligent techniques for identifying the cause of
disturbances in the power grid,” Brilliance: Research of Artificial Intelligence, vol. 3, no. 1, pp. 19-31, 2023.
M. Abbasi, E. Abbasi, L. Li, R. P. Aguilera, D. Lu, and F. Wang, “Review on the microgrid concept, structures,
components, communication systems, and control methods,” Energies, vol. 16, no. 1, p. 484, 2023.
F. Santillan-Lemus, H. Minor-Popocatl, O. Aguilar-Mejia, and R. Tapia-Olvera, “Optimal economic dispatch in
microgrids with renewable energy sources,” Energies, vol. 12, no. 1, p. 181, 2019.
D. A. Savio, V. A. Juliet, B. Chokkalingam, S. Padmanaban, J. B. Holm-Nielsen, and F. Blaabjerg, “Photovoltaic
integrated hybrid microgrid structured electric vehicle charging station and its energy management
approach,” Energies, vol. 12, no. 1, p. 168, 2019.
G. V. Swaminathan, K. R. Vasudevan, V. K. Ramachandaramurthy, and S. Periasamy, “Design of virtual inertia
controller for DC microgrid using zero placement technique,” Electr. Power Compon. Syst., vol. 50, no. 14-15,
pp. 762—775, 2022.
M. Kumar, “Control techniques for interconnections of cluster of neighboring islanded hybrid smart
microgrids,” Electr. Power Compon. Syst., pp. 1-15, 2022.
M. A. Ataei and M. Gitizadeh, “A distributed adaptive protection scheme based on multi-agent system for
distribution networks in the presence of distributed generations,” IET Gener. Transm. Distrib., vol. 16, no. 8, pp.
1521-1540, 2022.
J. Wu and Y. Han, “Integration strategy optimization of solar-aided combined heat and power (CHP)
system,” Energy (Oxf.), vol. 263, no. 125875, p. 125875, 2023.
Y. Wu, Y. Dai, W. Xie, H. Chen, and Y. Zhu, “System integration for combined heat and power (CHP) plants
with post-combustion CO2 capture,” Energy Convers. Manag., vol. 258, no. 115508, p. 115508, 2022.
P. S. R. Nayak and G. Peddanna, “Mutual inductance estimation between rectangular structures magnetic coils
with various misalignments for wireless EV charger,” Int. J. Electr. Hybrid Veh., vol. 14, no. 3, p. 250, 2022.
J. Zhao et al., “Adaptive sliding mode backstepping control for near space vehicles considering engine faults,” J.

65



Brilliance Volume 3, Number 1, May 2023

Research of Artificial Intelligence https://doi.org/10.47709/brilliance.v3i1.2192

[21]

[22]

[23]
[24]

[25]

[26]

[27]

[28]

[29]
[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]
[38]
[39]
[40]

[41]

Syst. Eng. Electron., vol. 29, no. 2, pp. 343-351, 2018.

M. M. Khaleel, Faculty of Electrical Engineering Technology, University Malaysia Perlis, 02600, Arau,
Malaysia, M. R. Adzman, S. M. Zali, M. M. Graisa, and A. A. Ahmed, “A review of fuel cell to distribution
network interface using D-FACTS: Technical challenges and interconnection trends,” Int. J. Electr. Electron.
Eng. Telecommun., vol. 10, no. 5, pp. 319-332, 2021.

H. S. Ramadan, A. M. Helmi, and F. K. Abo-Elyousr, “Optimal resilient facade thermal photovoltaic clustering
allocation for microgrid enhanced voltage profile,” Int. J. Electr. Power Energy Syst., vol. 148, no. 108940, p.
108940, 2023.

H. Wu, Z. Wei, S. Liu, and M. Shi, “Hierarchical coordinated control of DC microgrid based on recursive fuzzy
neural network algorithm,” Wirel. Commun. Mob. Comput., vol. 2022, pp. 1-11, 2022.

A. Dridi, H. Afifi, H. Moungla, and J. Badosa, “A novel deep reinforcement approach for IIoT microgrid energy
management systems,” IEEE Trans. On Green Commun. Netw., vol. 6, no. 1, pp. 148-159, 2022.

M. V. Karthik and P. Chaudhary, “Power quality enhancement in AC microgrids using integrated genetic
algorithm in ANN,” in 2021 5th International Conference on Electronics, Communication and Aerospace
Technology (ICECA), 2021.

T. Rani and T. K. Roy, “A variable power reaching law-based integral sliding mode controller design to maintain
power sharing in DC microgrids,” in 2021 5th International Conference on Electrical Information and
Communication Technology (EICT), 2021.

M. M. Khaleel, S. A. Abulifa, I. M. Abdaldeam, A. A. Abulifa, M. Amer, and T. M. Ghandoori, “A current
assessment of the renewable energy industry,” African Journal of Advanced Pure and Applied Sciences
(AJAPAS), vol. 2, no. 1, pp. 122-127, 2023.

M. Mehrasa, A. Sheikholeslami, M. Rezanejad, and J. Alipoor, “Inertia augmentation-based optimal control
strategy of a weak grid-connected microgrid with PV unit and energy storage system,” J. Energy Storage, vol.
62, no. 106874, p. 106874, 2023.

L. Pan, Y. Dong, H. Hao, X. Zhang, W. Shi, and X. Wei, “Investigation on the relations of operating parameters
of a thermodynamic cycle energy storage system,” J. Energy Storage, vol. 60, no. 106589, p. 106589, 2023.

M. M. Khaleel, A. A. Ahmed, and A. Alsharif, “Energy Management System Strategies in Microgrids: A
Review,” The North African Journal of Scientific Publishing (NAJSP), vol. 1, no. 1, pp. 1-8, 2023.

M. Shahbazitabar, H. Abdi, H. Nourianfar, A. Anvari-Moghaddam, B. Mohammadi-lvatloo, and N.
Hatziargyriou, “An Introduction to Microgrids, Concepts, Definition, and Classifications,” in Microgrids, Cham:
Springer International Publishing, 2021, pp. 3-16.

A. Tomas-Martin, A. Garcia-Cerrada, L. Sigrist, S. Yagle, and J. Suarez-Porras, “State relevance and modal
analysis in electrical microgrids with high penetration of electronic generation,” Int. J. Electr. Power Energy
Syst., vol. 147, no. 108876, p. 108876, 2023.

N. Sarrafan et al., “A novel fast fixed-time backstepping control of DC microgrids feeding constant power
loads,” IEEE Trans. Ind. Electron., vol. 70, no. 6, pp. 5917-5926, 2023.

W. Yuan, Y.-H. Liu, C.-Y. Su, and F. Zhao, “Whole-body control of an autonomous mobile manipulator using
model predictive control and adaptive fuzzy technique,” IEEE Trans. Fuzzy Syst., vol. 31, no. 3, pp. 799-809,
2023.

Y. Jiang, Z. Peng, and J. Wang, “Constrained control of autonomous surface vehicles for multitarget
encirclement via fuzzy modeling and neurodynamic optimization,” IEEE Trans. Fuzzy Syst., vol. 31, no. 3, pp.
875-889, 2023.

Y. Yu, J. Guo, M. Chadli, and Z. Xiang, “Distributed adaptive fuzzy formation control of uncertain multiple
unmanned aerial vehicles with actuator faults and switching topologies,” IEEE Trans. Fuzzy Syst., vol. 31, no. 3,
pp. 919-929, 2023.

M. M. Khaleel, A. Alsharif, and I. I. K. Imbayah, “Renewable energy technologies: Recent advances and future
predictions,” African Journal of Advanced Pure and Applied Sciences (AJAPAS), pp. 58-64, 2022.

J. A. Rackers, L. Tecot, M. Geiger, and T. E. Smidt, “A recipe for cracking the quantum scaling limit with
machine learned electron densities,” Mach. Learn. Sci. Technol., vol. 4, no. 1, p. 015027, 2023.

T. Haug, C. N. Self, and M. S. Kim, “Quantum machine learning of large datasets using randomized
measurements,” Mach. Learn. Sci. Technol., vol. 4, no. 1, p. 015005, 2023.

A. Alnuqgaydan, S. Gleyzer, and H. Prosper, “SYMBA: symbolic computation of squared amplitudes in high
energy physics with machine learning,” Mach. Learn. Sci. Technol., vol. 4, no. 1, p. 015007, 2023.

A. Askarzadeh, “A memory-based genetic algorithm for optimization of power generation in a microgrid,” IEEE

66



Brilliance Volume 3, Number 1, May 2023

Research of Artificial Intelligence https://doi.org/10.47709/brilliance.v3i1.2192

[42]
[43]

[44]

[45]
[46]
[47]

(48]

[49]

[50]

[51]

[52]

[53]

[54]

[58]

[56]

[57]

[58]

[59]

[60]

[62]

[63]

Trans. Sustain. Energy, vol. 9, no. 3, pp. 1081-1089, 2018.

B. Li, R. Roche, and A. Miraoui, “Microgrid sizing with combined evolutionary algorithm and MILP unit
commitment,” Appl. Energy, vol. 188, pp. 547-562, 2017.

R. Torkan, A. Ilinca, and M. Ghorbanzadeh, “A genetic algorithm optimization approach for smart energy
management of microgrids,” Renew. Energy, vol. 197, pp. 852—-863, 2022.

M. M. Khaleel, T. Mohamed Ghandoori, A. Ali Ahmed, A. Alsharif, A. J. Ahmed Alnagrat, and A. Ali Abulifa,
“Impact of mechanical storage system technologies: A powerful combination to empowered the electrical grids
application,” in 2022 IEEE 2nd International Maghreb Meeting of the Conference on Sciences and Techniques of
Automatic Control and Computer Engineering (MI-STA), 2022, pp. 628-636.

W. Li, P. Liang, B. Sun, Y. Sun, and Y. Huang, “Reinforcement learning-based particle swarm optimization with
neighborhood differential mutation strategy,” Swarm Evol. Comput., vol. 78, no. 101274, p. 101274, 2023.

Y. Zhang, “Elite archives-driven particle swarm optimization for large scale numerical optimization and its
engineering applications,” Swarm Evol. Comput., vol. 76, no. 101212, p. 101212, 2023.

G. Shobaki, V. S. Gordon, P. McHugh, T. Dubois, and A. Kerbow, ‘“Register-Pressure-aware instruction
scheduling using Ant Colony Optimization,” ACM Trans. Archit. Code Optim., vol. 19, no. 2, pp. 1-23, 2022.

M. Abdolhosseinzadeh and M. M. Alipour, “Design of experiment for tuning parameters of an ant colony
optimization method for the constrained shortest Hamiltonian path problem in the grid networks,” Numer.
Algebra Control Optim., vol. 11, no. 2, p. 321, 2021.

I. Ravanshadi, E. A. Boroujeni, and M. Pourgholi, “Centralized and distributed model predictive control for
consensus of non-linear multi-agent systems with time-varying obstacle avoidance,” ISA Trans., vol. 133, pp.
75-90, 2023.

H. Wei, C. Liu, and Y. Shi, “A robust distributed model predictive control framework for consensus of multi-
agent systems with input constraints and varying delays,” arXiv [eess.SY], 2022.

F. Bellotti, L. Lazzaroni, A. Capello, M. Cossu, A. De Gloria, and R. Berta, “Designing an interpretability
analysis framework for deep reinforcement learning (DRL) agents in highway automated driving simulation,”
in Proceedings of SIE 2022, Cham: Springer Nature Switzerland, 2023, pp. 239-244.

C. E. Mazgualdi, T. Masrour, 1. E. Hassani, and A. Khdoudi, “A deep reinforcement learning (DRL) decision
model for heating process parameters identification in automotive glass manufacturing,” in Advances in
Intelligent Systems and Computing, Cham: Springer International Publishing, 2021, pp. 77-87.

M. Khojasteh, “A robust energy procurement strategy for micro-grid operator with hydrogen-based energy
resources using game theory,” Sustain. Cities Soc., vol. 60, no. 102260, p. 102260, 2020.

S. M. Hakimi, A. Hasankhani, M. Shafie-khah, and J. P. S. Cataldo, “Stochastic planning of a multi-microgrid
considering integration of renewable energy resources and real-time electricity market,” Appl. Energy, vol. 298,
no. 117215, p. 117215, 2021.

V. V. V. S.N. Murty and A. Kumar, “Optimal DG integration and network reconfiguration in microgrid system
with realistic time varying load model using hybrid optimisation,” IET Smart Grid, vol. 2, no. 2, pp. 192-202,
2019.

T. Wu, J. Wang, X. Lu, and Y. Du, “AC/DC hybrid distribution network reconfiguration with microgrid
formation using multi-agent soft actor-critic,” Appl. Energy, vol. 307, no. 118189, p. 118189, 2022.

D. Weber, S. Heid, H. Bode, J. H. Lange, E. Hullermeier, and O. Wallscheid, “Safe Bayesian optimization for
data-driven power electronics control design in microgrids: From simulations to real-world experiments,” |IEEE
Access, vol. 9, pp. 35654-35669, 2021.

G. Dong and Z. Chen, “Data-driven energy management in a home microgrid based on Bayesian optimal
algorithm,” IEEE Trans. Industr. Inform., vol. 15, no. 2, pp. 869-877, 2019.

M. Greaves, S. Barker, C. Daunt, and H. Elderfield, “Accuracy, standardization, and interlaboratory calibration
standards for foraminiferal Mg/Ca thermometry: FORAMINIFERAL MG/CA THERMOMETRY,” Geochem.
Geophys. Geosyst., vol. 6, no. 2, 2005.

E. T. Tipper, P. Louvat, F. Capmas, A. Galy, and J. Gaillardet, “Accuracy of stable Mg and Ca isotope data
obtained by MC-ICP-MS using the standard addition method,” Chem. Geol., vol. 257, no. 1-2, pp. 65-75, 2008.

A. Alsharif, C. W. Tan, R. Ayop, A. A. Ahmed, M. M. Khaleel., “Impact of electric Vehicle on residential
power distribution considering energy management strategy and stochastic Monte Carlo algorithm,” Energies,
vol. 16, no. 3, p. 1358, 2023.

A. Alsharif, C. W. Tan, R. Ayop, A. A. Ahmed, and M. M. Khaleel, “Electric vehicle integration with energy
sources: Problem and solution review,” AJAPAS, pp. 17-20, 2022.

67



