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ABSTRACT Due to their minimal environmental impact, green energy sources like wind turbines and solar
panels are increasingly utilized in power systems. However, the power they generate is highly variable,
leading to unpredictable fluctuations in power supply. Additionally, advanced smart functions in consumer
devices and their unpredictable usage patterns contribute to similar fluctuations in power consumption. These
fluctuations present a significant challenge to the stability and quality of the power grid, creating a complex
issue of power imbalance that becomes harder to manage. Innovative management and control approaches
are necessary to address these challenges and thus support the shift to sustainable energy sources. Artificial
intelligence (AI) techniques are increasingly proposed as promising solutions, albeit mostly implemented as
isolated solutions within centralized power control systems. To effectively manage the complex and often
large scale power systems, this paper advocates the use of a Distributed AI (DAI) framework as imperative in
enhancing their agility and stability. An illustrative Nano-Grid example (including the potential use of battery
sources in extreme scenarios) is adopted to demonstrate the framework’s utility, and a number of power
control strategies to safeguard the power system against the variability of both power generators and loads
are theoretically formulated and then realized within the proposed framework. Linear Programming, Ant
Colony Optimization, Genetic Algorithms, and Particle Swarm Optimization techniques are experimented
with, and through simulations, the utility of the DAI framework is demonstrated. The findings underscore the
effectiveness and potential benefits of the proposed framework in ensuring the safe and effective operation
of power systems with the use of particle swarm optimization amid fluctuating energy scenarios with a small
to large number of devices in the nano-grid.

INDEX TERMS Distributed AI, power fluctuations, distributed power sources, distributed power loads,
power balance, power control.

I. INTRODUCTION
The increasing awareness of fossil fuel depletion, rising
energy consumption, and global warming has accelerated the
development of renewable energy sources (RESs), such as
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wind turbines and solar photovoltaic (PV) systems. These
RESs are crucial for the future of energy systems due to their
minimal environmental impact. However, integrating these
RESs into the power grid presents challenges, particularly
in terms of unpredictable power swings. These swings result
from the inherent variability of RESs, influenced by factors
like device constraints and weather conditions. The problem
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is expected to intensify as the use of RESs is projected
to increase from 20% to 50% by 2050. The variability of
renewable energy generation, coupled with the continually
increasing demand for electricity, creates a dynamic scenario
where both power supply and demand are subject to signifi-
cant fluctuations. This situation is further complicated by the
changing usage patterns of Energy Storage Systems (ESSs),
which are adapting due to their charging and discharging
activities with various power sources and loads. This evolving
landscape underscores the complexities of managing energy
systems increasingly relying on variable renewable sources
alongside traditional, stable power generation, thus making
necessary advanced power control functions capable of
managing dynamically changing power conditions. While
AI is being developed in various aspects of power systems,
including monitoring, management, control, and analysis of
entities’ usage, current approaches mostly provide isolated
solutions within centralized power control systems. Effective
communication between power devices, rapid and accurate
decision-making in handling dynamic power levels, and
power control methods supporting distributed sources are
increasingly vital. Thus, a distributed AI approach is
imperative to offer agility and enhanced stability. This shift
towards distributed AI in power systems promises greater
resilience and adaptability in the face of the challenges posed
by the integration of renewable energy sources and evolving
consumption patterns.

This research advocates and develops a Distributed AI
(DAI) framework, initially developed and evaluated within
a mobile communication environment [1], [2], [3]. At the
heart of this framework are Belief-Desire-Intention Extended
(BDIx) agents. These agents function based on intelligent
management of their knowledge, abilities, capabilities, and
plans, enabling them to solve problems collaboratively or
independently. The innovation lies in their ability to integrate
existing solutions, including various AI/ML techniques,
effectively acting as a cohesive element with expert knowl-
edge. A novel aspect of this approach is deploying a BDIx
agent in each power device, be it a generator, a load,
or a power storage unit. These agents are equipped with
sensing, communication, and control functionalities. In a
DAI framework applied to each edge device, BDIx agents
enable autonomous, dynamic, and flexible decision-making
tailored to the specific role of the device. For example,
suppose the edge device is a power load agent. In that case,
the BDIx framework empowers it to autonomously select
the most appropriate power source, considering factors like
power source availability, current energy needs, and system
stability priorities. The agents process real-time data and their
beliefs about the grid’s state to make decisions, aligning with
predefined intentions such as minimizing energy costs or
maximizing the use of green energy.

Conversely, if the edge device is a power source agent,
the BDIx framework guides it in efficiently managing excess
power. This could involve decisions about accepting more
power loads, distributing surplus energy within the network,

or storing it for future use. These decisions are driven by the
agent’s desires and intentions, including optimizing energy
distribution, reducing wastage, or evenly distributing the load
across the grid.

The DAI framework, therefore, ensures that each agent,
whether a power source or a load, operates not in isolation but
as part of an integrated system. This system-level integration
allows for more efficient management of power fluctuations
and enhances the overall stability and reliability of the power
grid. The agents continuously adapt their strategies based
on real-time data and changing grid conditions, ensuring
optimal decision-making for both immediate and long-term
power system needs. Incorporating a BDIx agent-based DAI
framework into each edge device not only allows for semi-
static decisions, such as choosing power sources or managing
loads but also enables a range of dynamic actions that respond
in real-time to changing grid conditions. Some of the key
dynamic actions enabled by this framework include:

• Real-Time Load Balancing: Agents dynamically adjust
the power distribution among various devices and sec-
tors based on real-time demand and supply, maintaining
grid stability.

• Predictive Maintenance: Agents use predictive analytics
to forecast potential issues and initiate maintenance
activities proactively.

• Adaptive Power Generation: Power generators dynami-
cally adjust output based on current demand and storage
levels.

• Demand Response Management: Agents respond to
grid signals or market prices to modulate power
consumption.

• Energy Storage Optimization: Optimization of charg-
ing/discharging cycles in energy storage systems based
on grid conditions and energy prices.

• Voltage and Frequency Regulation: Agents maintain
optimal voltage and frequency levels in the grid.

• Emergency Response and Grid Recovery: Agents con-
tribute to fault isolation and quick grid restoration in
emergencies.

These dynamic actions, enabled by the BDIx agent-based
DAI framework, can contribute significantly to the flexibility,
efficiency, and resilience of power systems in grids with high
penetration of renewable energy sources.

In order to illustrate the agent-based DAI framework,
we utilize a Nano-grid (NG) setup in this paper. In recent
years, there has been a growing interest in demand-side
management, particularly in the communal, residential,
and commercial sectors, which account for a substantial
portion of electricity consumption and carbon emissions. The
introduction of small-scale distributed power resources like
photovoltaics, wind turbines, fuel cells, and storage batteries
in various settings, from homes to factories, is transforming
the power structure of these facilities. The concept of the NG
exemplifies this transformation, consisting of multiple power
generating sources, in-house power distribution systems,
energy storage, and various consumer devices, and enables
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effective and adaptable energy management. To control the
power flow, each BDIx agent handles a list of Power Sources,
Power Loads, and Storage Devices in an object-oriented
manner, targeting the optimization of the total power usage
so as to achieve regulation of the power fluctuations and
consumption and thus increase the power stability. Finally,
we show that the particle swarm optimization machine
learning approach is the most applicable approach to use after
comparing a small to a large number of devices under the
nano-grid with the rest of the machine learning approaches
(i.e., LP, ACO, GA).

The main findings and contributions are summarized
below:

1) Advancement of Distributed AI Framework concept:
The development of a novel Distributed AI (DAI)
framework specifically tailored for fluctuating power
systems marks a significant contribution to the field of
effective smart grid management.

2) Application of Distributed AI in Power Fluctuation
Management: Demonstrating the use of Distributed
AI techniques for adaptive monitoring, fault detection,
and load forecasting in power systems presents an
innovative approach to handling the challenges of
renewable energy sources.

3) Optimization Techniques for Power Balancing: A
comparative analysis and implementation within the
DAI framework of various optimization algorithms,
like LP, ACO, GA, and PSO for power source and
load balancing, provide new insights into efficient
power management. Like that, the most applicable ML
approach to be used is particle swarm optimization
because this approach can be used with the number of
devices in the nano-grid ranging from small to large.

4) Practical realization and analysis of the proposed DAI
framework: The application and evaluation of the
proposed DAI framework within a nano-grid setup
offers practical insights, bridging the gap between
theoretical research and real-world application.

5) Scalability in Power Management: The research illus-
trates how different optimization techniques are imple-
mented within the DAI framework scale in managing
various devices, contributing to the understanding of
scalability in smart grid systems.

6) Facilitation of Sustainable Energy Transition: The
study contributes to the research on integrating sus-
tainable energy into existing grids by addressing power
variability in green energy sources.

7) Empirical Validation and Performance Analysis:
Including simulation results provides empirical vali-
dation of the proposed framework, contributing to the
trust of its reliability and applicability in the field.

Basically, integrating the DAI framework with power
control methods offers effective energy control into energy
management within the residential and commercial power
sectors, particularly in light of the anticipated rise in power
consumption. As previously said, the utilization of artificial

FIGURE 1. Representation of power generators, loads, storage devices,
and connections between power devices. Each device is equipped with a
BDIx agent.

intelligence (AI) is imperative in the development and
execution of real-time power control techniques in order
to ensure the secure functioning of the power system.
In this context, the system ensures a consistent provision of
electrical power to support various loads, even when faced
with fluctuations in the power supply. This is achieved by
considering each power device’s specific physical attributes
and restrictions, such as its maximum and minimum power
and energy constraints of generators and loads, and capacity
constraints of storage devices.

The rest of the paper is structured as follows. Section II
provides background information on Power flow, Distributed
AI (DAI), and Belief-Desire-Intention (BDI) agents and
discusses related work on various approaches addressing
these concepts. The assumptions, terms, problem descrip-
tion, and formulation, including an overview of how the
investigated approaches are associated with the optimization
objective, are elaborated in Section III. Additionally, the
enhanced implementations, including categorizing power
sources and loads and realizing BDIx-based DAI framework
agents, are provided in Section IV. The efficiency of
the investigated approaches is examined, evaluated, and
compared in Section V. Continuing, Section VI examines
the DAI framework performance with the utilization of the
best approach found in Section V. Finally, Section VII
includes concluding remarks and outlines our future research
directions.

II. BACKGROUND KNOWLEDGE AND RELATED WORK
This section provides a background information overview
of the foundational principles related to Mini Power Grid
Systems, Power Flow Control Problems, Power Flow
Coloring Techniques, Distributed AI (DAI) with Belief-
Desire-Intention (BDI) agents, the essential architectural
characteristics of BDI agents, and the machine learning
methods employed to optimize power flow balance through
power flow coloring technique. The Related work segment
presents the current research related to the topic being
studied.
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A. BACKGROUND KNOWLEDGE
This subsection presents a comprehensive overview of the
fundamental concepts that form the basis of current research
on Mini Power Grid Systems, Power Flow Control Problem,
Power Flow Coloring Technique, Distributed AI (DAI)
with Belief-Desire-Intention (BDI) agents. Additionally,
it highlights the essential architectural characteristics of BDI
agents and the machine learning (ML) techniques employed
to identify the optimal solution for power flow balance
through the utilization of the power flow coloring technique.

1) OVERVIEW OF MINI POWER GRID SYSTEMS
This section shows the details of the considered power
system, which consists of power generators (PG), power
loads (PL), storage systems (PS), and power flows (i.e.,
connections) between them as shown in Fig. 1. All power-
generating and consuming devices are categorized into two
types: controllable1 (PGc/PLc), and fluctuating2 (PGf /PL f ).
The controllable devices are equipped with a controller to
control their power. However, the power of fluctuating power
devices cannot be controlled.

2) POWER FLOW CONTROL PROBLEM
The power is supplied by power generators to power loads
and storage devices via power flows. The power flow control
problem computes power levels for controllable power
devices. Power flows between power devices considering
(i) generated power from renewable energy sources is entirely
consumed by loads and stored in storage devices, (ii) the
on-demand power requests by loads are satisfied fully, and
(iii) the state of charge (soc) limitations are preserved all the
time.

a: SYSTEM CONDITIONS
The system conditions are required to keep the safe operation
of a power system under fluctuating generation and demand.
Here, safe operation refers to the situations when a maximum
state of change (SOCmax) and minimum state of charge
(SOCmin) are preserved through the simulation to avoid

1Constant power sources and loads are stable elements in electrical
systems, maintaining steady power generation or consumption over time.
Sources like traditional power plants deliver a fixed amount of electricity
regardless of external changes or demand fluctuations, offering a reliable
and uninterrupted energy supply. Similarly, constant loads, such as certain
lighting fixtures or industrial equipment, consistently use a set amount of
power during operation. Unlike variable loads that change based on usage
patterns or external factors, constant loads present a predictable and steady
demand on the electrical system.

2‘‘Fluctuating power sources’’ and ‘‘fluctuating loads’’ refer to the
variability in electricity generation and consumption. Renewable energy
sources like wind and solar are examples of fluctuating power sources,
as their electricity output changes based on environmental conditions. For
example, solar panels produce more energy on sunny days and less during
cloudy or rainy periods, while wind turbines depend on wind speed. This
variability poses challenges in integrating renewable energy into the power
grid, requiring a careful balance between supply and demand. Similarly,
fluctuating loads describe the changing electricity consumption by users or
devices. Electrical demand varies throughout the day and across seasons,
such as increased energy use in residential areas at night or varying industrial
energy needs based on production schedules.

over-charge and over-discharge situations of storage device h.
The two following conditions must be satisfied to guarantee
a feasible solution to the power assignment problem.
Condition 1: ∀S ⊆ PG∑

PGfj ∈S

Epgfj (t) ≤

∑
PLfℓ∈NFL(S)∪NFL(NS(S))

Epℓfℓ(t)

+

∑
PSh∈NS(S)

(
SOCmax

h − SOCh(0)
)
·
Essh
η

(1)

Condition 2: ∀T ⊆ PL∑
PGfj ∈NFG(T )∪NFG(NS(T ))

Epgfj (t) ≥

∑
PLfℓ∈T

Epℓfℓ(t)

+

∑
PSh∈NS(T )

(
SOCmin

h − SOCh(0)
)

·
Essh
η

(2)

The former condition can preserve the maximum limit of
storage while the latter can keep a minimum limit of storage
devices. Additionally, the feasible solution is determined for
each subset of power devices. For a connection, (PX ,PY ),
the notation N (PX ) shows the set of neighboring devices of
PX . Some notations such as NFL(S), NS(S), and NFG(T )
are given to show neighboring loads, storage systems, and
generators, respectively. For details, refer to Figure 1 and
Section IV.

3) POWER FLOW COLORING TECHNIQUE
The power flow coloring technique has been identified as an
innovative approach for effectively managing energy in nano-
grids (NGs). This technique demonstrates its capability to
address the complexities arising from the variability of power
sources and demands, as evidenced in the study conducted
by Javaid et al. [4]. The described methodology involves the
allocation of distinct IDs to individual power flows, estab-
lishing connections between specific power sources (PSs) and
power loads (PLs). This system effectively manages various
power flow streams, facilitating the direct allocation of power
from uncertain sources, such as photovoltaic (PV) systems,
to specific loads, which may include various appliances, from
domestic refrigerators to heaters. The capacity to directly
transfer energy reduces the need for storage buffers, resulting
in a more efficient distribution process. One notable benefit
of this methodology is its potential to foster environmental
sustainability. The optimization of renewable energy sources
contributes to the mitigation of greenhouse gas emissions.
Furthermore, the power flow coloring scheme enhances
the ability to distinguish the most economically efficient
approaches to power use across different power sources.
The architecture of this system is specifically customized
for integration in Next-Generation (NG) networks, which
is distinguished by the utilization of standard bus power
lines and the absence of the intricate features seen in
bigger power transmission and distribution networks. This
characteristic renders it very suitable for small-scale power
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generation systems that are frequently seen in residential and
commercial environments.

4) BACKGROUND KNOWLEDGE ON DAI FRAMEWORK
a: DISTRIBUTED ARTIFICIAL INTELLIGENCE CONCEPT
DAI is a subfield of AI technology focused on distributed,
concurrent action coordination and problem-solving. DAI has
a family of tools and methods ranging from Q-Learning to
Multi-Agent System (MAS) technologies for implementing
distributed approaches to a particular problem. As a concept
in the Multi-Agent System (MAS), agent-based DAI is built
on intelligent agents that manage their knowledge, abilities,
capabilities, and intentions/plans in order to undertake
activities with the goal of addressing the problem(s) through
collaboration or as an autonomous entity [5], [6], [7].

In addition, DAI regulates a type of distributed control
strategy that addresses complex learning, planning, and
decision-making issues [8], [9], [10]. This DAI approach
enables a perfectly parallel workload.3

b: BELIEF DESIRE INTENTION AGENTS
BDI agents [15], sometimes known as ‘‘intelligent agents,’’
are a category of agents with additional capabilities. Their
additional functionality is comprised of their Beliefs, Desires,
Goals, Intentions, and Behaviour (see e.g. [1], [2], [3], [15],
[16]):

• The Beliefs are a set of quantitative and qualitative
parameters (which the Power expert can define) that
reflect the agent’s comprehension (perception) of the
surrounding environment. The agent determines the
values of these parameters by taking information
about the surrounding environment into account. This
information can be gathered by the device’s sensors or
throughmessages exchanged between agents running on
other devices. Beliefs may also contain inference rules
that enable forward chaining to guide the development
of new Beliefs and ML structures (e.g., Fuzzy Logic).

• The Desires correspond to the agent’s motivational
condition. Specifically, Desires are a list of goals (which
can be established by the Power Utilization/usage and
Mode of execution Power Source/Power Load, Constant
or Fluctuating) that the agent wants to achieve. Each aim
(referred to as Desire in the rest of the paper) is coupled
with a specific Plan that provides the agent with explicit
instructions for achieving it.

• The Intentions are a list of (prioritized) objectives
chosen by the agent (as a subset of the Desires) to be
carried out. Specifically, the Intentions represent a list of
Desires that are now being pursued by the agent, whether
in execution or on standby according to their plans.

3A fully parallel workload in parallel computing requires little or no
manipulation to divide the issue into a number of parallel tasks [11] with
distributed control thanks to its application. This is frequently the case when
there is little to no dependence or communication requirement between the
parallel activities [12], [13], [14].

• A Goal is a Desire that has been embraced by the agent
for active pursuit.

• The BDI Behaviour is defined by its Perception and
the Plans in its Planning Library that correspond to its
Desires. To be more specific:
– A Perception is a function performed when sensor

data change and/or Events occur. This function
allows the agent to update its Beliefs and turn its
Desires into Intentions in response to identified
environmental changes.

– A Plan is an algorithm that the agent must follow
in the event of an Event or a belief-to-intention
transformation.

A BDI agent autonomously determines its actions/plans
based on its Beliefs, Objectives, Events, and realized
Intentions from Desires. In addition, it can communicate
and cooperate with other agents based on two axes: i) the
personal interest of the agent based on its Desires, and ii)
the group interest of the agent’s group [15]. Thus, a MAS is
created, fostering a collaborative environment. However, two
significant considerations for MASs are as follows [17]:

• Agents require mechanisms to synchronize and coordi-
nate their activity at runtime.

• The agents in MASs are primarily concerned with their
own well-being and goals.

Moreover, BDI agents can communicate with one another
and share information to execute certain actions (e.g., modify
Intentions), learn from other BDI agents, and even teach other
agents to perform a particular task.

c: ARCHITECTURAL CHARACTERISTICS OF THE AGENTS
In this section, the architectural features of an agent that are
deemed valuable for power flow control are highlighted [18],
[19], [20]. These qualities are embedded into the utilized DAI
framework.

Persistence and priority are two essential attributes of
agents. Agents can possess distinct property values for per-
sistence coefficients and priority values in their architectural
design. The former may remain constant, while the latter
can be determined by the employment of a machine learning
(ML) methodology. The objective of using persistence is to
establish the level of independence from the evolutionary
environment.4 Specifically, highly persistent agents maintain
their chosen Intentions and execution of Plans regardless of
the environment’s evolution and sensor input changes that
alter their Beliefs. Conversely, agents with less persistence
are adaptive, reactive, and sensitive to environmental change.
This may, however, result in undesirable and computationally
expensive behaviors. The agent’s priority feature is also
crucial. An agent can decide the correct Intention to utilize
from a related Desire in the event of a change in Belief
or amplification of an Event by using priority values.
Flexibility is a third property of the agent. This relates to the

4Higher persistence to continue present actions independently, and lower
persistence to be adaptable and reactive, but with perhaps inconsistent and
computationally expensive behavior by utilizing a utility function.
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agent’s ability to define and modify its Beliefs, Desires, and
Intentions (together with other agent properties such as Plans
and Priorities) in real-time. For instance, an agent designer
uses a modeller.5 We can define an agent with a single Belief,
a few Desires, and a few Plans capable of tackling a single
challenge, or it can generate a sophisticated agent capable of
tackling a massive task, such as the coordination of a dancing
robot. Therefore, an agent’s architecture can be basic with
fewer Beliefs, Desires, and Plans or complicated with the full
complement of BDI elements. Additionally, reactivity is the
final but equally crucial feature of an agent. The selection of
Desires that will become Intentions is not predetermined but
rather based on the agent’s behavior in response to Events,
sensor-measured values, and alterations in its Beliefs. Thus,
a reactive agent can construct a cognitive model and, through
this model, outline its target challenges as well as the plans
for achieving their execution (in the same way as in a finite
state machine).

d: THE DAI FRAMEWORK
The DAI framework is implemented in a manner that is
efficient, distributed, autonomous, and adaptable, and it
prioritizes the local environment over the global environment.
It is implemented utilizing a BDI-enhanced agent with ML
and Fuzzy Logic Plan Library (BDIx agent) with Beliefs
(environment knowledge). Beliefs can also be a part of
various AI/ML methodologies (e.g., Fuzzy Logic, Deep
Learning Neural Networks, etc.), as well as desires (what
it wants) and intentions (current running objectives realized
from Desires that are executed through selected plans).
For example, using priority values and well-defined IF-
THEN rules in a Fuzzy Logic Plan Library, desires can
become Intentions based on the Requirements, Sensor data,
violation of predefined thresholds, and occurrence of Events.
Specifically, changes in the values of Beliefs or incidences
that cause an event function as reinforcement learning and
enable the reactive behavior of an agent that modifiesDesires,
Intentions, and plans [1].

5) THE AI/ML APPROACHES INVESTIGATED IN OUR
APPROACH
This section shows the investigated AI/ML approaches used
and investigated for optimizing Power Usage using the
Coloring approach.

a: ANT COLONY OPTIMIZATION (ACO)
Ant Colony Optimization (ACO) is inspired by the foraging
behavior of ants and is used to find optimal paths through
graphs. Ants wander randomly and, upon finding food, return
to their colony while laying down pheromone trails, which
other ants follow, eventually finding the shortest path [21].
ACO simulates the behavior of ants finding paths from their
colony to food sources.

5The modeler is a method for defining BDI agent properties using a BDI
programming framework.

• Initialization: Initialize pheromones on all paths.
• Solution Construction: Each ant probabilistically con-
structs a solution (path).

• Pheromone Update: Update pheromones on the paths
taken by ants. Paths with better solutions get more
pheromones.

• Pheromone Evaporation: To avoid premature conver-
gence, reduce pheromone on all paths.

• Repeat: Repeat the process until convergence or a
stopping criterion is met.

The pheromone update rule is given by:

τij(t + 1) = (1 − ρ) · τij(t) + 1τij(t) (3)

b: LINEAR PROGRAMMING (LP)
Linear Programming (LP) is a method used for optimizing
a linear objective function subject to linear equality and
inequality constraints. It is a powerful tool in various fields
for solving resource allocation problems [22]. LP optimizes
a linear objective function subject to linear constraints.

• Problem Formulation: Define the objective function,
constraints, and variables.

• Feasibility Check: Determine if a feasible solution
exists.

• Simplex Method: Apply the Simplex method (or other
suitable algorithms) to find the optimal solution.

• Iterative Process: Move along the edges of the feasible
region to find the best value.

• Solution Interpretation: Analyze the final solution and
interpret it in the context of the original problem.

The problem is formulated as:

Minimize: cT x (4)

Subject to: Ax ≤ b (5)

x ≥ 0 (6)

c: PARTICLE SWARM OPTIMIZATION (PSO)
Particle Swarm Optimization (PSO) optimizes a problem
by iteratively trying to improve a candidate solution with
regard to a given measure of quality. It moves a population
of candidate solutions, called particles, in the search space to
find the optimal solution [23]. PSO optimizes a problem by
iteratively improving a candidate solution.

• Initialization: Initialize a swarm of particles with
random positions and velocities.

• Velocity Update: Update each particle’s velocity based
on its own experience and that of its neighbors.

• Position Update: Update each particle’s position based
on its new velocity.

• Fitness Evaluation: Evaluate the fitness of each particle.
• Repeat: Repeat the process until an optimal solution is
found or a stopping criterion is met.
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The update formulas are:

vi(t+1) = w · vi(t)+c1 · r1 · (pi−xi(t)) + c2 · r2 · (g−xi(t))

(7)

xi(t + 1) = xi(t) + vi(t + 1) (8)

d: GENETIC ALGORITHMS (GA)
Genetic Algorithms (GA) are part of evolutionary computing
and are based on the principles of natural selection and
genetic mutation. They are used to find optimized solutions
by mimicking the process of natural evolution [24]. GAmim-
ics the process of natural selection and natural evolution
using mechanisms inspired by biological evolution, such as
reproduction, mutation, recombination, and selection.

• Initialization: Start with a randomly generated popula-
tion of n individuals (candidate solutions).

• Fitness Function: Each individual in the population is
evaluated using a fitness function.

• Selection: Select pairs of individuals for reproduction
based on their fitness (the higher the fitness, the higher
the chance of being selected).

• Crossover: Perform crossover (recombination) on pairs
of individuals to produce offspring, which inherit
features from both parents.

• Mutation: With a small probability, mutate new off-
spring at each position in their structure.

• Replacement: Form a new generation of population by
selecting individuals from the current generation and the
offspring.

• Termination: Repeat the process for several generations.
Termination criteria can be a specific number of
generations or a satisfactory fitness level.

Genetic Algorithms are particularly effective for optimization
problems where the search space is large and complex.

B. RELATED WORK
This section briefly reviews the approaches related to
mini power grids and solutions found in the literature.
Additionally, it provides a subsection related to existing
standards in nano-grid.

The electrical market is currently experiencing a sub-
stantial transformation, mostly driven by the widespread
incorporation of renewable energy sources. This has resulted
in notable progress in developing transactive energy (TE)
systems. Transactive energy, which aims to balance power
supply and demand, has received significant attention in
recent years [25]. One significant consequence of this
transition is the increasing adoption of rooftop solar systems,
which has presented certain difficulties, such as fluctuations
in power supply. The presence of variability in the system
requires the implementation of effective coordination strate-
gies for managing varying loads to ensure system stability
and reliability [26].

In response to these issues, various approaches have
been devised to implement power flow coloring systems,

including power line switching, power routing, and syn-
chronized source-load control. In their work, Okabe and
Sakai [27] introduced a matrix power line switch to establish
physical connections between power sources (PSs) and loads.
In contrast, Takuno et al. [28] and Abe et al. [29] proposed the
utilization of power routers that oversee power packets, which
resemble data packets found in message routers. Moreover,
Shwehdi [30] emphasizes a collaborative distributed control
approach for power flow allocation in the presence of
synchronized source-load control. This method is particularly
applicable to residential homes and small communities,
as it does not require substantial financial investment and
effectively handles real-time power fluctuations.

The advent of nano-grid (NG) technology signifies a
significant milestone in pursuing effective and adaptable
energy management within residential areas, commercial
structures, and communal spaces. Non-governmental organi-
zations (NGOs) function as a medium for the integration of
distributed energy resources [31]. The unique methodology
presented in this study considers several factors, such as
energy availability, cost, and carbon emissions. Additionally,
it integrates a cooperative distributed control technique that
involves assigning master-slave roles and utilizing time-slot-
based feedback to manage voltage stability and fluctuations
effectively.

The authors explore the notion of power flow coloring in
NGs, which involves assigning unique IDs to each power flow
between specified sources and loads, in [4]. Moreover, the
study by Javaid et al. [4] highlights the necessity for novel
approaches in electricity operation and management, given
the growing environmental apprehensions and the transition
from nonrenewable energy sources. The authors provide
the power flow coloring system as a prospective solution,
specifically highlighting its efficacy in natural gas (NG)
situations. In contrast to conventional power supply systems,
this system effectively handles real-time power management
and actively maintains equilibrium between varying sources
and loads. The implementation demonstrates the capacity
to generate a wide range of power flow patterns, which is
a vital characteristic of contemporary energy management
systems. The practicality and effectiveness of the system in
controlling distributed, fluctuating power sources and loads
have been confirmed by experimental results [4]. These
results highlight the system’s transformational potential in the
energy management field.

The paper by [32] presents a new self-healing system
reconfiguration method designed to reduce disruptions in
power networks. The paper makes a significant contribution
by suggesting an area partitioning algorithm that reduces
both actual and reactive power imbalance, enhancing voltage
profiles and operational efficiency of power grids in emer-
gencies.

The [33] investigates the application of photovoltaic
(PV) inverters and electric vehicle (EV) chargers for load
balancing in uneven distribution networks. Their modeling
findings show a significant decrease in system losses and
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voltage imbalance, representing a crucial advancement in
integrating more dispersed generation and electric vehicles
within current network constraints.

The work of [34] on multiobjective optimization for hybrid
power systems emphasizes the significance of choosing
the best configurations and capabilities for components.
Their dual-stage optimization approach shows excellent
performance in balancing cost and environmental impact,
highlighting the possibility for more flexible and effective
hybrid power system designs.

The [35] presents an optimization model for distributed
energy storage units in active distribution networks. Their
strategy, which focuses on balancing technical and com-
mercial goals, leads to enhanced voltage profiles, less
network losses, and financial benefits, highlighting the
crucial importance of energy storage in bolstering grid
operations.

Authors in [36] examine the implementation of solar power
microsystems in rural regions of Myanmar. Their research
underscores the need for sustainable electrical solutions
for rural electrification, focusing on the socio-economic
advantages and offering significant insights for future studies
in comparable settings.

As described earlier, the following table, Table 1 compares
the Distributed AI (DAI) framework approach with the previ-
ously discussed power flow coloring system and cooperative
distributed control methods.

Continuing with another comparison table, Table 2
compares various power management approaches, focusing
on their areas of application, main contributions, and
unique features. Each approach addresses specific chal-
lenges in the energy sector, ranging from power network
reconfiguration and load balancing to the integration of
renewable energy sources and energy storage solutions. Our
approach, utilizing a Distributed AI (DAI) framework with
advanced AI techniques for power control, stands out by
offering a distributed, autonomous, and time-sensitive control
mechanism for fluctuating energy scenarios. It suitably
leverages any approach (s), such as Linear Programming,
Ant Colony Optimization, Genetic Algorithms, and Particle
Swarm Optimization, to ensure efficient and real-time power
management. This strategy addresses the variability and
unpredictability associated with renewable energy sources
and consumption patterns and enhances energy conservation
through innovative power flow coloring techniques. Our
approach’s holistic and adaptive nature makes it ideally suited
for modern energy challenges, providing a robust solution
that optimizes operational efficiency and sustainability.

1) STANDARDS CONSIDERED IN NANO-GRID AND OUR
SOLUTION
In our approach, we have considered the following standards.
Starting with the IEC TS 62257 series provides compre-
hensive recommendations for renewable energy and hybrid
systems in rural electrification contexts. Specifically, the

series addresses systems with capacities under 100 kW.
A significant portion of the standards, including those related
to batteries, are acknowledged as outdated and are cur-
rently undergoing updates. Within this series, IEC 62257-9-2
focuses on ‘‘nano-grids’’, ‘‘micro-grids’’ and ‘‘mini-grids’’
offering a set of standards for low voltage overhead
distribution systems designed to support loads under 100 kW.
This part is crucial for designing and operating nano-grids,
micro-grids & mini-grids in rural settings, ensuring they
meet safety and efficiency benchmarks. Another notable
part, IEC 62257-3 titled ‘‘Project development and manage-
ment,’’ discusses the contractual frameworks, system testing
protocols, quality assurance measures, and environmental
considerations crucial for project planning and execution
phases. This ensures that renewable energy projects are
technically sound, sustainable, and ethically managed. To be
more specific, in our proposed approach, we will consider
the standards and any updates regarding directions and
constraints in our Plans under each Desire because the plans
are the execution algorithms of BDIx agents. Thus, we force
our implementation to always check and follow the standards
on the conversion of a Desire to Intention and the execution
of a related Plan.

III. PROBLEM DESCRIPTION, FORMULATION AND
SYSTEM DESCRIPTION
In this research, our primary goal is to demonstrate the
utility of the DAI framework by tackling: (i) the distributed
energy resources (DERs) being integrated into the power grid,
which results in the risk of uncontrollable power fluctuations;
(ii) the power consumption, which also fluctuates and can
sometimes vary a lot due to the unpredictable nature of the
consumers, power limitations, changes in operation mode,
OFF/ON status, etc.; and iii) the increased risk of stability
and quality of power of the existing power grid due to the
unpredictable behavior of the generation and consumption
side, as described above.

A. ASSUMPTIONS AND FACTS OF CONDITIONS
Our investigation considers the following assumptions and
facts of conditions.:

1) Green Energy Sources (Fact of Condition): Wind
turbines and solar generating systems play a significant
role in power systems, valued for their low environmen-
tal impact.

2) Power Fluctuations (Fact of Condition): The power
generated by green energy sources is highly variable,
leading to unpredictable power fluctuations. Similarly,
advanced smart functions in power-consuming devices
on the consumer side contribute to power fluctuations.

3) Impact on Power Grid (Fact of Condition): Fluctua-
tions on both the supply and consumption sides can
adversely affect the quality and stability of the power
grid, making power imbalance a significant problem.

4) Real-time Balance Control Complexity (Fact of Condi-
tion): Fluctuating generators increase the complexity of
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TABLE 1. Comparison of power management approaches.

TABLE 2. Comprehensive comparison of power management approaches.

real-time balance control, necessitating new manage-
ment and control approaches.

5) Use of AI in Power Systems (Assumption): AI
techniques are proposed to provide smart adaptive
power monitoring, fault detection, stability handling,
load forecasting, etc.

6) Distributed AI Framework (Assumption): The paper
promotes the use of a Distributed AI (DAI) framework
embedded with power control techniques and the
power flow color technique to ensure safe power
system operation against fluctuations.

7) Nano-grid Case Study (Assumption): A Nano-grid
setup is used to illustrate the DAI framework, focusing
on optimizing the usage of power sources (both
constant and fluctuating) and, in extreme cases such as
excessive generation when demand is less or shortage
of generation when demand is high, battery sources are
integrated into the power system.

8) Optimization Techniques (Assumption): Linear pro-
gramming (LP), Ant Colony Optimization (ACO),
Genetic Algorithms (GA), and Particle Swarm Opti-
mization (PSO) are investigated, with a comparison
of their efficacy in managing power in a nano-grid
environment.

These assumptions form the basis of our study, focusing on
the challenges and solutions related to power fluctuations in
green energy systems and the role of AI in addressing these
challenges.

B. PROBLEM DESCRIPTION
Green energy generated from Distributed Energy Resources
(DERs) is highly variable, posing an unpredictable danger
of power fluctuations. Thus, renewable energy sources are
commonly connected to the medium-and-low-voltage grid
in lower unit sizes. With the rapid expansion of renewable
energy sources, increasing power system fluctuations are
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a matter of concern. The development of smart consumer
devices with communication and control units has resulted
in an escalating need for on-demand electricity (constant or
fluctuating) from power sources and a battery. In addition,
the adoption of heat pumps and electric vehicles contributes
to the increase in energy demand. The combination of
renewable energy generation connected to the grid and
the ever-increasing demand for electricity have escalated
the dangers to the stability and quality of the power
grid. Due to the unpredictability of power generation and
consumption, the power imbalance is a formidable problem.
In a fluctuating environment where power supply and demand
fluctuate dynamically and unpredictably, real-time power
flow control is necessary to maintain the equilibrium between
generated power and demand. The repercussions of the
power fluctuations phenomena generated by power demands
are identical. Consequently, the power system requires new
strategies for the management and operation of electricity in
order to preserve an equilibrium between changing patterns
of power supply and demand.

C. PROBLEM FORMULATION
This section of the work focuses on developing a mathe-
matical model for optimizing an illustrative scenario related
to power distribution. The section establishes the objective
function as a minimization problem, aiming to minimize
the product of a cost coefficient matrix, denoted as F,
and a decision variable vector, x. This sets the stage for
finding the most cost-effective strategy under the given
conditions. Moreover, this section provides an improved
objective function designed to reduce overall operational
expenses by explicitly accounting for the costs associated
with fluctuating and constant power generation, distribution,
and storage.

The formulation then introduces several constraints to
define the problem more precisely. Firstly, equality con-
straints are specified for fluctuating power sources and loads.
For each power source, indexed by i, the model equates the
sum of the product of the fluctuating power profile (PFP)
and decision variables to a specific balance value, known
as Beq, under the condition that the power source is non-
controlling. A similar approach is taken for power loads
indexed by j, where the same kind of equality constraint is
established.

In addition to these, the model includes inequality
constraints for controlling power sources. These constraints
stipulate that the sum of the product of the PFP and decision
variables must not exceed a certain boundary value (B). The
model also accounts for negative summations for controlling
power sources, and equivalent constraints are defined for
controlling power loads.

Finally, the section defines variable bounds for the decision
variables x, ensuring they stay within realistic and feasible
limits. These bounds are represented by the vectors xmin and
xmax, defining the lower and upper bounds, respectively.

1) OBJECTIVE FUNCTION
The objective function in the ‘‘Problem Formulation’’
section is a pivotal component in mathematical modeling,
particularly relevant to scenarios like power distribution or
resource allocation. Expressed mathematically, the function’s
goal is to minimize the product of a cost coefficient matrix,
F, and a decision variable vector, x. This minimization
underscores the objective of finding the smallest possible
value for this product within the problem’s constraints.

The cost coefficient matrix, F, contains numerical values
representing various costs or quantifiable factors pertinent to
the problem. Each element in F correlates to the cost of each
unit decision in the decision variable vector x. The specific
contents and values of F are determined by the particular
context of the problem, such as costs related to resource use,
operational expenses, or energy consumption.

The decision variable vector x represents the sum of power
loads and sources, encompassing fluctuating and constant
types. These variables symbolize the key decision points in
the model, particularly in the context of power distribution,
where they might represent the quantities of power to be
distributed or managed in various ways. Therefore, the vector
x encapsulates all the decision variables relating to power
loads and sources, making it a comprehensive representation
of the decision-making scope in the model.

The product of F and x results in a scalar value, which
signifies the total cost associated with a particular set of
decisions related to power management. This computation
aggregates the individual impacts of all decision variables
on the overall cost, reflecting the cumulative effect of these
decisions on the system.

In the optimization framework, the objective function is
the primary metric to be optimized. Here, the function aims
to minimize the total costs associated with power loads and
sources, guiding the optimization algorithm to find the most
cost-effective combination of decisions while adhering to the
defined constraints.

In essence, the objective function forms the core of the
optimization model, driving the search for the most efficient
solution. It does so by quantitatively assessing the total
costs arising from the management and distribution decisions
regarding power loads and sources, both fluctuating and
constant. Understanding the intricate relationship between
the cost coefficients, the decision variables representing
power parameters, and their overall impact on costs is crucial
for solving the optimization problem effectively.

minimize Fx

where F is the cost coefficient matrix and x is the decision
variable vector.

2) CONSTRAINTS
a: EQUALITY CONSTRAINTS
In the discussed optimization problem, the role of equality
constraints is crucial in defining the precise conditions under
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which the solution must be formulated. These constraints
ensure that the decisions made about the power system adhere
to specific requirements, maintaining a balance between
various components of the system.

For fluctuating power sources, each indexed by i, the
equality constraints are established to balance the total
power output. This is achieved by equating the sum of
products of a fluctuating power profile (PFP) and decision
variables to a predetermined balance value, known as Beq,
under the condition that the power source is non-controlling.
Essentially, this means that the total power contributed by
fluctuating sources should align with a specified target,
ensuring that their variability does not disrupt the overall
system balance.

Similarly, for fluctuating power loads, indexed by j,
a comparable balance is sought. Here, the constraints ensure
that the total power absorbed or required by these loads
matches a specific balance value, again under the condition
that these loads are non-controlling. This alignment is vital
to ensure that the power demands of fluctuating loads are
adequately met without overloading the system.

The equality constraints for both power sources and loads
are integral to maintaining system stability. They ensure
that despite the inherent fluctuations in power generation
and consumption, the overall system remains within its
operational parameters. These constraints reflect the delicate
balance required in power systems, where both the supply
and demand sides must be carefully managed to prevent
instability and inefficiency.

In summary, the equality constraints in this optimization
problem play a critical role in aligning the fluctuating nature
of power sources and loads with the steady operational
requirements of the power system. They provide a mathemat-
ical structure to ensure that the variability inherent in power
generation and consumption is harmoniously integrated into
the system, thus maintaining a stable and efficient power
distribution network.

For each i, where i represents the index of the fluctuating
power sources:

n∑
j=1

PFP(i, j)x(i−1)·pl_count+j = Beq(i),if PS(i) = 0

For each j, where j represents the index of the fluctuating
power loads:

m∑
i=1

PFP(i, j)x(i−1)·pl_count+j = Beq(i),if PL(j) = 0

b: INEQUALITY CONSTRAINTS
This section the focus is on establishing conditions that
the decision variables must satisfy, particularly concerning
control power sources and loads. These constraints are crucial
in defining the feasible solution space for the optimization
problem.

The inequality constraints are formulated for both power
sources and power loads. For each control power source,

indexed by i, the sum of the product of a power profile matrix,
denoted as PFP, and decision variables is required to be less
than or equal to a boundary value represented by B, but only
if the power source is of a controlling type. This constraint
ensures that the amount of power sourced or allocated does
not exceed a predetermined maximum limit, likely reflecting
capacity or regulatory restrictions.

Similarly, for each controlling power load, indexed by j,
there is an equivalent constraint ensuring that the sum of
the product of PFP and decision variables does not exceed
its respective boundary value. This establishes a limit on
the power load to prevent overloading or inefficiency in the
system.

Additionally, for control power sources, a corresponding
negative summation constraint is also formulated. This
negative constraint acts as a lower bound, ensuring that the
power sourced or allocated does not fall below a certain level,
which could be essential for maintaining system stability or
meeting baseline operational requirements.

In essence, these inequality constraints serve to maintain
the balance in power distribution systems, ensuring that both
the power sources and loads operate within safe and efficient
limits. They are pivotal in guiding the optimization process,
making certain that the solutions found not only minimize the
objective function but also adhere to practical and operational
limitations inherent in power distribution systems. These
constraints, therefore, are key to finding viable, real-world
solutions to the problem at hand. For each i, where i represents
the index of the control power sources:

n∑
j=1

PFP(i, j)x(i−1)·pl_count+j ≤ B(i),if PS(i) = 1

For each i, where i represents the index of the control power
sources:

−

n∑
j=1

PFP(i, j)x(i−1)·pl_count+j ≤ −B(i),if PS(i) = 1

For each j, where j represents the index of the control power
loads:

m∑
i=1

PFP(i, j)x(i−1)·pl_count+j ≤ B(i),if PL(j) = 1

c: VARIABLE BOUNDS

xmin ≤ x ≤ xmax

where xmin is the vector of lower bounds for x, and xmax is
the vector of upper bounds for x.

3) ENHANCED OBJECTIVE FUNCTION
Thus, by analyzing the above equation, the objective function
is pivotal in mathematical modeling for power distribu-
tion systems, particularly when optimizing the interplay
among fluctuating power loads, constant power loads, power
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sources, and battery storage. This optimization is crucial
for achieving cost efficiency, reliability, and sustainability in
power distribution. The enhanced objective function aims to
minimize the total operational costs by explicitly considering
the costs associated with fluctuating and constant power
generation, distribution, and storage. The mathematical
formulation, integrating a Fluctuating Power Profile (PFP)
for fluctuating power loads (Lf ), constant power loads (Lc),
fluctuating power sources (Sf ), constant power sources (Sc),
and batteries (B), is given by:

min
(
Ff · xf + Fc · xc + CSf · Sf

+ CSc · Sc + CLf · Lf + CLc · Lc

+ CB · B
)

(9)

where:
• Ff and Fc represent the cost coefficient matrices for
distribution paths associated with fluctuating and con-
stant sources, respectively, incorporating the dynamics
captured by the PFP.

• xf and xc denote the decision variable vectors for
distributing power from fluctuating and constant sources
through the network, respectively.

• CSf andCSc are the cost vectors associated with utilizing
fluctuating and constant power sources, respectively.

• Sf and Sc symbolize the vectors of power sourced from
fluctuating and constant generation units, respectively.

• CLf and CLc refer to the cost vectors associated with
meeting fluctuating and constant power loads at different
points in the network, respectively.

• Lf and Lc represent the vectors of fluctuating and
constant power loads that need to be satisfied across the
network, respectively.

• CB is the cost vector related to charging and discharging
batteries for energy storage.

• B denotes the vector of power stored in or supplied by
batteries within the system.

This formulation aims not only to minimize the cost of
power distribution but also to integrate the use of fluctuating
and constant power sources alongside batteries optimally.
It distinguishes between the fluctuating dynamics captured
by the PFP and the steadiness of constant sources and
loads. The goal is to determine the most cost-effective
distribution of resources (xf and xc), sourcing (Sf and Sc), and
storage strategies (B) that meet both fluctuating and constant
demand (Lf and Lc) within the system’s constraints. The
inclusion of batteries (B) and their costs (CB) underscores the
growing role of energy storage in enhancing grid resilience,
allowing for more flexible and efficient use of renewable
energy sources alongside constant power sources. This
comprehensive approach facilitates a holistic optimization
of the power distribution system, ensuring that operational
costs are minimized while meeting the demand reliably and
sustainably.

D. SYSTEM DESCRIPTION
In our approach, we consider a BDIx agent to exist on each
device in a separate hardware system and control the power
flow from/to the device it is installed. In this approach, the
distributed agent adapts its desires according to the installed
device. Note that power sources (such as the power grid and
solar power) at the house have installed a BDIx agent at the
house entry point to control the house flow. The Power Flow
is defined as power flowing from a specific type of Power
Source (PS) to a specific type of Power Load (PL)/consumer,
associated with some power level in terms of Watts. Note
that Battery Storage is used in emergencies and when needed.
Additionally, this research aims to create a BDIx agent with
generic characteristics (Beliefs, Desires) to adapt to any
device.

In our system, the following types of devices exist in the
house in terms of power flow (according to [4]):

Devices Types:
• PS: Power Source that supports sharing power for
devices that can use fluctuating and non-fluctuating/
constant consumer devices.

• CPS: Constant Power Source that supports sharing
power for devices that can use non-fluctuating/constant
consumer devices.

• FPS: Fluctuating Power Source that supports sharing
power for devices that can use fluctuating consumer
devices.

• CPL: Constant Power Load that non-fluctuating/
constant consumer devices access PS/CPS sharing
power.

• FPL: Fluctuating Power Load that fluctuating consumer
devices access PS/FPS sharing power.

• CM: Central Manager is the agent that collects all
information and performs the calculation of the value of
the optimized weights for the Power Source Weighted
array. Also, it informs each power Source with the array
and its servicing Power Loads devices.

Figure 2 illustrates a sophisticated energy management
configuration within the context of a smart grid framework.
The system consists of a collection of Constant Power
Sources/Fluctuating Power Loads (CPS/FPS) and Constant
Power Loads/Fluctuating Power Loads (CPL/FPL), which are
coupled to enhance the efficiency of power utilization inside a
nano-grid arrangement. The architectural design incorporates
a distinct Fluctuating Source (FS or PF f or FPS), such as
the Power Battery Source, which plays a crucial role as an
energy storage element to mitigate the fluctuations in power
generation.

According to Figure 2, Table 3 is created to show
the allocation of power sources to loads, constants, and
fluctuations. Note that the refrigerator in our installation
consumes a significant amount of power, leading to its
consumption of wind turbine power. Wind power may not be
significant in circumstances where power is low due to its
greater power scale, and instead, it can be utilized to charge
the battery.
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TABLE 3. Power allocations for fluctuating and constant loads and
sources.

The Central Manager serves as the core component
of this system, with advanced computational capabilities
and is responsible for the crucial role of determining and
coordinating the most efficient allocation of power across
the grid. The central manager utilizes distributed artificial
intelligence (DAI) methodologies to monitor, forecast, and
regulate the transmission of electricity from diverse power
sources to the loads effectively and in a dynamic manner.

Renewable power generated by wind turbines and solar
panels is allocated for both immediate use and storage. The
battery source, referred to as the FS, serves a dual function:
it functions as an energy storage system during periods of
low demand or high production, and it releases stored energy
during periods of high demand or low production, so assuring
a consistent and reliable electricity supply.

The CPS/FPS framework encompasses several household
appliances and consumer electronics equipped with BDIx
agents. These agents provide the collection of real-time
data pertaining to the power usage of these devices. The
agents establish communication with the Central Manager
to make energy requests based on their requirements, hence
facilitating the system’s ability to adjust to varying demands
promptly.

The power flow lines, which are color-coded to depict
various sources and destinations, visually demonstrate the
system’s dynamic characteristics. As an illustration, the trans-
mission of energy from the wind turbine to the refrigerator
and from the solar panels to the air conditioner is a tangible
manifestation of the immediate utilization of sustainable
energy sources. Conversely, alternative connections imply the
inclusion of a battery storage system in the energy flow.

The system’s design demonstrates a prioritization of
resilience and adaptability, taking into consideration the
unexpected characteristics of renewable power generation
and the power consumption patterns of end-users. The utiliza-
tion of a distributed artificial intelligence (AI) methodology
in the architecture enables independent decision-making
capabilities at the periphery, resulting in decreased response
time and enhanced power management efficiency.

In summary, the proposed system architecture incorporates
renewable energy sources, advanced battery storage technol-
ogy, and state-of-the-art artificial intelligence approaches to
establish a dynamic and effective energy management system
that can effectively respond to the changing requirements of
contemporary power grids.

IV. METHODOLOGY OF THE REALIZATION OF
BDIX-BASED DAI FRAMEWORK AGENTS FOR POWER
CONTROL
Our examination focuses on the categorization of power
sources and power loads based on types, characteristics,
and functionalities (i.e., Controllable Power Sources/Loads,
Fluctuating Power Sources/Loads).More specifically, a BDIx
agent resides in each power device, representing generator,
load, and power storage, supplementing these with sensing,
communicating, and control functionalities. Adopting a BDIx
agent-based DAI framework in each edge device can provide
autonomous, dynamic, and flexible decision-making, for
example, to be a power load agent and deciding on the power
source it will receive its power from or if it is an agent
that is set to be a power source agent, deciding whether to
accept extra power load, agents to share its power or not
or even be a Manager and manage the power allocation in
the initialization phase. Note that deciding to be a power
load agent and deciding on the power source will receive its
power or, if it is an agent that is set to be a power source
agent, deciding whether to accept extra power load agents to
share its power or not. An agent adjusts its intentions from
desires according to the device that is installed. For example,
suppose the agent is installed on a power source. In that
case, its beliefs should reflect and represent the ‘‘power’’
environment, and its desires should target the achievement
of sharing its power load. In the case that the source is
fluctuating, then it will accept to share its load only from
consumer/destination/load devices that support fluctuating
energy consumption. Note that if an excess power load
exists, then the device can decide to share it with storage
batteries, or if a power consumer/destination/load can not
find a power source to achieve its needs, it will go to the
storage batteries. In this investigation, we also show that the
BDIx agent can handle a list of objects in an Object Oriented
manner.

The architecture’s model (Fig. 3) consists of the following
components, which are identified by their colour, dimension
and shape: i) The model’s cylinders represent lists including
Beliefs, Desires, and Intentions; ii) The 3-dimensional blue
rectangle represents the Plan library, including the Fuzzifier,
Rules & Inference, and DeFuzzifier; iii) The ‘‘shade of
gray’’ blue (cornflower blue) 3-dimension rectangle is the
communication module that handles the communication with
the environment; iv) The ‘‘shade of gray’’ blue (light blue)
3-dimension rectangles are the filtering process handled by
the BDIx interpreter, that filter the inputs from sensors,
Events and communication among the BDIx agents that
are represented with arrows v) The grey three-dimensional
rectangle is a component in which Goals (Intentions with
priority value 100%) are saved; vi) The warm white colour
3-dimension rectangle is a component where the Intention
Plans are executed. Considering Fig. 3, next, we illustrate how
the BDIx agent will react to sensor readings and events from
the environment or from other agent requests via the message
exchange.
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FIGURE 2. The system architecture as proposed with the DAI framewrok.

FIGURE 3. Agent-based distributed AI framework for power generators, loads, storage devices [16].

The Belief-Desire-Intention (BDI) architecture, offers
a framework for developing intelligent agents based on

the psychological theory of human practical reasoning.
The extended BDIx architecture incorporates additional
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functionalities to enhance decision-making processes. This
paper dives into the specific components of the BDIx
architecture, outlined in Figure 3.

• Beliefs, Desires, and Intentions (Cylinders): The core
components of the BDIx architecture include Beliefs,
Desires, and Intentions, represented as cylinders. These
components are detailed as follows:
– Beliefs: Represent the agent’s information about

the world, including itself and other agents. Beliefs
form the knowledge base on which the agent relies
to make decisions.

– Desires: These are the objectives or goals the agent
aims to achieve. Desires guide the selection of
intentions based on the agent’s priorities and the
feasibility of achieving these goals.

– Intentions: Commitments to specific actions or
plans that the agent decides to execute. Intentions
are selected from among the desires the agent
believes it can achieve.

• Filtering Process (Cornflower Blue Rectangles):
Handled by the BDIx interpreter, this component filters
incoming data from various sources to update the agent’s
beliefs. It is pivotal in the dynamic adaptation of the
agent’s strategy to changing conditions.

• Plan Library (Blue Rectangle): This repository con-
tains all the potential plans the agent can execute,
featuring:
– Fuzzifier: Translates crisp inputs into degrees of

truth for various rules.
– Rules & Inference: Determines applicable plans

based on current beliefs and desires, using fuzzy
logic for nuanced decision-making.

– DeFuzzifier: Converts fuzzy outputs back into
crisp actions, forming the basis of intention plans.

• Intention Plans Execution (Grey Rectangle): The
execution component where the agent carries out
selected plans. This stage realizes the agent’s inten-
tions through concrete actions, directly influencing the
agent’s interaction with its environment.

In the event that a sensor reading or environmental event is
received, they are filtered to allow just the significant values
to pass. Then the associated values in the Believes list are
updated, so the Beliefs are altered. Finally, based on the
revised Beliefs, events can be generated (from the Beliefs or
the environment) and sent to the Option Generator module
to generate the option variables that will be sent to the Plan
Library. Using Fuzzy Logic, the Planning Library will alter
the priority value of a selected Want based on the choice
variables and values obtained. Suppose Desire, after that,
receives a 100% priority value. If the 100% want survives
the screening, it becomes an Intention. The selected Intention
will then become a goal and execute a linked strategy.
The Planning Library is circumvented, and the Desire is
instantiated as an Intention with a 100% priority (as shown
in the emergency handler and proposal handler).

A. POWER BDIX AGENT CONSTRUCTION
A BDIx agent aims to manage their knowledge, abilities,
capabilities, and intents/plans in order to perform actions to
solve a problem by collaboration or as individual entities.
Therefore, the Beliefs, Desires, and Intentions have to be
carefully crafted to ensure the desired outcome. Below,
we focus on the Nano-grid. (NG) problem and accordingly
construct the BDIx agents, as follows.

B. BELIEFS
In this section, the initial step involves presenting the
fundamental assumptions that are necessary for an agent to
comprehend its environment. These beliefs are present in
every BDIx agent, regardless of its nature. Next, we proceed
to delineate the beliefs pertaining to several categories of
agents.

1) BELIEFS RELATED TO THE AGENT TYPE
In this section, we outline the variables and lists that an agent
has in order for the agent to adapt its characteristics according
to the device type, and hence assign its type.

• Type Of Device (FPL/CPL/PS/CPS/FPS)
or (PL f /PLc/PS/PSc/PSc as shown in the background
at Section II-A)

• List of Servicing FPLs by the agent (if FPS)
• List of Servicing CPLs by the agent (if CPS)
• List of Servicing CPLs and FPLs by the agent (if PS)
• Total Power Level Serving (IF PS/CPS/FPS)
• Power Level provided (IF PS/CPS/FPS)
• Power Level needed (IF CPL/FPL)
• Power Level needed Range (IF FPL)
• Power Device description (IF FPL/CPL)
• Servicing Power Source (IF FPL/CPL)
• Active or Inactive (IF FPL/CPL)
• Criticality Status (IF FPL/CPL)
• Any ML model that can be used for decision by an
Intention or the Plan Library

2) BELIEFS RELATED TO THE POWER SOURCE (PS)
In this section, we provide the beliefs that an agent has
in order to have a full understanding of the surrounding
Power Sources. These beliefs exist in any agent of any type
(PS/PL/CM)

• System UUID, the unique id of the agent in the system
• Battery Storage Agent IP, with Type PS
• Min Power Acceptable to Battery
• Max Power Acceptable to Battery
• The current power level of the Battery
• Power received from Electricity Authority Agent IP,
with Type CPS

• Min Power Acceptable to EA
• Max Power Acceptable to EA
• Current power level received from EA
• Power received from photovoltaic systems Agent IP,
with Type FPS
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• Min Power Acceptable to PVS
• Max Power Acceptable to PVS
• Current power received from PVs
• Power received from Wind Turbine Agent IP, with Type
FPS

• Min Power Acceptable to WT
• Max Power Acceptable to WT
• Current power received from WT
• The Matrix with the Weighted Power Level Normalized
values.

3) BELIEFS RELATED TO THE POWER LOAD CONSUMERS
(CPL/FPL) THAT SHOULD EXISTS IN EVERY BDIX AGENT OF
ANY TYPE
In this section, we show the variables and lists that an agent
can have in order to know about the Power Load Consumers
in the house. The following beliefs are maintained by all
agents (PS/PL).

• List of the Power Load Consumers in the House with the
following characteristics (fields) for each element in the
list:
– Power Device description
– Power Level needed (IF CPL/FPL)
– Power Level needed Range (IF FPL)
– Type of Device (FPL/CPL)
– Active or Inactive
– Servicing Power Source

C. DESIRES
In this section, we indicate the desires that will be realized
according to each type of BDIx agent after the agent has
selected its type based on the device in which it resides
(FPL/CPL/PS/CPS/FPS). The below Desires are separated
according to the selected type of agent, that is as to whether
they are common for the Power Sources, the Power Loads,
or both.

1) COMMON DESIRES
• Discover the surrounding Devices in theMicro Grid. For
example, the desire can be realized with an algorithm
that uses a broadcast message at a broadcast address.
Then, all BDIx agents can reply with an information
message about their information.

• A new Power Source is introduced in the grid. For
example, using a message at the broadcast address with
its information such as type, activity (i.e., active or not),
range of power level that can be shared (if FPS), and
power level shared (If CPS).

• A new Power Load is introduced in the grid. For
example, using a message at the broadcast address with
its information such as type, activity (i.e., active or not),
range of power level that can be consumed (if FPL), and
power level needed (If CPL).

2) DESIRES FOR THE POWER SOURCES
• The new Power Load that is introduced in the grid should
be served by the corresponding Power Source identified

with the run of an optimizer, as, for example, the Linear
ProgrammingOptimization Function (which resides and
runs in each BDIx agent); see section II-A4a.

• The new Power Source that is introduced in the grid
should be taken into consideration with the rest of the
Power Sources. Thus, after the identification of a new
Power Source, the servicing Power Loads to the Power
Source can be identified with the run of an optimizer,
for example, the Linear Programming Optimization
Function (which resides and runs in each BDIx agent);
see section II-A4a.

• Keep the power level range of the Device according to
the predefined beliefs.

• Fluctuating Power Sources serve only Fluctuating Power
Loads, and Constant Power Sources serve only Constant
Power Loads. Only Battery Power Source can serve the
Constant Power Loads and Fluctuating Power Loads
requests.

3) DESIRES FOR THE POWER LOADS
• Ensure that the total power consumed in the household
remains within a predefined threshold, denoted as X,
to maintain energy efficiency and prevent overloading
of the system.

• Maintain the total power consumed by specific power
levels (such as Constant Power Loads (CPL) and
Fluctuating Power Loads (FPL)) within a designated
limit, marked as Y, to ensure balanced distribution and
efficient usage of energy resources.

• Keep the queue of critical power devices that use a
specific power level (either CPL or FPL) empty or
minimal. This aims to reduce the waiting time for
power supply to essential devices and ensure their
uninterrupted operation.

• Prioritize energy supply to devices based on their
urgency and importance, ensuring that vital systems
receive power preferentially in case of limited energy
availability.

• Adaptively switch between different power sources
(where possible) based on the availability and efficiency
of these sources, to optimize overall power consumption
and cost.

• Continuously monitor and adjust power consumption
patterns based on real-time data and predictive analytics
to anticipate future power needs and optimize energy
usage accordingly.

• Collaborate with other power loads and sources to form
an efficient, responsive, and sustainable energy network,
leveraging the capabilities of the BDIx agent-based
framework for intelligent decision-making.

D. INTENTIONS
Intentions, which are executed with 100% priority, play a
crucial role in managing the dynamics of power supply and
consumption within the grid. These intentions are as follows:

• Every Power Source (PS) is designed to supply power
to one or more Power Loads (PLs). This intention
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ensures that the distribution of power is flexible and
can accommodate varying demands from different loads
within the grid.

• Each PS operates within a defined minimum and maxi-
mum power generation limit. This limitation delineates
the operational capacity of the PS, ensuring that it
functions within its designed parameters and maintains
efficiency and safety standards.

• The power generation limitation of PS is a key factor
in determining its range of operation. This range may
include various modes of operation, like peak, normal,
or low power modes, and is crucial for optimizing
the power generation based on demand and supply
conditions.

• Similarly, each PL is capable of drawing power from
one or more PSs. This intention underscores the
interconnected nature of the grid, where loads can source
energy from multiple points, enhancing reliability and
redundancy.

• PLs also come with a minimum and maximum power
consumption limitation. This is a critical aspect of man-
aging the energy consumption of the grid, ensuring that
each load operates within its capacity and contributes to
the overall energy efficiency.

• The power consumption limitation of PLs indicates their
operational range. This range could include various
consumption modes, such as high, medium, or low
consumption modes, and also factors in the ON/OFF
status of the devices. It is a key factor in understanding
and managing the energy demand within the grid.

• Furthermore, there is an intention to dynamically adjust
the power supply from PSs based on the real-time
demands of PLs. This adaptive approach aims to balance
supply and demand efficiently, reducing wastage and
optimizing resource use.

• Additionally, there is an intention for continuous mon-
itoring and predictive analysis of power consumption
patterns. This proactive strategy anticipates future
demands and adjusts the power supply accordingly,
enhancing the grid’s responsiveness and efficiency.

• Calculate the best achievable power allocation using
an ML Model (e.g., LP, ACO, GA, or PSO). The best
weights in order to allocate the correct power from
power sources to power loads (constant and fluctuating).

These intentions collectively form the framework for
an intelligent, responsive, and efficient power management
system within the grid, leveraging the capabilities of
advanced technologies to optimize power distribution and
consumption.

E. INVESTIGATED ASSOCIATED APPROACHES TO THE
OPTIMIZATION OBJECTIVE RUN WITHIN A PLAN UNDER
AN INTENTION
In the BDIx agent, a plan to run must be related to an
intention, and this intention should be in the goals queue.
As shown in Section IV-D, the Intention is to ‘‘Calculate

TABLE 4. Parameter values for ACO, GA, and PSO algorithms.

the best achievable power allocation using an ML Model
(e.g., LP, ACO, GA, or PSO) the best weights in order to
allocate the correct power from power sources to power loads
(constant and fluctuating).’’ is always running and achieves
the optimization objective shown in Section III-C1. In our
implementation, we run each ML approach (e.g., LP, ACO,
GA, or PSO) in order to be evaluated in different scenarios
with different numbers of constant and fluctuating devices
(as shown in Section V). Therefore, in the end, the best ML
model approach plan should always run and identify the best
achievable power allocation. Moreover, the parameters of the
investigated applications are shown in Table 4.

F. THE HIERARCHY OF AGENTS
The image shows a structured diagram that outlines the
management and flow of power within a system. An electric
power line is indicated as bypassing the power supply (PS)
and is directly connected to the power load (PL). The setup
suggests a direct supply of power from the source to the
load without intermediate control or storage, marked by a
downward green arrow.

The diagram is divided into threemain sections. On the left,
there are constant power sources and loads. A constant power
source BDlx Agent from the energy grid supplies power to
two loads: one is a constant power load BDlx Agent from a
cafe-maker, and the other is from a lamp.

The middle section features a system manager, denoted
as SM, which can oversee the entire system. It is positioned
centrally, indicating its control over both power sources and
loads.

On the right side of the system manager, there are
fluctuating power sources and loads. A fluctuating power
source BDlx Agent from solar panels and another from wind
turbines indicate renewable energy sources that typically have
variable output. Correspondingly, there are fluctuating power
loads from a television and a refrigerator, suggesting that
these loads may vary their power consumption over time.

At the far right is a battery power source, BDlx Agent,
which could be used for energy storage. It supplies power to a
fluctuating power load BDlx Agent from an air-conditioning
unit.
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The diagram also indicates bilateral communication
between the system manager, the power sources, and the
power loads. This is shown by the blue and green bidirectional
arrows, suggesting an interactive communication where
information is exchanged in both directions, allowing for
management and control signals to flow between the system
manager and both the constant and fluctuating power
components.

Overall, the diagram in Figure 4 describes a complex
power management system involving various types of power
sources and loads. A central system manager facilitates
communication and control to balance and distribute energy
efficiently.

G. THE BASIC SYSTEM PROTOCOL
Figure 5 is a sequence diagram outlining a protocol for
managing power sources and loads with a central manager.
The diagram begins with a discovery phase where the Central
Manager sends out discovery messages to various power
sources and loads, including constant and fluctuating ones
and a battery power source. Each of these components
responds, acknowledging their presence and capabilities to
the Central Manager.

Following the discovery, the Central Manager calculates
weighted powers. This process may involve prioritizing
different power sources based on various criteria such as
availability or efficiency. Once calculated, these weighted
powers are communicated to the Power Source Wrapper
(PSW), which acts as an intermediary between the power
sources and the Central Manager.

The PSW is then informed about the power distribution
plans, which include the power that will be received from the
Power Sources and the PSW itself. It also involves informing
about the power allocation to both constant and fluctuating
power loads. Part of this step includes checking the power
level needed by the loads and requesting excess power if it’s
available.

The diagram includes a conditional sequence indicating
that if a Power Source can achieve the required power level,
there might be a need for a recalculation of the weighted
power by the Central Manager. This suggests that the system
can dynamically adjust power distribution based on the
immediate needs and availability of power.

Feedback mechanisms are depicted where power loads
have the capability to check for the power level needed and
can request more power if the initial allocation turns out to be
insufficient.

This protocol is part of an energy management system that
might be used in applications like smart grids or data centers
where energy usage needs to be optimized.

In the protocol for managing power sources and loads with
a central manager, each BDIx agent within the power loads,
whether constant or fluctuating, is equipped to request power
directly from the appropriate power source after the initial
setup and discovery phase. This is possible since each agent
is aware of the topology structure of the system. The bilateral

communication lines indicated in the diagram facilitate this
interaction, allowing for a responsive and adaptable power
management system.

The central system manager oversees the entire process,
ensuring that the power distribution is optimized according
to the demands of the loads and the availability of the
sources. This dynamic and intelligent system allows for
efficient energy use, with each agent capable of actively
managing its power requirements by communicating with the
corresponding power source, thus maintaining the balance
between supply and demand within the network.

The central manager’s role includes monitoring and
coordinating these interactions, potentially making adjust-
ments to the system’s operations based on the overall
power consumption patterns, the varying outputs from the
fluctuating power sources like solar panels and wind turbines,
and the storage capacity of battery power sources. This
creates a smart grid-like system where each component is
both a consumer and an informed participant in the energy
network, contributing to overall efficiency and stability.

Algorithm 1 Power Management Protocol Algorithm
1: Initialize System Manager (SM)
2: Discover Power Sources (PS) and Power Loads (PL)
3: for each PS and PL do
4: Establish bilateral communication with SM
5: Send discovery acknowledgment to SM
6: end for
7: Calculate weighted powers based on PS availability and

PL demand
8: Inform Power Source Wrapper (PSW) of weighted

powers
9: for each PL do
10: PL requests power from appropriate PS via PSW
11: PSW routes power from PS to PL based on SM

calculation
12: if PL demand exceeds PS supply then
13: Request excess power from other PS
14: end if
15: Adjust power supply based on real-time PL demand
16: SM recalculates weighted power distribution if

necessary
17: end for
18: Monitor and balance the power system dynamically
19: Perform regular checks and optimizations

H. EMULATION/SIMULATION ENVIRONMENT
Refining an advanced emulation environment designed for
power distribution systems involves integrating Raspberry Pi
units with a ‘‘System Manager’’ main controller, equipped
to meet the demands of applications like smart energy
systems and industrial automation. The System Manager
features a high-end Intel® Xeon® Gold 6230 CPU at
2.10GHz and 256GB of RAM, ensuring robust processing
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FIGURE 4. The hierarchy of BDIx agents in the power micro grid.

FIGURE 5. The basic system protocol.

and multitasking capabilities for real-time simulations and
data analysis. Additionally, two NVIDIA RTX 4090 GPUs
support detailed simulations and visualizations while operat-
ing on Ubuntu 20.04, offering a stable platform for running
control applications and TensorFlow, the chosen machine
learning library for its numerical and scalable model handling
capabilities. Wi-Fi connectivity and HTTP protocol enable
flexible, scalable communication with Raspberry Pi units
for precise power management. This setup demonstrates the
integration of advanced computing with energy management
solutions, facilitating efficient power control and innovative
energy strategies.

V. PERFORMANCE EVALUATION
This section analyzes, assesses, and compares the effec-
tiveness of the suggested machine learning (ML) methods
utilized in the BDIx agents’ Machine Learning (ML)
component (known as Beliefs) in a distributed manner.
Moreover, for identifying the best values (in percentage)
as weights for the loads that the power sources will share
with power loads having under consideration the constant
and fluctuating type of each power source and power load.
Additionally, this section examines the Optimality of the
investigated approaches. Finally, it provides some overall
remarks regarding our examination.

A. RESULTS
The performance evaluation of the four algorithms—Ant
Colony Optimization (ACO), Genetic Algorithm (GA),

Linear Programming, and Particle Swarm Optimization
(PSO)—is presented in this section. The evaluation is based
on two main criteria: the execution time and the minimum
power required, as the number of devices varies.

1) EXECUTION TIME ANALYSIS
In this section, we will investigate the execution time of
each investigated approach by examining Figure 6, Figure 7,
Figure 8, Table 5, and Table 6.
In our investigation, we focused on a singular execution

plan related to one machine learning approach to examine the
execution time comprehensively. It is imperative to address
the concern regarding the sensitivity of execution time
measurements, especially considering the potential for the
processor to be occupied with other tasks concurrently. The
execution time for our machine learning model was metic-
ulously measured under controlled conditions to minimize
external influences. However, we acknowledge that processor
availability can vary in real-world scenarios, potentially
affecting execution times. To mitigate this, we ensured that
the execution environment was optimized for performance,
with minimal background processes, providing a realistic yet
controlled benchmark for our study. Moreover, our analysis
includes a discussion on the inherent variability of execution
times in computational experiments.We emphasize that while
our execution plan was singular, the insights gained are
robust, offering valuable implications for similar machine-
learning applications. Future work may explore the execution
time sensitivity further, incorporating multiple plans and
varied computational loads to enhance understanding of these
dynamics.

The bar chart in Figure 6 compares the performance of four
different computational algorithms regarding their execution
time. The y-axis represents the average execution time in
seconds, and the x-axis lists the algorithms: Ant Colony
Optimization (ACO), Genetic Algorithm (GA), Linear Pro-
gramming (LP), and Particle Swarm Optimization (PSO).
The bar chart shows that the linear programming algorithm
significantly underperforms the other three algorithms with
an average execution time of 904.88 seconds, which is
substantially higher than the rest. In contrast, the PSO
algorithm demonstrates the lowest average execution time at
just 20.87 seconds, suggesting a much faster performance
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FIGURE 6. Average execution time for different algorithms.

than its counterparts. The ACO and GA algorithms have
average execution times of 176.10 and 121.99 seconds,
respectively, which are moderate when juxtaposed with LP
and PSO extremes. The marked difference in execution
times can indicate the computational efficiency inherent to
each algorithm. The PSO’s notably shorter execution time
might imply a higher efficiency or a more straightforward
problem-solving approach, which is a key observation for
practitioners looking to optimize computational performance.
Conversely, the considerable execution time for LP may
reflect its complexity or the computational intensity of the
method, which might be attributed to the algorithm’s intrinsic
characteristics or the nature of the problems it is solving.

Overall, the bar chart provides a clear visual representation
of the comparative efficiencies of these algorithms, which
could be a critical factor in selecting an appropriate method
for problem-solving in computational tasks that are sensitive
to execution time. To be more specific, LP is not an approach
to be used for a lot of devices because, as Figure 6 shows,
it can take a lot of time to complete. On the other hand,
it can be used for a small number of devices. The reason is
that the more devices we add to the nano-grid, the bigger the
equation gets and the more complicated it is to solve by the
linear equation [37], [38], [39], [40], [41]. However, the PSO
performs fast with a similar time with less than 140 devices
and performs faster with more than 140 devices. PSO also
achieves results with the same power usage results (as shown
in Section V-A2). Execution time is a crucial performance
metric in the field of computer optimization for the coloring
problem. PSO delivers execution times comparable to LP for
systems with less than 140 devices despite LP’s deterministic
nature and structural advantages. For more than 140 devices,
PSO, GA, and ACO maintain similar execution times to LP.
These algorithms, PSO, GA, and ACO show the ability to
adjust well to more complicated and larger problem spaces,
improving their search and convergence capabilities to be
as efficient as LP in large-scale situations. The adaptation
of PSO, GA, and ACO demonstrates their robustness and
promise for effectively solving complicated optimization
issues (as shown in Figure 7 and Figure 8).

The line graph in Figure 7 presents a comparison of exe-
cution times for four algorithms—Ant Colony Optimization
(ACO), Genetic Algorithm (GA), Linear Programming (LP),

FIGURE 7. Execution time vs total devices for different algorithms (up to
140 devices).

and Particle Swarm Optimization (PSO)—as the number
of devices increases from 20 to 140. The x-axis of the
graph quantifies the total number of devices involved in the
computation, while the y-axis measures the execution time
in seconds. The ACO algorithm shows a gradual increase in
execution time as the number of devices grows, suggesting
a linear or slightly superlinear scalability concerning the
number of devices. The GA also exhibits an increase in
execution time. Still, the slope of the line is steeper than ACO,
indicating that the GA may have less favorable scalability
when the number of devices increases. The PSO line is
relatively flat, which implies that the execution time remains
consistent despite the increase in the number of devices.
This could indicate that PSO is well-suited for problems
that scale with the number of devices, maintaining a stable
performance. LP shows a varied pattern; the execution time
remains relatively flat and low for a small number of devices
but starts to increase at around 100 devices and then spikes
at approximately 120 devices. This pattern could suggest
that LP is efficient for a smaller scale of devices but
may encounter performance bottlenecks as the problem size
grows.

In summary, the graph provides a clear visual depiction of
how each algorithm’s execution time is affected by increasing
the number of devices. The information is particularly useful
for selecting algorithms for scalable systems, highlighting
the potential performance trade-offs associated with each
algorithm.

The graph in Figure 8 compares the execution time of
four algorithms—Ant Colony Optimization (ACO), Genetic
Algorithm (GA), Linear Programming (LP), and Particle
Swarm Optimization (PSO)—as the number of devices
increases. The x-axis represents the total number of devices,
while the y-axis denotes the execution time in seconds.
The graph shows that the ACO, GA, and PSO algorithms
maintain a relatively consistent execution time across the
range of devices, indicating stable performance regardless of
the number of devices. In contrast, LP shows a significant
increase in execution time as the number of devices
approaches 200. This spike suggests that LP’s execution time
is sensitive to the scale of the problem, with performance
deteriorating significantly as the number of devices increases.
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FIGURE 8. Execution time vs total devices for different algorithms.

TABLE 5. Execution time comparison for 60, 140, and 200 devices.

The relatively flat lines for ACO, GA, and PSO suggest
these algorithms are less affected by increases in the number
of devices, at least until the performance of LP begins to
falter. This implies that for larger-scale problems, ACO,
GA, and PSO offer better performance stability compared to
LP. The graph visually represents how well each algorithm
scales with the problem size. For applications involving
many devices or components, choosing an algorithm that can
maintain consistent execution times at scale is crucial. This
graph indicates that while LP might be efficient for smaller
or medium-sized problems, its performance may become a
bottleneck at larger scales. In contrast, ACO, GA, and PSO
might be more scalable options.

As shown in Figure 8 and in Table 5, the execution time
for each algorithm increases at different rates as the total
number of devices rises. Notably, PSO and LP exhibit more
stable and consistent execution times across the tested range
from 20 to 140, suggesting better scalability with increasing
devices. However, the execution time of linear programming
accelerates very fast for more than 140 devices.

The tabulated data in Table 5 clearly compares execution
times for a subset of devices. It is evident that ACO and GA’s
execution times increase more significantly compared to LP
and PSO.

a: SCALABILITY CONSIDERATION
The scalability of the algorithms is a critical factor for
applicationswith a variable number of devices. The line graph
in Figure 8 depicts that PSO and LP scale well even as the
number of devices increases until 140, whereas ACO and GA
might be less suitable for larger-scale problems due to their
higher execution times. However, LP is inefficient for more
than 140 devices, where PSO is always the best and most
scalable approach for all.

In Table 6, we categorize the scalability of each algorithm,
with PSO and LP marked as highly scalable in less than 140,

TABLE 6. Scalability of algorithms with the increasing number of devices.

FIGURE 9. Minimum power required (in watts) vs different number of
devices (until 140) for different algorithms.

while ACO and GA show potential challenges with increased
device count. Note that for more than 140 devices, only PSO
is scalable.

In conclusion, the comparative analysis reveals that PSO
and LP are the most promising algorithms in terms of
both execution time and power efficiency, mainly when the
number of devices is small. LP can be used, while on the other
hand, when scaling to a large number of devices, the PSO is
the most appropriate approach to be used.

2) POWER CONSUMPTION ANALYSIS
In this section, we will investigate each approach’s power
consumption by examining Figure 9, Figure 10, Figure 11,
Figure 12 and Table 7.
Starting with Figure 9 shows the minimal power alloca-

tions for various computational methods as the number of
devices grows. The x-axis depicts the total number of devices,
varying from 20 to 140. The y-axis represents the minimum
power shared in Watts (W), scaled by a factor of 106.
Four algorithms are being compared: Linear Programming
(LP), Genetic Algorithm (GA), Ant Colony Optimization
(ACO), and Particle Swarm Optimization (PSO), each with
a unique line and marker style. LP consistently performs
well, with power allocation staying consistently low and
stable regardless of the number of devices. Genetic Algorithm
(GA) demonstrates an increasing trend in power requirements
for the mini grid as the number of devices rises. Still,
ACO displays fluctuating peaks, suggesting varying power
demands under different situations or configurations. PSO
consistently operates with low power allocation, indicating
efficient performance independent of the quantity of devices.
At 140 devices, the ACO algorithm shows a notable rise in
power allocation, suggesting a possible scaling problem or a
distinct computational hurdle at this level.
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FIGURE 10. Minimum power required (in watts) vs different number of
devices (until 200) for different algorithms except ACO.

Continuing Figure 10 shows the minimum power allo-
cation of several computational methods in relation to the
total number of devices, up to 200 devices. Ant Colony
Optimization (ACO) is not included in this analysis because
it has a very high minimum power allocation (as shown
in Table 7), and we want to focus on the most optimized
approaches. The x-axis represents the total number of devices
in the system, while the y-axis indicates the minimum
power needed in Watts (W), adjusted by a factor of 105.
Three algorithms are assessed: Genetic Algorithm (GA),
Linear Programming (LP), and Particle Swarm Optimization
(PSO), each distinguished by a unique line style and marker.
The trend for the genetic algorithm (GA) is represented
as a dashed line with plus marks, indicating significant
variations in power allocation as the number of devices rises.
Linear programming is represented by a continuous line,
demonstrating a moderate rise in power allocation with a
sharper incline after reaching 140 devices. PSO is represented
by a dashed line with circle markers, showing a trend of
rising with intermittent declines, indicating an unpredictable
relationship between power requirements and the quantity of
devices. The data points for eachmethod are clearlymarked at
device counts of 60 and 140, allowing for a direct comparison
of power allocation at these specific locations. The plot shows
that LP consumes substantially less power than GA and PSO
while operating with 60 devices. At 140 devices, GA appears
to consume more power than the other two algorithms.

The Figure in 11 provides a statistical summary of the
minimum power required by different computational algo-
rithms. In this box plot, the y-axis represents the minimum
power required, scaled by 107, and the x-axis lists the
algorithms: Linear Programming (LP), Genetic Algorithm
(GA), Ant Colony Optimization (ACO), and Particle Swarm
Optimization (PSO). The box plot for LP indicates a very
tight interquartile range, suggesting that the power required
for this algorithm is quite consistent across different runs
or variations. The Genetic Algorithm (GA) shows a wider
interquartile range, which could imply variability in power
requirement. However, the median value is close to the lower
quartile, suggesting that the power requirement is often closer
to the lower end of the range. The ACO algorithm has an
outlier that significantly deviates from the rest of the data

FIGURE 11. Box plot of minimum power required (in watts) for different
algorithms.

points, indicated by a dot well above the upper quartile. This
could suggest that while ACO typically requires an amount
of power similar to GA, certain conditions or instances may
lead to substantially higher power requirements. The PSO
algorithm’s box plot appears similar to that of LP, with a small
interquartile range, indicating consistent power requirements.
However, it’s noteworthy that PSO’s median is aligned with
its lower quartile, suggesting that the algorithm frequently
operates at the lower end of its power requirement range,
which is a desirable trait for energy efficiency.

Overall, the box plot effectively conveys the variability and
distribution of minimum power requirements across different
algorithm runs, offering insights into their relative efficiency
and stability regarding power consumption. This information
is valuable for algorithm selection in energy-sensitive envi-
ronments, where maintaining low and consistent power usage
is essential.

The bar chart in Figure 12 compares four different
algorithms regarding their average minimum power require-
ments. The y-axis indicates the average power required,
measured in Watts of 106, and the x-axis lists the algorithms:
Ant Colony Optimization (ACO), Genetic Algorithm (GA),
Linear Programming (LP), and Particle Swarm Optimization
(PSO). From the visualization, it is immediately apparent
that the ACO algorithm requires a substantially higher
averageminimum power, amounting to 12.5Megawatts when
compared to the other algorithms. This suggests that ACO,
while effective in finding solutions, is less energy-efficient or
requires greater computational resources. On the other hand,
the GA and the LP methods show significantly lower power
requirements, with GA needing around 0.33 Megawatts
and Linear Programming requiring around 0.26 Megawatts.
These figures indicate a more moderate energy consumption,
which could indicate more efficient algorithms or less
complex problems. Interestingly, the PSO algorithm exhibits
the lowest average minimum power requirement among
the evaluated methods, with an equal figure to Linear
Programming at around 0.26 Megawatts. This points to PSO
as a potentially more efficient algorithm regarding power
consumption, which could make it a preferable choice in
scenarios where energy efficiency is a critical factor.

Overall, the bar chart effectively illustrates the stark con-
trasts in energy requirements among different computational
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FIGURE 12. Average minimum power required (in watts) for different
algorithms.

TABLE 7. Average minimum power required by each algorithm.

algorithms, providing valuable insights into their respective
efficiencies. Such information is crucial for decision-makers
who consider energy consumption a vital factor in the
selection of an algorithm for practical applications.

Figure 12 and Table 7 illustrate the variability in the
minimum power required by each algorithm. ACO’s power
requirement is notably higher, which might reflect its
computational complexity. The box plot also shows an outlier
for ACO, indicating that certain conditions lead to much
higher power requirements.

Table 7 summarizes the average minimum power required
for the algorithms, reinforcing the observations from the
box plot. PSO and LP show a significantly lower power
requirement, which might make them preferable for energy-
constrained applications.

3) EXECUTION TIME AND POWER CONSUMPTION ANALYSIS
In this section, we will investigate each approach’s execution
time along with the power consumption using Figures and a
Table.

The scatter plot shown in Figure 13 illustrates the
relationship between the execution time of various algorithms
and the minimum power required to run them. Each point
represents an observation for one of four algorithms—
Ant Colony Optimization (ACO), Genetic Algorithm (GA),
Linear Programming (LP), and Particle Swarm Optimization
(PSO)—differentiated by color. The x-axis of the plot
measures the execution time in seconds, while the y-axis
represents the minimum power required, scaled by 107. From
the plot, we observe a distribution of points that suggests a
trend between the execution time and power requirement for
each algorithm. ACO points are clustered towards the higher
end of both axes, indicating that this algorithm generally
requiresmore power andmore time to execute than the others.
The GA points are scattered across a wide range of execution

FIGURE 13. Execution time (s) vs. minimum power required (in watts).

times but require less power than ACO. This could imply
that while GA can be more time-consuming, it might demand
less power, highlighting an interesting trade-off between
time efficiency and power consumption. LP points are
concentrated near the origin, suggesting that this algorithm
has the least power requirement, yet the execution time varies.
PSO also shows a trend toward lower power requirements,
with some overlap with LP, indicating that PSO can be an
efficient algorithm for power consumption. The density of
points along the axes and the spread across the quadrants
can provide insight into the consistency of each algorithm’s
performance. A tightly clustered group of points suggests
consistent behavior, whereas a more spread-out distribution
might imply variability in performance based on different
problem instances or input parameters.

In summary, this scatter plot offers a comparative view
of the algorithms’ performance, considering both execution
time and power efficiency. Such a visualization aids in
identifying the most resource-efficient algorithms and could
be crucial for applications where both time and energy
consumption are critical factors.

The candlestick chart in Figure 14 illustrates the trade-off
between the execution time of algorithms and their power
efficiency. The plot displays a variety of points for each
of the four algorithms: Ant Colony Optimization (ACO),
Genetic Algorithm (GA), Linear Programming (LP), and
Particle Swarm Optimization (PSO), each differentiated by
color. The x-axis represents the execution time in seconds,
while the y-axis indicates the minimum power required,
scaled by 107. The plot shows a dense concentration of ACO
points at higher minimum power requirements, suggesting
that ACO may be less power-efficient. The GA points are
distributed across a broad range of execution times, indicating
variability in its performance with respect to both time and
power. LP points are sparse but placed at lower values on both
axes, which implies that while LP may have a wide range
of execution times, its power requirement is consistently
low. This could be interpreted as LP being a power-efficient
algorithm regardless of execution time. PSO points are also
found at the lower end of the power scale but with a narrower
range of execution times. This indicates that PSO could offer
a balance between power efficiency and consistent execution
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FIGURE 14. Execution time (s) vs. minimum power required (in watts).

time, making it the most reliable algorithm in terms of
predictable performance.

Overall, the scatter plot provides a clear visual assessment
of each algorithm’s performance with respect to execution
time and power efficiency. Such an analysis is crucial for
applications where both computational time and energy
consumption are critical considerations, aiding in selecting
the most appropriate algorithm for specific scenarios.

As shown for the simulation in this section, computational
optimization in the coloring problem is often evaluated based
on the efficiency of algorithmic techniques in execution
time and power consumption. When the system consists
of fewer than 140 devices, Particle Swarm Optimization
(PSO), Genetic Algorithm (GA), and Ant Colony Opti-
mization (ACO) show performance comparable to Linear
Programming (LP) in terms of speed and power consumption,
despite LP’s deterministic and structurally advantageous
characteristics. However, the situation shifts notably when
the number of devices surpasses 140 and reaches 200. PSO
and GA remain efficient compared to LP in terms of time
and power metrics. However, ACO’s performance differs as
its power consumption significantly rises after 140 devices.
Heuristic algorithms such as PSO and GA are efficient
in bigger problem spaces. Still, ACO may face scalability
challenges and inefficiencies that result in increased power
consumption in complicated computational systems.

B. OPTIMALITY EXAMINATION OF THE INVESTIGATED
APPROACHES
This section examines the optimality of the investigated algo-
rithms in the context of complex computational problems. So,
the following are key optimization techniques used in solving
various types of problems:

• Linear Programming (LP): LP is known for its
efficiency in finding globally optimal solutions for
linearly constrained problems. Its deterministic nature
ensures that, given a convex optimization problem,
LP can systematically identify the optimal solution [37].

• Particle Swarm Optimization (PSO): PSO is inspired
by the social behavior of birds. It is a heuristic algorithm
designed for a wide array of problems, including
those that are non-linear. PSO’s strength lies in its

adaptability, enabling it to find near-optimal solutions
efficiently [23].

• Genetic Algorithm (GA): GA simulates natural selec-
tion. It is especially adept at solving complex optimiza-
tion problems, employingmechanisms such as crossover
and mutation to explore the solution space and identify
high-quality solutions [24].

• Ant ColonyOptimization (ACO):ACO is based on the
foraging behavior of ants. ACO excels in discrete opti-
mization problems, efficiently exploring large search
spaces to find solutions that closely approximate the
global optimum [21].

Thus, the choice between LP and heuristic algorithms should
be guided by the problem’s characteristics, including its scale
and complexity. While LP is unmatched for linear problems,
heuristic algorithms present effective solutions for larger
and more complex scenarios. For problems involving fewer
than 140 devices, LP’s structured approach allows it to find
the global optimum efficiently. However, as the number of
devices increases, the performance of LP in maintaining
optimality diminishes. In contrast, heuristic algorithms like
PSO, GA, and ACO demonstrate their prowess in adapting to
larger and more complex problem spaces, offering solutions
that, while may not be globally optimal, are practically
sufficient [39]. Empirical evidence suggests that for larger-
scale problems, heuristic algorithms can provide viable
alternatives to LP, balancing between solution quality and
computational feasibility [40]. An important observation
in our examination is that the PSO matches the results
with the LP in a comparable time. The reason lies in the
PSO implementation. Because we set a maximum number
of iterations for all the approaches to 5000, some of the
evolutionary algorithms did not identify the optimum solution
in this threshold, and they returned the near-optimum solution
they identified. However, these specifics must be set due to
problem specifics and using our empirical knowledge.

C. OVERALL REMARKS
The comprehensive analysis of the Machine Learning (ML)
approaches aimed at optimizing load weights for power
sources unveils various insights. Linear Programming is
characterized by a notably higher average execution time,
indicative of its complexity or computational depth. In con-
trast, Particle Swarm Optimization (PSO) emerges as the
most efficient in terms of execution time, pointing to its
straightforward problem-solving methodology. Ant Colony
Optimization (ACO) and Genetic Algorithm (GA) occupy
a moderate position in execution times. Power consumption
patterns reveal that ACO demands the highest average
minimum power, presumably reflecting its computational
intensity, while GA and LP demonstrate more power-efficient
operations. PSO parallels LP in low power requirements,
making them apt for energy-conscious applications.

The trade-off between execution time and power efficiency
is evident across the algorithms, withACO typically requiring
more resources in both aspects. In contrast, PSO and
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TABLE 8. Response times and power load management using PSO within BDIx agents framework.

LP frequently exhibit lower requirements, suggesting their
scalability and efficiency. Regarding scalability, Linear Pro-
gramming shows a decline in performance as the number of
devices increases (more than 140), highlighting its sensitivity
to the problem scale. On the other hand, ACO, GA, and PSO
maintain consistent execution times across different scales,
with PSO and LP demonstrating superior scalability.

In conclusion, the analysis underscores PSO and LP as
the most promising algorithms, balancing execution time and
power efficiency effectively. The selection between these
depends on the application’s scale: LP suits smaller or
medium-sized problems, whereas PSO is more applicable to
larger-scale scenarios due to its scalability and efficiency.
This evaluation is pivotal in guiding the algorithm choice for
specific computational tasks and scales.

VI. DAI FRAMEWORK PERFORMANCE EXAMINATION
FOR NANO-GRID POWER NETWORKS
Our novel framework illustration combines the Particle
Swarm Optimization (PSO) algorithm with BDIx agents to
effectively manage and optimize resources in the nano-grid
power network in a dynamic manner, as demonstrated in
Section V. The integration creates a strong system that
can adapt quickly to immediate changes, such as adding
or removing devices. Table 8 illustrates the efficiency of
our integrated approach, measuring the response times in
milliseconds for networks with varying numbers of devices
and demand patterns (fluctuating and constant). It highlights
our framework’s ability to maintain high performance and
quick adaptability across different scales and conditions
under the nano-grid power network. This unified strategy,
where PSO operates under the BDIx agents’ planning
mechanism, ensures that the network can respond promptly to
changes, optimizing power allocation and resource manage-
ment without the need for separate algorithmic evaluations.
The manager component further enhances this capability by
overseeing the optimization process, ensuring that all devices
are adequately serviced even under complex scenarios.

Table 8 also explores a complex power manage-
ment ecosystem where a delicate equilibrium is main-
tained between centralized optimization processes and
the autonomous actions of agent-based decision-making
mechanisms. Within this nano-grid power network, the
fluctuation in the number of devices introduces varying
degrees of complexity in power management, categorized
by the stability or variability of the power supply. The PSO
algorithm’s escalating execution times with the nano-grid
power network’s expansion illustrates the growing compu-
tational challenges associated with ensuring efficient power
distribution. The necessity for PSO recalibration, as indicated
in the ‘PSO Execution Needed?’ column, hinges not solely
on the network’s scale but intricately on the equilibrium of
power resources and demands. Moreover, Table 8 reveals
a nano-grid power network that shows a growing need for
optimization as it expands while also having a natural ability
to adapt. This flexibility, which is at the basis of the smart grid
management system, combines the overall supervision of a
system manager with the specific decision-making authority
of BDIx agents. The depiction vividly showcases the complex
and dynamic nature of modern smart grid management
systems, highlighting how the interaction between central
control and local independence enables effective and robust
power distribution techniques.

In this context, the systemmanager is the central individual
guiding the nano-grid power network’s operational strategy,
although it is not explicitly stated in the table. This central
figure is responsible for evaluating the network’s condition
and notifying current and new BDIx agents about the power
allocation matrix. If a BDIx agent is unable to allocate
power resources by itself (due to fluctuations or lack of
control), it may prompt the system manager to intervene.
BDIx agents can resolve power imbalances or decide whether
a PSO recalibration is necessary. Instances where BDIx
agents autonomously negotiate power adjustments suggest
a decentralized paradigm, enhancing local autonomy and
reducing reliance on complex computational efforts using
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PSO. When PSO recalibration is considered necessary, the
system manager’s level of engagement increases. The system
manager begins a comprehensive optimization process by
combining data from various parts of the nano-grid power
network to adjust power distribution. The recorded execution
times summarize the core of this centralized intervention,
emphasizing the length of PSO operations and their influence
on the network’s ability to respond. The system manager’s
job highlights the crucial need for a layered operational
structure in complex networks, promoting a combination
of automated local decision-making and centralized control.
This algorithm helps maintain operational efficiency and
network integrity in such situations. Additionally, in our
approach, the system manager’s involvement is activated by
particular conditions sent by BDIx agents. The BDIx agent
informs the system manager with a signal if a device on the
network is unable to find more power for use or if an existing
device cannot discover an unused power source. This signal
informs and reminds the systemmanagement to start the PSO
recalibration process to ensure optimal power distribution
throughout the network.

Overall, our DAI framework demonstrates significant
advancements over traditional methods, emphasizing the
practical application and benefits of integrating autonomous,
distributed, and dynamic, intelligent agent-based planning [2]
with optimization algorithms for real-world nano-grid power
network management challenges.

VII. CONCLUSION AND FUTURE WORK
This paper advocates the use of a Distributed AI (DAI)
framework as imperative to manage the complex and often
large-scale challenges in power systems, exacerbated by the
increasing integration of green energy sources into the power
system. The unpredictable nature of these renewable energy
sources, coupled with the advanced smart functions of power-
consuming devices, introduces a considerable challenge in
maintaining the power grid’s balance, quality, and stability.
To demonstrate the utility of the framework, an illustrative
Nano-Grid example (including the potential use of battery
sources in extreme scenarios) is adopted, and a number
of power control strategies to safeguard the power system
against the variability of both power generators and loads,
are theoretically formulated and then realized within the
proposed framework. The evaluation of the proposed frame-
work shows that the introduction of Distributed Artificial
Intelligence (DAI) techniques in this domain represents a
promising solution to these challenges, offering an agile,
smart, adaptive approach to power monitoring and control.

As shown by our innovative framework, synergizing the
Particle Swarm Optimization (PSO) algorithm with BDIx
agents has proven to be a robust dynamic power network
resource management solution, as detailed in our perfor-
mance examination. Through the strategic integration of PSO
under the guidance of BDIx agents’ planning mechanisms,
we have established a system that excels in adaptability
and efficiency and is adept at responding to real-time

changes, such as device fluctuations within the nano-grid.
Moreover, we illustrate this by showcasing minimal response
times across varying related power and nano-grid power
network conditions, highlighting our approach’s capacity to
maintain optimal performance without necessitating separate
algorithmic evaluations. Our model, further empowered by
the system manager’s oversight, ensures seamless power
distribution optimization across the nano-grid, significantly
advancing smart grid management systems. This unified
strategy enhances operational efficiency and exemplifies the
potential of combining intelligent agent-based planning with
sophisticated optimization algorithms to effectively tackle
contemporary power network management challenges.

As future work, we anticipate several avenues for further
exploration. Key among them is the investigation, identifi-
cation, and advancement of DAI techniques to enhance the
scalability and efficiency of these algorithms, especially in
larger and more complex power grid systems than the inves-
tigated Nano-Grid. Another promising area is the integration
of AI with real-time data analytics and predictive modeling
to anticipate and manage power fluctuations proactively. This
could involve developing more sophisticated AI models that
can learn and adapt to changing power consumption patterns
and renewable energy outputs. Additionally, exploring the
integration of different AI algorithms to create hybrid models
that combine the strengths of various approaches, such as the
adaptability of PSO and the precision of LP, could lead to
more robust and efficient power management systems.

Hence, extending these AI-driven approaches to larger-
scale grids and incorporatingmore diverse types of renewable
energy sources and power control devices will be crucial in
accelerating the transition to sustainable and resilient power
systems. The continued development and refinement of these
DAI techniques will play a pivotal role in shaping the future
of energy management and sustainability.
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