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Abstract

The growing integration of renewable energy sources in grid-connected microgrids (MG)
has made it increasingly challenging to attain the most cost-effective and emission-efficient
power dispatch in the face of uncertainty. This study addresses the scheduling problem
of MG under utility-induced demand side load participation level for residential areas.
Our research overcomes the constraints of conventional techniques by utilizing quantum-
inspired particle swarm optimization (QPSO) to improve the operational efficiency and
resilience of MG’s. In this study, a three-stage stochastic framework is proposed to address
the optimal energy scheduling of MGs while taking economic and emission aspects into
account. Using real-time meteorological data, five Cases were investigated and simulated
using MATLAB/Simulink. Without the involvement of load participation, MG’s producing
units in first Case, had carbon emissions of 797.110 kg and an operating cost of 267.10 €.
Similar to this, the impact of demand side on the MG was evaluated in the remaining Cases.
According to the simulation results, the fifth Case, which has optimal DGs scheduling, is
the suggested way to improve MGs efficiency and provide a dependable power supply
with low operating costs, emission reduction, and convergence features. This study not
only demonstrates the practicality of QPSO algorithms but also paves the way for more
resilient, efficient, and sustainable energy systems.

Keywords: grid-connected microgrid; demand side; load management; quantum-inspired;
particle swarm optimization; sustainable energy systems

1. Introduction

The installation and integration of renewable energy-based microgrids (MGs) into
electrical power systems promote sustainable development, increase energy supply di-
versity, and enable meeting the climate change targets that most nations have set [1]. As
defined by the US Department of Energy (DOE) [2], MGs are small, self-sufficient power
networks that may function independently of the main grid and use local energy sources to
improve sustainability and energy security [3]. On the other hand, MGs have drawn a lot
of interest because of their adaptability and effectiveness in combining various renewable
energy sources (RESs) to satisfy regional energy needs. These systems offer greater energy
security because they can function in both grid-connected and islanded modes [4]. Through
the integration of numerous dispersed energy sources, including energy storage devices,
wind turbines, and solar panels, MGs may adjust to changing energy needs while lowering
their reliance on conventional fossil fuels. In remote areas, MGs are essential for improving
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energy accessibility, sustainability, and resilience [5]. By supporting reactive power, MGs
improve voltage stability, lower greenhouse gas emissions, and offer decentralized power
generation. Furthermore, MGs improve demand responsiveness, enhance energy supply
reliability, and reduce transmission losses. Although MGs have many advantages, they also
have drawbacks, including the high unpredictability and variability of RESs, the challenge
of supply and demand matching, and limited microgrid scalability. These difficulties have
prompted targeted studies on microgrid energy management systems (EMS) [6,7]. EMS is
an essential component of microgrid operations since it makes it possible to optimize the
balance between power supply and demand. The authors of Ref. [8] provide a thorough
overview of current advancements in energy management techniques for MG, including
heuristic, intelligent, and classical algorithms. Additionally, it covers important appli-
cations for energy management, such as control structure, data management, demand
response, and forecasting. The article also provides an outlook on new fields of study and
research areas that could improve energy management techniques. In order to guarantee
that power is delivered at the lowest feasible operating cost, EMS coordinates generat-
ing and distribution activities, providing crucial functionality as a control system [9,10].
The energy management of MG’s grid-connected and islanded modes varies according to
operational requirements. EMS’s main goal in the grid-connected mode is to maximize
profits based on market prices and DG bidding costs; in the islanded mode of operation,
the focus is on optimizing customer satisfaction to ensure a steady supply to the important
loads [11].

Furthermore, seasonal variations in demand and the intermittent and stochastic nature
of renewable energy sources (RESs) present serious operational challenges that call for
advanced optimization techniques to guarantee effective operation scheduling under a
range of loading conditions and objectives. These difficulties include preserving the energy
balance, cutting expenses, making the most of renewable resources, and guaranteeing
system dependability in a range of environmental circumstances. To address these chal-
lenges, this research uses a probabilistic approach to create the microgrid management
system (MGMS) problem. The objective is to achieve optimal energy scheduling while
reducing operating costs. For microgrid energy management systems to schedule optimally,
demand-side management (DSM) is essential. Microgrids may actively control and alter
end users’ electricity consumption profiles by incorporating DSM methods, which enhances
system flexibility and efficiency. Energy consumption patterns can be influenced, and effec-
tive non-critical load control can be made possible by integrating DSM programs into the
MGMS problem. This integration improves the microgrid’s overall operational economy
and reliability by enabling a coordinated adjustment of controlled loads, distributed gener-
ation (DG), and energy storage systems (ESS) [12,13]. In particular, DSM makes it possible
to shift or reduce non-critical loads during peak periods, which lowers operating costs,
eases network congestion, and increases the use of renewable energy sources. By matching
load demand with the availability of renewable generation sources like photovoltaic (PV)
and wind power, it also helps reduce reliance on high-emission or expensive generation
units. Additionally, by balancing supply-demand fluctuations, DSM helps maintain grid
stability, which is crucial in microgrids that are isolated or have weak grid connections [14].
There are several ways to include DSM into the scheduling system, such as load prioritizing
techniques, incentive-based demand response, and real-time pricing. By encouraging
customers to take part in system optimization, these techniques turn them from passive
users into active participants in energy sustainability. DSM is therefore an essential part
of intelligent energy management systems since it improves microgrids” economic and
environmental performance [15].
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In order to reduce utility power trading prices and microgrid operation costs, this
study looks at various percentages of DSM involvement by residential loads. Conven-
tional techniques for improving residential microgrid operations frequently depend on
heuristic or deterministic algorithms, which are unable to manage the high-dimensional,
combinatorial nature of energy scheduling decisions, especially when there are several
uncertainties present [16]. The demand for sophisticated computational methods that can
manage intricate, real-time optimization is growing as MGs move toward more demand-
side and intelligent energy systems. The authors of Ref. [17] investigate the application of
sophisticated machine learning methods, particularly Support Vector Regression (SVR),
to improve the effectiveness and dependability of power scheduling in grid-connected
microgrids with numerous dispersed energy resources. In order to precisely schedule the
power generation, the study’s suggested SVR algorithm makes use of extensive historical
energy production data, precise weather patterns, and dynamic grid circumstances. When
compared to conventional linear regression models, the model showed considerably lower
error metrics. Its success in increasing energy management efficiency is demonstrated by
the improved prediction accuracy, which directly leads to optimum resource allocation,
allowing for more accurate control of energy generation schedules and lowering total
operating costs.

Within this framework, new developments in quantum-inspired computing present
viable approaches to high-dimensional optimization problems related to demand-side
energy scheduling. These new techniques make it possible to manage microgrid systems
more effectively, balancing cost, energy consumption, and sustainability goals more quickly
and precisely than with traditional techniques [18]. Combining swarm intelligence and
quantum-inspired concepts, quantum particle swarm optimization (QPSO) allows for more
thorough solution space search and effective multi-objective optimization. Its dynamic
swarm behavior and quantum-inspired operators help it overcome common problems that
classical algorithms have, like managing complex, multi-modal, and non-linear objective
functions. By utilizing special qualities, such as quick convergence, resistance to local
optima, and better management of multi-objective functions, which are frequently ob-
served in conventional approaches, this clever strategy avoids premature convergence and
stagnation. Likewise, the multi-objective function optimizes two or more goals at the same
time, which are frequently incompatible. This results in a collection of “Pareto-optimal
solutions” that represent different trade-offs rather than a single optimal solution. A more
comprehensive understanding of trade-offs for complicated issues where several conflicting
objectives need to be balanced is offered by multi-objective optimization. QPSO provides a
practical method for energy management in MGs by optimizing DG setup to limit emis-
sions and save operating costs. Its quantum-inspired algorithms are especially well-suited
for multi-objective optimization because they balance exploration and exploitation while
enabling effective exploration of intricate solution spaces. QPSO provides an unparalleled
ability to investigate many solution spaces at once by utilizing quantum superposition and
entanglement, greatly accelerating the convergence toward near-optimal energy dispatch
techniques [19-21].

A novel QPSO-based optimization framework for resource allocation in grid-connected
MGs is presented in this paper. It is intended to manage the dynamic interaction of
demand-side flexibility, storage utilization, and distributed generation while guaranteeing
decarbonization, cost-effectiveness, and reliability. In addition, the ability of the sug-
gested QPSO framework to handle the two problems of economic and environmental
scheduling in microgrid management is demonstrated. The following summarizes the
study’s contributions:
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e Develop a microgrid scheduling issue that incorporates important operational con-
straints, including power balancing, storage utilization, and grid interaction, while
guaranteeing smooth compliance with quantum variational approaches.

e  Presents a multi-objective framework for allocating residential MG resources that
strikes a balance in terms of both computational efficiency and economic viability.

e  Utilizing quantum-inspired PSO algorithms to maximize power export to the utility
while determining the optimal power dispatch configuration for DG resources.

e  Demonstrates the superiority of the QPSO-based scheduling framework through the
incorporation of demand side load participation levels and the utilization of real-time
weather data.

2. Review of Several Techniques

Conventional microgrid optimization techniques have mostly focused on deterministic
methods, such as mixed-integer linear programming (MILP) and mixed-integer nonlinear
programming (MINLP), which explicitly represent cost functions, operational constraints,
and power flow equations. They have been widely used to address storage management,
generation scheduling, and economic dispatch issues [22,23]. Deterministic models offer
mathematically sound solutions, but they have scalability problems, especially when it
comes to the high-dimensional optimization environment of microgrids with many DERs
and dynamic constraints. Furthermore, accurate forecasting of renewable generation and
load demand is frequently necessary for deterministic models, which are intrinsically
uncertain [24,25]. Consequently, stochastic optimization has been implemented to take into
consideration fluctuations in the supply and demand for energy. By including probabilistic
constraints and uncertainty distributions, stochastic programming techniques like scenario-
based approaches and chance-constrained optimization have become more robust [26].
However, these approaches are not feasible for real-time microgrid operations due to their
substantial rise in computational cost, which occurs when the number of scenarios increases
exponentially with the problem size [10].

For microgrid optimal scheduling, metaheuristic algorithms, including genetic al-
gorithms (GA), particle swarm optimization (PSO), and simulated annealing (SA), have
become popular because they work well for traversing vast search spaces and reduce the
computational load of deterministic and stochastic techniques. These nature-inspired opti-
mization methods require fewer assumptions about the issue structure and offer flexibility
in solving complicated, nonlinear, and multi-objective problems [27]. For instance, PSO
has been successfully used to maximize DER dispatch by iteratively improving swarm
intelligence-based solutions, and GA has been shown to be useful in maximizing microgrid
resilience in the face of severe weather. Notwithstanding their benefits, metaheuristic
approaches have limitations in their application for large-scale microgrid scheduling chal-
lenges due to their difficulties with convergence and the need for substantial parameter
adjustment. Additionally, these algorithms frequently perform less than optimally since
they are unable to find globally ideal solutions, especially in situations with very limited
energy resources [28,29].

In recent years, deep learning (DL) and reinforcement learning (RL) techniques have
become popular in microgrid energy scheduling optimization, taking advantage of artificial
intelligence’s (Al) capacity to extract intricate patterns from data and adjust to shifting
conditions. Specifically, deep reinforcement learning (DRL) has been investigated for real-
time energy trading, optimal control of storage systems, and demand response management.
Adaptive energy scheduling systems that dynamically adapt to variations in distributed
generation (DG) have been developed using techniques like Proximal Policy Optimization
(PPO) and Deep Q-Networks (DQNSs). Although DRL provides a data-driven method for
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optimization, real-time application in microgrids is severely hampered by its dependency
on sizable training datasets and substantial processing resources. Furthermore, in critical
power system applications, the black-box aspect of neural networks poses questions about
interpretability and reliability [30-32]. Due to the drawbacks of both classical and Al-
driven approaches, quantum computing has become a viable solution for energy systems’
high-dimensional optimization issues. Quantum computing processes information in ways
that traditional computers cannot effectively duplicate by utilizing quantum mechanical
concepts like superposition, entanglement, and interference [33].

Among the many quantum algorithms, QPSO has drawn a lot of interest for its abil-
ity to solve combinatorial optimization issues, such as logistics, energy scheduling, and
portfolio optimization. The use of QPSO in energy optimization has been the subject of
several studies, mainly in grid operation and power system planning [34]. In Ref. [35], a
multi-stage paradigm for optimizing energy management for MGs under uncertainty, com-
bining demand-side response (DSR) with carbon trading, was presented. The methodology
utilizes the QPSO algorithm to derive optimal scheduling solutions and applies scenario
analysis to handle the fluctuation of renewable energy. According to the results, using
carbon trading lowers emissions and the consumption of fossil fuels, while increased DSR
participation boosts microgrid economic performance by as much as 27.48%. Similarly,
in order to lower operating costs and environmental emissions, the authors [36] propose
a multi-objective optimization framework for grid-connected microgrids that makes use
of quantum particle swarm optimization (QPSO). The QPSO algorithm successfully gets
beyond the drawbacks of conventional techniques by combining battery storage with both
conventional and renewable energy sources. Simulation results demonstrate that QPSO
achieves a 9.67% reduction in operational costs, equating to savings of €158.87, and a 13.23%
reduction in carbon emissions, lowering emissions to 513.70 kg of CO2 equivalent in the
economic scheduling scenario. The findings of the simulation show significant advancements,
reducing costs and emissions while increasing the overall sustainability and efficiency of the
microgrid. Researchers have shown that QPSO may effectively improve renewable energy
forecasting, optimize transmission network expansion, and resolve unit commitment issues.
QPSO is a promising tool for improving sustainable energy practices in microgrids because
of its capacity to precisely explore complex optimization landscapes. Its use in demand-side
management and microgrid scheduling, however, is still mostly unexplored [37].

3. Problem Formulation

This section explains the problem formulation and elaborates on the specific con-
straints, including demand-side flexibility, energy balancing, energy storage, decarboniza-
tion, and voltage stability. The primary goal of the MG optimization taken into consider-
ation in this study is to identify the DG units’ most efficient power-generating operating
points within a specified timeframe. This optimization seeks to reduce operating costs
as well as the quantity of emissions generated concurrently. The precise formulation of
the multi-objective function would be the first step in the grid-connected MG problem’s
optimal energy scheduling. The next step would be the restrictions on how DG units
connected to the grid might operate.

3.1. Objective Function

In practical microgrid scheduling, minimizing the total operational cost is a complex
task requiring consideration of multiple dynamic factors. The multi-objective optimization
methodology proposed in this study considers both the minimal optimization target for
carbon emissions under the carbon trading market connected to the MG system, as well as
the MG minimum operational cost.
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MinF(x)= fi(x) + f2(x) )

This formulation integrates energy operational costs f1(x) which encompasses the
cost of running each DG as well as the power interaction between the utility and MG. The
price of cleaning up the gas that is created by conventional power generation techniques
(environmental cost) fo(x).

N . , .

£1(30) = ST {E57 () Ph (1) B (1) + S (' (1) —wi(t = 1)) + "
N .

Y0855 (1) Phgss (1) Blss (1) + Shss (w(£) = (£ = 1)) | + Py (H)BLyy(1) }
Vector y represent the important active power decision variables, i of DG units, and

jt" of BESS units in related to their switching (ON/OFF) states in a microgrid. The variables

Npg, and Npggs represents the overall number of DG, and BESS units connected to the

MG network. The bid costs of DG, and BESS units, and utility at the hours of time ‘t" are

denoted as BL, - (t), B¥ o5 (t), and B;md( ) respectively. While P5 - (t), Phpqs(t), Pém-d(t) are
the exchanged active electricity pricing for the utility, BESS, and DG sources.
o ZT Z;jMT Ccarbon(t) (mfarbon (t> - Cquota (t)) 3)
= Lu=1

+ZLZ]\]FC Ccarbon(t) (mZarbon(t) - Cquotu(t))

where, C.gpon () is the carbon trading market’s current price, mfurb onlt), and m! carbon (£
denotes the microgrid’s carbon emissions Cgyota(t) is the quantity of carbon allowances
decided by the loads [38,39].

3.2. Operational Constraints

In this study, a constraint optimization problem must be solved to manage an MG
for optimal functioning. The power balancing constraint is the main obstacle to resolving
the MGMS energy scheduling problem. For every time interval, the utility, BESS, and
DGs’ combined output power must be sufficient to meet the MG’s entire load demand.
Assuming that the actual power loss in the MG is disregarded.

3.2.1. Power Balance Constraint

In order to guarantee steady system performance, power balance must be maintained
during microgrid operation. For the energy scheduling of MG to operate steadily, one
of the essential constraints is the power balancing constraint. It demands that the active
power produced by DG sources, BESS, and the utility be equal to the system load demand.

ZtT:l Proga(t Zt 1(ZNDG Phe () + NBESS Phess (t ) + Peyig(t )) (4)

3.2.2. Constraint of Active Power Generation

In order to ensure system security and stability, each DG unit’s active power output
and the power transferred between the utility and the MG are limited to predefined
minimum and maximum values. These constraints on all active power generation within
the ranges that are allowed are stated as follows:

Pl

DsznSPi ()<P

DG,max
< Pprss(t) < Phess mar ®)
<pt . <pt

grid grid,max

j
PBESS min

Pt

grid,min
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Strict adherence to grid limits is necessary to avoid overloading. This limitation
makes sure that the net imported energy after deducting demand and the difference be-
tween discharged and charged storage power stay under the grid’s maximum permitted
power exchange limit, Péri A max:
Pén. A min a0d Pén. 4 max denotes the minimum and maximum active power outputs for each
scheduling period of MG management system. The dependent variable needs to be in-

i i k k
The Ppg in a0d Ppg avr Press min a0 Pppgg ays and

cluded as a quadratic penalty term in the objective function, but the control variables
are self-constrained. By enforcing penalties for deviations from ideal energy balancing,
this quadratic penalty function discourages wasteful resource allocation and encourages
optimal scheduling. This term adds a penalty factor called ‘A" to the objective function,
which is the square of the difference between the dependent variable’s actual value and
its limiting value. Any impractical solution found throughout the optimization process is
disregarded [40]. Additionally, the new variable P}, G,1im 18 created, it defines the operational
boundary of each DG within the microgrid optimization or scheduling model. ngrri ;18
regarded as a dependent variable to impose the power balancing constraint. The following
is the expression for the newly expanded objective function that needs to be minimized:

MinE()= (F100 + 200) + Apon (Plyia — Phin) ©

3.2.3. Constraint of Energy Storage System

Operations of energy storage systems are limited by their individual charge and dis-
charge restrictions, guaranteeing that storage cannot charge and discharge at the same
time. The state of charge and the limitation placed on the battery storage unit’s charg-
ing/discharging pace are represented as follows in Equations (7) and (8).

WgEss,t= WaEss,t—1 + en Pen At — PyepAt ()

Hdch

WgEss,min < WpEss,t < WBESS,max} ®)

Pch,t < Pch,max/' Pdch,t < Pdch,max

where, Wggss; and Wpggs;—1 are the quantity of energy stored over a period of time ¢
and t — 1. 7o, and 77,4, are the charge and discharge efficiency of the storage device. P,
and Py, are the allowed rates of charging and discharging at specific times At. While
WaESS,min(WBESS,max) and Pey max (Pachmax) are the upper limit of the charge (discharge)
rate of energy storage and the minimum (maximum) limitations of energy storage.

3.2.4. Constraint of Voltage Stability

Maintaining voltage stability within permissible bounds is necessary to avoid fre-
quency deviations and interruptions in operations. When power imbalances are weighted
by voltage sensitivity coefficients, the quadratic penalty function makes sure that they don’t
go over a reasonable deviation level. Significant supply and demand imbalances that can
result in voltage breaches are discouraged by the penalty.

T T N . N: 2
th] Vi (t)= Et:1 <q)lNDG + gj BESSdis __ 5, — lpg\]dem) ¥ ,y:ioltage < gooltage,max )

where, Nj,, and Ny, denotes net imported energy after deducting demand, this for-
mulation avoids operational infractions that can jeopardize the voltage stability of mi-
crogrids. 'y:mlmge is the voltage sensitivity coefficient and is the voltage deviation thresh-

old 8wlifage,max
, .
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3.2.5. Constraint of Decarbonization

A primary goal of microgrid operations is decarbonization, which guarantees a low
dependency on fossil fuel-based grid power. This limitation weighs each power flow’s
emission factor to quantify the net environmental impact of the flow.

T T N i N; ;
Zt:l Cdecar(t> — Zt:l (??]DG * }l}grem + gj BESS,dis * H?ESS _ (5t mp m:arbon) 2 Ucarbon,mzn (10)

where, u3"“" for renewables, uPE5S for storage discharge, and 5" for grid imports. To
enforce sustainable energy transitions, the weighted total must be greater than a predeter-
mined carbon-neutrality, rymb"”f’”i” criterion [16,17].

3.3. Demand Side Management

This study’s use of the DSM technique aims to change the intended load consumption
profile to bring it closer to the optimal load profile. Flexible load-shaping DSM is a crucial
tactic to accomplish the day-ahead energy scheduling issue, which aims to minimize overall
operating costs and reduce system peak demand. It is best to use flexible load shaping
for utility-induced DSM to fully exploit the temporal independence of controlled loads.
Through the adjustment of consumer energy consumption to better match the supply of
locally generated renewable power, DSM in a microgrid increases operating efficiency,
lowers costs, lowers carbon emissions, and improves consistency. DSM reduces electricity
bills for customers and optimizes system costs for operators. Figure 1 shows how the DSM
is set up to lower electricity costs and ensure dependable communication between the
utility and its customers. There are two types of DSM programs: utility-induced schemes
and customer-induced schemes. It is best to use flexible load shaping for utility-induced
DSM to fully exploit the temporal independence of controlled loads. The load forecast data
is sent to the central DSM controller, which then assesses what has to be done to achieve
the required load profile. The consumer engages in the DSM program during the hourly
dispatch and gets scheduling signals via a two-way communication channel [41,42].

Min F= Y (e(f) — 8(1)) (11)

e(t)= F(t) + C(t) — A(t) (12)

g(t) is the planned load provided to the DSM controller, §(t) is optimal load profile at a
specific time t. F(t), C(t), and A(t) represent the forecasting load, connected load, and
disconnected load at time t interval, respectively.

Residential area

{consumer)
Load profile
7

), =—

L I
&£8&%Y
PCC ’(
S \J X
Utility grid
Power flow

————— Information flow

Microgrid

Figure 1. Demand side management approach [41].
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By guaranteeing that a minimal percentage of demand is satisfied by storage discharge
rather than external supply, Equation (13) enforces a demand-side response mechanism.
The flexibility of demand shifting and storage usage is reflected in the weighting coefficients
for response and storage. Before using grid electricity, the limitation ensures that distributed
resources are effectively utilized.

. T ; ; .y
Min F= Zt:1 ((P,?gm % Ttresponse B dSESS,dzs % Tts orage) > gdemand,shzftmg (13)

4. Modelling of Grid-Connected DG Units

Figure 2 shows a typical low-voltage grid-connected MG that was taken into considera-
tion for assessing the proposed QPSO architecture [38]. The main component of this system
is the MG central controller (MGCC), which is in charge of monitoring and controlling
the power exchange between the utility and the MG. The primary duty of MGCC is to
provide local controllers with power references to meet power balance requirements for
the designated time T. Supporting this effort are the load controller (LC) and micro-source
controller (MC), which are responsible for supplying or absorbing surplus (deficit) energy
to meet power requirements. Energy storage devices are incorporated into this strategy to
mitigate predicting risks and guarantee steady and dependable system functioning. Along
with an energy storage device, the architecture incorporates several DG units, including
gas-fueled microturbines (MT), fuel cells (FC), wind turbines (WT), and solar photovoltaic
(PV) systems. The active power produced by all DG sources is considered to be at a unity
power factor. Furthermore, the utility and the MG have a power exchange link to trade
energy during the day, as determined by the MGCC'’s decisions.

MC

M PCC :|—
Utility Grid E'M'é'cjc'? .
Hgitiod H

MGCC: Microgrid Central Controller
MC: Micro source Controller

LC: Load Controller

LV: Low Voltage

Figure 2. A typical low-voltage grid-connected MG system [38].

4.1. Solar PV Model

The module features and metrological characteristics, such as solar irradiation I; and
ambient temperature T, can affect the power output of the PV system. The following is the
estimated power output Ppy from the PV module [43]:

Is
Ppy= Psrc—=— * (1 T.—2 14
3% STClOOO*( +a(Tc — 25)) (14)
where, Pstc stands for the maximum power (W) of the solar module under standard test

conditions (STC). On the surface of the photovoltaic module, I; represents the sun irradi-
ation (W/ mZ). T. denotes the temperature of the photovoltaic cell (module) (°C), while
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https://doi.org/10.3390/su18062763

Sustainability 2026, 18, 2763

10 of 29

« represent the temperature coefficient for power (°C1). The standard test settings Istc
have a sun irradiation of 1000 kW /m?. According to conventional test circumstances, Tsrc
working temperature is 25 °C. The nominal operating cell temperature (NOCT) of the pho-
tovoltaic module can be used to determine the module’s temperature in relation to ambient
temperature and solar irradiation. This is the expression for the NOCT model equation:

I
> * (TNOCT - 20) (15)

TC: Ta—“%

where, T, denotes the ambient temperature (°C), and Tyoct denote the normal operating
cell temperature (°C) of the module. Tyocr is the module’s normal operating cell temper-
ature (°C), and T, is the ambient temperature (°C). Additionally, Equation (13) estimates
the likelihood of a discrete state for solar uncertainty modeling, in which fp,({) is used to
indicate the hourly solar irradiation. {y, and (; are the irradiance limitations represented
by the random variable (), p({) is the accumulated PV-related quantity over the range (1,
and {,. The variable ‘{’ represents the solar irradiance (W/m?).

0
o= [ fovie) (16)

4.2. Wind Turbine Model

The intermittent nature of the wind is the primary determinant of the power generated
by a wind turbine. Two key variables, such as the wind speed at a specific location and the
wind turbine’s power curve, must be understood to compute the power output of a wind
turbine. A wind turbine’s power curve can be represented using a function that is divided
into three (3) distinct portions [44]:

0 U < U
2 2
vt — U
PWT: 70%(”" — Z’Z- * PWT,nom Ui < U < Unom (17)
ci
Pnom Unom <V S Uco

where, PWT nom, Unom, Uci, and vg, are nominal power, nominal wind speed, cut-in wind
speed and cut-out wind speed, respectively. Py is the power output of the wind turbine
(kW), and v is the wind speed (m/s). The cut-in wind speed and cut-out wind speed, are
5m/s and 10 m/s respectively. The rated wind speed and rated nominal power are 15m/s
and 30 kW. Weibull distribution is frequently used to depict the temporal variations in
wind speed. The Weibull probability distribution function can be expressed as follows:

B (E>/8_l>|<e—(%)/S v>0

v\ (18)
0 Otherwise

fwr=
4.3. DG Bid Costs Calculation

Considering the PV, WT, and BESS production cost (PC) and depreciation cost (DC),
calculated at each time interval t. For an integrated system, the bid cost function for the DG
unit (Bpg, cost) OVer a time horizon T can be expressed as:

T
BDG, cost= Y ;1 (PCpv,s + PCwr, + PCpEss ¢ + DCpEss t) (19)

PV, WT, and BESS have nearly zero fuel costs. Their production costs are primarily their
operation and maintenance (O&M) costs, which are often considered fixed per unit of
energy generated over time.
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PCpy = Com,pv X Ppy t (20)

PCwri= Comwr X Pwr,t (21)

PCpgEss,t= Com,BESS X (‘PBESS,charge,t + ‘PBESS,discharge,t ) (22)

where, Coprpy and Copgwr are the O&M cost coefficients (€/kWh) and Ppy ; and Py,
are the power outputs at time t. While Cpopy pgss is the O&M cost coefficient for BESS
(€/kWh). The overall bid cost function for the DG unit (Bp¢ ) incorporating these elements
at a specific time is expressed as:

Bpc= Com,pvPpvt+ ComwrPwr,t + Com,BEss Peess,: + DCgEss ¢ (23)

Similarly, MT and FC bids are determined as follows:

P
Bpg= Cpyer * 17:%2 + Cino (24)
Cipp DC 5 LDCnom (25)
mo PC
n
pe= SAEDT e (26)
(1+r" -1

where, Cyy, is the cost of the fuel (€), npg is the efficiency, Cj,, is the annual cost of
production and depreciation investments. Ppgyn, represent the nominal DG power (kW).
where, variable ‘r’ denotes the annual benchmark interest rate, and the cost of installing
DG units is denoted as ‘IC’.

4.4. DER Uncertainty Modeling

In order to solve the uncertainty problem of variables such as solar PV and WT power
output, stochastic programming is frequently used [45]. Two (2) uncertainty factors, such
as solar PV and wind turbines, are assumed in this analysis. The historical recorded dataset
and stochastic planning method found in Refs. [37,38] are used to forecast these parameters.
The following model represents the uncertainties in solar PV and WT power output:

Ppots—= P;fvrpuAva,t,s: t=1,..., Nps= 1,.... N (27)

Pwrs= Plyp, + DPwrps t=1,..., Nyjs=1,...., N (28)

where, P;{v,t/ PIJ/(VT,t/ APy, and APy, s are forecasted output power of PV and WT, with
their forecast errors respectively. Nt and N are time interval quantities, and scenario
quantities are chosen for the uncertainty model. The uncertainty variables modeled, using
a two year hourly recorded dataset, are simulated using MATLAB software. The observed
data X, and the predicted data X* can be justified using mean square error (MSE), root mean

square error (RMSE), and mean absolute percentage error (MAPE) as expressed as follows:

1

MSE= — Y, (K = X)? (29)
1 *
RMSE= \/ 52?21 (XF —X;)? (30)
1w | X=X
MAPE= -}, X (31)

https://doi.org/10.3390/su18062763


https://doi.org/10.3390/su18062763

Sustainability 2026, 18, 2763

12 of 29

Weibull distribution and Gaussian process modeling are used to simulate solar PV and
wind speed for testing and training in the prediction process. The artificial neural network
(ANN) tool was successfully utilized to represent the uncertainty. The solar PV and wind

turbine RMSEs are 0.162 and 0.184, respectively, according to the modeling findings shown
in Figures 3 and 4.

Uncertainty Prediction of Solar PV
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Figure 3. Uncertainty of solar PV prediction.

Uncertainty Prediction of Wind Speed
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Figure 4. Uncertainty of wind speed prediction.
4.5. Proposed Algorithm

This section describes the proposed algorithm that complies with environmental con-
straints while achieving the best energy scheduling of MG’s. One of the most well-known
optimization methods that is inspired by quantum physics is QPSO. QPSO combines parti-
cle swarm optimization’s (PSO) collective intelligence with ideas from quantum physics.
The state transitions of PSO and QPSO is illustrated in Figure 5 [46]. The quantum rotation
gate and quantum probability measurement are two examples of quantum-inspired opera-
tors that are used in QPSO to retain particle variety and explore the solution space. In order
to achieve a wide range of Pareto-optimal solutions, the hybrid approach incorporated into
QPSO effectively resolves multi-objective optimization problems by upholding a strong

balance between exploration and exploitation. Furthermore, QPSO’s capacity to actively
control the search process and its flexibility in adjusting its settings make it more effective at
identifying the optimum trade-off solutions for multi-objective optimization tasks [47]. In
QPSO, a wave function of 1(x, t) represents the state of a particle. The probability density
function | ¢(x,t) I % can be used to calculate the possibility that the particle will exist at
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mbestp q(t

position x in time ¢. The Equations (32) and (33) represents the normalized wave function
and the associated probability density function:

P(x,t)= \%eY/L (32)
lp(x, ) 12= ke”“ (33)

where, L = h2/ my, and 7 is in the interval [0, 1]. ¢ represents the wave function, Y is
a moving frame or spatial displacement, and L represents the decay constant. When a
quantum state collapses into a classical state, a Monte Carlo random simulation can be
used to determine the particle’s exact location. According to Equations (34) and (35), the
particle’s position is updated at each iteration.

Xpq(t+1)= Py q(t) £ & * [mbestyq(t) — xpq(t)| * In (th) (34)
Ppq(t)= (@ * Ppq(t) + (1 — ¢)Gy(t)) (35)

_ €171
¢= c1in + (%) %) (36)

Provided, (1 <p < N)and (1 <g<M).

Solution space

QPSO  Solution space

Measure
Evaluate -
valuate Evaluate
Classical Quantum

solution space  search space

Figure 5. Transition state of PSO and QPSO algorithms [46].

As illustrated in Algorithm 1, QPSO integrates the idea of quantum behavior and
explains how particles with quantum bound states aggregate in quantum space. In M
iterations, every particle with a dimension of D out of N particles converges to its local
attractor P = P, P, P3,...., Pp. The weighting factor, often called a sharing coefficient
used to distribute or proportionally allocate quantities between two components or sources
is represented as @. The acceleration coefficients are ¢; and ¢, the randomly distributed,
regularly distributed integers within [0, 1] are 71, r» and u, respectively. The personal best
and global best positions of the p'* particle in the ¢ iteration is indicated by Py, and
G;. For each iteration, the average of the individual best locations mbest 4(t) is needed to
update the lagged particles into the population.

sz 0,9=1 P q(t (sz 0 Pl sz 0 P/ sz 0 PD(t)> (37)

The contraction—expansion coefficient, or parameter ¢, is defined as {=1— (1.0 — 0.5)
k/ Gy, in the context of quantum mechanics. k represents the current iteration count and
G represents the maximum number of iterations, plays a critical role in controlling the
exploration and exploitation balance in the optimization process. Its selection is moti-
vated by several considerations: In Ref. [35], the authors demonstrated that, the linearly
decreasing contraction—expansion coefficients improve convergence by allowing broad
exploration in the early iterations (¢ ~ 1) and finer local exploitation in later iterations
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(¢ ~ 0.5). Throughout the iterations, the contraction—expansion coefficient ¢ falls linearly
from 1.0 to 0.5. Quantum-behaved particle swarm optimization and related metaheuristics
have made extensive use of this approach. The contraction-expansion coefficient can be
used in sensitivity analysis to examine how various schedules affect the rate of convergence
and the quality of the solution. The performance on benchmark tasks with an effective
range of 0.5 to 1.0 is observed by altering the upper and lower bounds of ¢. In trial cal-
culation optimization, the algorithm’s initial trial runs with various ¢ profiles can assist
in finding a configuration that strikes a balance between global search capacity and con-
vergence speed. It is frequently discovered that linear decay between 1.0 and 0.5 offers a
strong trade-off between exploration and exploitation, preventing premature convergence
while yet permitting fine-tuning close to the global optimum.

Algorithm 1: QPSO optimization procedure

1: Input: Population size P, Dimension D, and MG system parameters.

2 : Initialization: Create a random initial population according to the MG configuration.
Analyze the current position x4, personal best P, ; and global best G.

3: While (itercount < itermqy ) do

4: Sett =t+1

5: Calculate the mean optimal position:

6: mbesty q(t) = Ging;"l Pyq(t)

7: Choose a suitable contraction-expansion ¢ value:

8: {=1-—(1-05)xk/Gm

9: For each particlep =1to M do

10: For each dimension 4 = 1 to N do

11: Create a random number ¢ € [0, 1]

12: Update:

13: Ppg(t) = (@ * Ppy(t) + (1 — @) x Gy(t))

14 : Create a random number u € [0, 1]

15: Ifo>05

16 : Xpq(t+1)= Py g(t) — & * |mbestpq(t) — xp,q(t)| * In(%)
17: Else

18: Xpg(t41)= Py g(t) + & * |mbestyq(t) — xp,q(t)| * In(%)
19: End if

20: End for

21: Evaluate the objective function of x,4(f + 1) and calculate the MG total
operating cost F(x).

22: Update Py 4(t) and Gy.

23: End for

24: End all

The Table 1 displays the selection of the social acceleration coefficient (c1), cognitive
acceleration coefficient (c;) and contraction—expansion coefficient ¢ as discussed in Ref. [35],
it is important to take the following points into consideration.

1. If 1 > ¢y particles attract more towards their own personal best position, resulting in
too much scattering particles.

2. Conversely, c; > c1 particles attract more towards the global best position and rush
prematurely towards the optimal position.

3. On the other hand, if c; = ¢y, particles attract towards the average position.
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Table 1. Optimization parameter values.

Parameter Values
Number of particles (N) 50
Maximum number of iterations (iterqx) 200
Contraction—expansion coefficient () 0.5
Social acceleration coefficient (cq), 15
Cognitive acceleration coefficient (c;) 2.0

The chosen QPSO parameters in this study have a direct impact on the quality of
the solution and the rate of convergence. A swarm size of 50 particles offers a fair com-
promise between computational cost and search diversity, allowing sufficient exploration
of the solution space without requiring an excessive amount of runtime. While avoiding
pointless calculations, the maximum iteration limit of 200 guarantees enough time for
convergence toward the global optimum. By progressively decreasing particle spread, the
contraction—expansion coefficient (¢ = 0.5) encourages convergence stability. The social
(c1 =1.5) and cognitive (cp = 2.0) acceleration coefficients encourage particles to effectively
converge toward high-quality solutions while preventing premature convergence by strik-
ing a balance between individual learning and global guiding.

5. Implementation of QPSO Framework

This section examines how the proposed algorithm is implemented to optimize energy
scheduling and examines how the DSM program affects a typical MG. However, before
implementing the proposed optimization framework, bid costs are calculated for each
DG unit with maximum and minimum power limits. All of the power sources in the
MG have their maximum and minimum power outputs listed in Table 2. These outline
each distributed generation (DG) unit’s operating parameters, including its minimum and
maximum power capacity, inside the microgrid. The optimization algorithm is guided
by these limitations to schedule power generation and storage within safe and effective
operating ranges while preserving system dependability and balance. Furthermore, the
key environmental and economic factors for each DG source in the MG are listed in Table 3.
Emission parameters for CO,, SO,, and NOy that evaluate environmental impact are
included, as are bid and start-up /shut-down costs that affect economic dispatch. Emissions
from fossil fuel units like MT and FC are higher than those from renewable sources like PV
and WT. When scheduling microgrid energy, these characteristics help the optimization
model strike a balance between environmental sustainability and cost effectiveness. The
bid price of 0.380 €/kWh represents the discharging (selling) cost of the Battery Energy
Storage System (BESS), corresponding to the price at which stored energy is supplied to the
grid or local loads. To enhance model realism, the charging (buying) cost is differentiated
and set lower at 0.300 €/kWh, reflecting the cost of purchasing energy from the grid. In
addition, a nonlinear aging cost that increases with depth of discharge is incorporated to
capture battery degradation effects. Figure 6 illustrates the BESS aging cost characteristics
as functions of depth of discharge and state of charge.

The flowchart of the proposed optimization framework is shown in Figure 7. There are
three phases in the proposed structure. This framework’s scenario-generating module is
the first step. It uses the probability distribution function (PDF) to assess PV and WT power
production by assigning a random variable with a range of [0, 1]. The second element of the
framework receives the best feasible scenarios produced in the module as input, along with
DG bid prices, load forecasts, MG operational parameters, and limitations. The second step
examined how the target function of the scheduling problem, load predictions for various
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levels of DSM participation, and the constraints placed on each power source affected
the MG’s ability to access the carbon trading market. The final step involves building an
optimization using the QPSO method. The effects of different DSM involvement levels
on MG’s economy and operational stability are investigated, and various load prediction
profiles and other variables are used as inputs to optimal models. The proposed QPSO
optimization framework estimates the power exchange between the utility, DGs, and energy
storage, and looks at the output cost of each energy source to reduce the operational cost,
which is subject to the intricate limitations of the MG.

Table 2. Energy sources: minimum and maximum output [48].

Unit T Min Power Max Power
ype (kWh) (kWh)
1 MT 6 30
2 FC 3 30
3 PV 0 25
4 WT 0 15
5 BESS -30 30
6 Utility —-30 30
Table 3. Bids and emissions of the DG sources [48].
Unit  Tvpe Bid Start-Up/Shut- CO, SO, NO,
YP€  (€/kWh)  Down Cost(€)  (kg/MWh) (kg/MWh) (kg/MWh)
1 MT 0.457 0.96 720 0.004 0.100
2 FC 0.294 1.65 460 0.003 0.008
3 PV 2.584 0.00 0 0.000 0.000
4 WT 1.073 0.00 0 0.000 0.000
5 BESS 0.380 0.00 10 0.002 0.001
BESS Aging Costs
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Figure 6. Efficiency costs of BESS model.
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Figure 7. Proposed flowchart of the QPSO framework.

Simulation Evaluation Criteria

Similar to those in Ref. [38], a thorough case study is carried out to confirm the effec-
tiveness and computational efficiency of the proposed QPSO-based multi-factor resource
allocation system using real-time meteorological data from a residential microgrid situated
in Oud-Heverlee, North-East Belgium. The selected MG consists of 10 distributed energy
nodes, including 15 photovoltaic (PV) generation units, 10 wind turbines, and 10 energy
storage systems (ESSs). The MG runs on the main grid and has a backup energy stor-
age system with a total installed capacity of 6 MWh. Its 600-kWh battery module has
a depth-of-discharge (DoD) limit of 85% to guarantee battery longevity. The maximum
charge/discharge cycle for each storage unit is twice daily, and the round-trip efficiency of
the units is set at 92%. The total installed PV capacity is 35 kW, of which 30 kW is generated
by wind under ideal wind speed conditions. Furthermore, the case study covers a one-year
operational horizon, divided into four seasonal scenarios to capture the impact of seasonal
variations on renewable generation and demand-side behavior. The demand-side data
is based on past patterns of home power consumption, with summer demand peaking
at 3.8 kW and winter demand being comparatively lower at 2.6 kW. The standard MG
presented in Figure 2, which consists of BESS, FC, WT, PV, and MT, has been used to study
this case. By connecting the MG to the utility grid, the Point of Common Connection (PCC)
enables power exchange when needed. Accordingly, the demand-side load participation
percentages are 10%, 20%, 30%, and 40%. The microgrid’s integration of 50 demand re-
sponse (DR) participants, who modify their energy usage in response to dynamic pricing
signals, makes a total of 1695 kWh of flexible load accessible during peak demand periods.
One hour is the unit time interval, while one day (24 h) is the dispatching time. A 5%
contingency reserve requirement is implemented to account for practical limitations and
preserve system stability in the event of unforeseen changes in supply or demand.
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For result analysis and visualization, the MATLAB R2021b version 9.10.0.1577079
software is used to implement the proposed QPSO technique, and a Dell Core i5-latitude
E7270 CPU operating at 2.50 GHz and 8 GB of RAM were used for the experimental
simulation. The TensorFlow and Scipy optimization libraries are used in the parameter
adjustment steps. Near real-time optimization is made feasible by limiting the computation
duration per scheduling instance to 10 min. The swarm size is represented by the number
of particles (N), and the maximum number of iterations (iteryqy) is set at 50 and 200,
respectively, to provide ample opportunity for convergence. The acceleration coefficients
(c1, ¢2) are set to 1.5 and 2.0. In contrast, the contraction-expansion coefficient (&) which
is crucial in regulating the particle search behavior, is set at 0.5. The suggested case study
provides a realistic testbed for evaluating the practicality of QPSO in microgrid scheduling
by contrasting its performance with state-of-the-art dispatching strategy techniques such
as Adaptive Multiple Particle Swarm Optimization (AMPSO) [38], Real-Coded Genetic
method (RCGA) [49], and Tent Map Differential Evolution (TMDE) [50]. The output of
every RES, as well as the communication between the utility grid and the MG, was acquired
for this study. For the TMDE approach, the scaling factor (k) is set at 0.5, and the crossover
probability (pc) is set at 0.7. For RCGA, both the crossover and mutation distribution
indices are assumed to be 4, and the corresponding probabilities are assumed to be 0.8 and
0.2. The maximum inertia weight of AMPSO is 0.89, while the minimum inertia weight
is 0.41. The cognitive and social qualities are taken to be 2 and 2, respectively. Similar to
QPSO, the number of iterations and population size of TMDE, RCGA, and AMPSO are
considered as 50 and 200, respectively.

6. Results and Discussion

Five (5) assumptions were considered for the simulation experiments in this section:
(1) All of the network’s loads are electrical, and no heating load is taken into account
(2) The optimization system gives WT and PV power generation priority to maximize RESs
consumption (3) In the MG network, the power output at the PCC is at unity power factor
(4) In grid-connected MG, the dynamics of the loads are not considered (5) With its huge
capacity, the BESS can supply power for many hours. To assess the proposed framework,
five (5) case studies are taken into consideration based on these assumptions. Case 1, which
is regarded as the base case, uses a QPSO optimizer to solve the MG scheduling problem
with the aim of minimizing total operating costs. This base case analyzes the operating
cost effects of utility and DG units” power exchange in the absence of the load demand.
Accordingly, the demand-side load participation percentages of 10%, 20%, 30%, and 40%
are set for Cases 2 to 5, respectively.

6.1. Case 1: Base Case Without DSM Implementation

In Case 1, power exchange between the residential load and the microgrid is managed
by the MGCC, while MT, FC, and BESS units are given priority during the scheduling
process. Scheduling power profiles for DG units and the exchange’s power without load
demand are shown in Figure 8. The FC supplies a significant amount of the energy because
its bids are lower than those of the other units throughout the analyzed time. As market
prices rise between 9 h and 17 h and 21 h and 22 h, more MT is produced, and excess energy
is exported from the MG to the utility. In order to improve MG resilience for each DG
source, the dispatch solution prioritizes BESS utilization during the time of high energy
prices, which is from 8 h to 18 h, and minimizes MG-utility power exchange between 20 h
and 22 h. However, for the backup option, PV and WT are saved. The output characteristics
of WT and PV differ, which contribute to the MG during peak demand from 9 h to 16 h,
increasing energy exports to the utility. The contribution of renewable power output
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decreases because of the high bid prices for other DG units. Simulations showed that
utilizing RESs produces better and more cost-effective results. The unpredictability of RES
power generation, however, makes it unsuitable. Figure 9 shows the RESs” scheduling cost
profile, which aims to reduce overall operating costs. MG’s generating units have an overall
operating cost of 267.10 €. In Table 4, the base-case simulation result is presented, and the
MG'’s operating cost is compared with other optimization results. The results show that the
suggested QPSO algorithm performs better than the compared optimization techniques
in terms of computational efficiency and solution quality. In particular, QPSO had the
lowest operating cost of 267.10 €, which is an improvement of 0.99% over AMPSO, 10.52%
over RCGA, and 20.04% over TMDE. Additionally, QPSO had the fastest computation
time (6.21 s), demonstrating its superior convergence speed and lower computational
load. In comparison to RCGA, TMDE, and AMPSO, respectively, the suggested QPSO
exhibits a stronger balance between exploration and exploitation, allowing it to produce
higher-quality solutions in less computing time.

Power Dispatch (Case 1 - QPSO, Without DSM)
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Figure 8. Schedule power profile of PV, WT, FC BESS, and Utility without DSM.
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Figure 9. Schedule cost profile of RESs.
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Table 4. Simulated test results for Case 1, only economic scheduling.

Algorithm Operat(iex;g Cost Co;?gllztz(ison
RCGA [49] 298.51 10.32
TMDE [50] 334.03 12.45
AMPSO [38] 269.76 8.76
Proposed QPSO 267.10 6.21

6.2. Case 2: Implementation of DSM with 10% Load Participation

Case 2 examines the impact of DSM with 10% load participation on the microgrid.
The economic power dispatch of DG sources using the QPSO optimizer is shown in
Figure 10. The simulation’s outcome clearly shows that, in comparison to Case 1, the
overall operating cost decreases. In the same way, the output power of FC reaches its
highest value throughout the day; FC supplies a major portion of the energy while the MT
reaches its minimum during times when market prices are low and its maximum during
times when market prices are high. During periods of low utility market rates, the BESS
is set to charge between 5 h and 7 h and between 23 h and 24 h. During peak hours, the
battery uses its stored energy to power the load and exports the remaining energy to the
grid. The power output regulations governing the WT and PV RESs are different. During
peak demand, which occurs between 9 h and 14 h, it is noticed that PV and WT contribute
to MG, increasing the amount of energy exported to the utility. Thus, because PV and
WT bid prices are high compared to other DG units, the contribution of renewable power
output steadily rises and falls. The MG’s generating units have an overall operating cost of
155.01 €. The percentage decrease in MG operation costs is 41.97% as compared to Case 1,
which does not take DSM participation into account.

Power Dispatch (Case 2 - QPSO, With 10% DSM)
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Figure 10. Schedule power profile of PV, WT, FC BESS, and Utility with 10% DSM.
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6.3. Case 3: Implementation of DSM with 20% Load Participation

In Figure 11, the scheduling power profile of MGs with a deployment of 20% load
participation of DSM is presented. During the scheduling process, MT, FC, and BESS units
are prioritized. Due to its lowest bid price as compared to other DG units, the data gathered
shows that the utility is used up to 127 kW through the PCC. The MT energy consumption
is regulated to its minimum limit of 6 kW for the first 1 to 6 h and 18 to 21 h since it exceeds
the utility market price. From an economic perspective, PV and WT activate when the
MG'’s internal power output is insufficient or when additional energy must be exported to
the grid. Additionally, PV and WT modify their generating set-points based on the amount
of load at each hour of the day. The MG’s generating units have an overall operating cost
of 68.18 €. When DSM involvement is not considered, the percentage decrease in MG
operation costs is 74.48% when compared to case 1. In contrast, Case 2 yields a 56.02%
reduction in MG operation costs when DSM involvement is considered.
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Figure 11. Schedule power profile of PV, WT, FC BESS, and Utility with 20% DSM.

6.4. Case 4: Implementation of DSM with 30% Load Participation

Figure 12 shows the scheduling power profile of MGs with a deployment of 30% load
participation of DSM. Due to the higher bids of corresponding units compared to other
units during the examined period, the FC and MT within the utility supply a significant
portion of the energy during the first hour of the day. As with case 3, it is found that the
overall BESS usage is further optimized, and the charging process is completed between
16 h and 17 h of the day when prices are low. However, the discharge action is delayed
to the first hour of the day, between 6 h and 7 h, when the generation of RESs is lower.
Alternatively, WT and PV modify their generating set-points based on hourly load levels.
In Case 4, the efficient scheduling of all DG units lowers MG power imports during periods
of high demand and substantially increases total energy exports. MG’s generating units
have an overall operating cost of 44.23 €. The percentage decrease in MG operation costs is
83.44% as compared to Case 1, which does not take DSM involvement into account. When
DSM participation is considered, the percentage reduction in MG operation expenses is
71.47% in case 2 and 35.13% in case 3.
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6.5. Case 5: Implementation of DSM with 40% Load Participation

Figure 13 illustrates the optimal economic power dispatch while employing QPSO to
schedule the DG units for the next day with a 40% DSM load participation level. Compared
to previous cases, the results indicate that the scheduled electricity from all DG units is
modified so that the MG boosts overall export energy and purchases less power from the
utility during peak demand. From an economic standpoint, WT and PV are sent out when
the grid experiences power outages or more energy export to the macro-grid is needed. To
guarantee economical operation, FC, MT, and BESS also modify their generation set-points

on an hourly basis based on load levels. MG’s generating units have an overall operating
cost of 22.68 €.

Power Dispatch (Case 5 - QPSO, With 40% DSM)
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Figure 13. Schedule power profile of PV, WT, FC BESS, and Utility with 40% DSM.

The MG percentage operational cost is 91.54% lower than in Case 1 (without DSM
participation). The percentage decreases for Cases 2, 3, and 4 with DSM participation
are 48.90%, 66.85%, and 85.42%, respectively. The obtained result shows that the MG
operational cost dramatically decreases as the DSM participation level increases. The MG
operating expenses with and without DSM involvement levels are contrasted in Table 5.
The installation of the DSM program shifts controlled loads to off-peak hours, giving the
load pattern flexibility to fit the generation profile. Table 6 displays the MG operator’s
daily energy cost savings for different DSM engagement levels depending on the outcomes
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attained. We conclude from the analysis that the MG operator can lower daily operating
expenses and perhaps increase yearly financial savings.

Table 5. Simulated results of MG operating expenses.

Case ID POt “hme® Pariipation
Case 1 267.10 12.45 X
Case 2 155.01 10.3 10%
Case 3 68.18 8.7 20%
Case 4 44.23 7.5 30%
Case 5 22.68 6.2 40%

Table 6. Daily energy cost savings.

DSM Level Rég;‘tc(tj/g“
Scenario 1 Scenario 2 Scenario 3 Scenario 4
10% 41.97 - - -
20% 74.48 56.02 - -
30% 83.44 71.47 35.13 -
40% 91.54 85.42 66.85 48.90

6.6. Scheduling of DG Sources Under Carbon Emission

The only traditional power sources in the proposed MG that use natural gas or biogas
are microturbines (MT) and fuel cells (FC). When compared to other DG units, these emit
a lot more carbon dioxide (CO,) per kilowatt-hour of generation. This study focuses on
employing the QPSO optimizer to dispatch MT and FC under carbon emission without
DSM load participation. The optimal scheduling results for each emission dispatch are
shown in Figure 14. At1h, 3 h, 7 h, and 9 h, respectively, the MT output is higher. The
MT’s power production will be raised to charge the BESS during the 2 h, 6 h, and 14 h
periods, which correspond to the off-peak demand period, regarding the carbon trading
market. Likewise, the same logic applies to FC as well. By increasing M1T’s power output,
the cost of electricity purchased drops between 15 h and 17 h. The overall carbon emission
is optimized to 797.110 kg once the carbon trading market is implemented. The validation
simulation result is presented in Table 7. The compared findings unequivocally show that
the suggested QPSO algorithm provides superior performance in terms of convergence
speed and solution quality. In particular, QPSO produces the least amount of carbon emis-
sions (797.11 kg), which is 7.074% less than AMPSO, 8.077% less than RCGA, and 8.894%
less than TMDE. Furthermore, QPSO produces lower-emission solutions more effectively
than RCGA, TMDE, and AMPSO because of its quantum-inspired search mechanism,
which improves global exploration and convergence stability. QPSO converges in just 6.21 s.
Additionally, a pairwise t-test between the suggested QPSO and the comparison algorithms
was conducted to guarantee the stability of the acquired emission values. The statistical sig-
nificance of the emission decrease attained by QPSO is confirmed by the p-values for every
comparison being less than 0.05. This shows that QPSO’s better global search capabilities,
rather than random stochastic variation, are responsible for its improved performance.
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Figure 14. Schedule emission profile of PV, WT, FC BESS, and Utility without DSM.

Table 7. Simulated test results for Case 1, only emission scheduling.

Algorithm Carbor;lfgl;*lission Co;;f::t?:;on
RCGA [48] 867.15 10.32
TMDE [49] 874.93 12.45
AMPSO [38] 857.79 8.76
Proposed QPSO 797.11 6.21

6.7. Convergence Characteristics

Figure 15 shows the convergence validation of TMDE, RCGA, AMPSO, and QPSO for
carbon emissions. In the early stages, QPSO is shown to have the lowest volatility, followed
by AMQPSO, RCGA, and TMDE. The proposed QPSO converges before 150 iterations,
AMPSO stabilizes before 160 iterations, while RCGA achieves stability after 180 iterations.
In contrast, TMDE continues searching and does not converge until 200 iterations. TMDE,
RCGA, AMPSO, and QPSO have total emission values of 874.93 kg, 867.15 kg, 857.79 kg,
and 797.11 kg, respectively. As a result, the QPSO is more sensitive and efficient in ensuring
the system runs both economically and environmentally. Additionally, Figure 16 depicts
the impact of carbon emissions and the cost of MG operations. The outcome is contrasted
with the outcomes of other optimization experiments. The results show that QPSO has
lower carbon emissions and lower operating costs than other optimizations for solving the
MG scheduling problem identified in this study. According to the scenario, it is found that
a greater integration of RESs into the grid environment leads to decreased emissions, but at
the expense of increased operating costs. On the other hand, RESs have lower operating
costs and produce higher emissions when they are less widely integrated into the grid. The
computational complexity of the proposed QPSO algorithm increases with microgrid size,
number of distributed energy resources (DERs), and the length of the scheduling horizon.
As the number of DERs grows, the dimensionality of the decision vector expands linearly,
leading to higher per-iteration evaluation costs. Similarly, longer scheduling horizons
increase the number of time-indexed variables, resulting in a proportional rise in fitness
function computations.
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Figure 16. Comparison of emission and cost schedule profile.

6.8. Estimation of Greenhouse Gas (GHG) Emission

Table 8 illustrates the GHG emissions from each DG source, which were computed
according to their individual ratings. During operation, the PV and WT did not emit any
GHG. It has very little life-cycle impact and emits very little GHG. Every year, the FC uses
natural gas to generate about 136,159.563 kg of GHG emissions. On the other hand, the
natural gas-powered MT emits roughly 154,798.201 kg of GHG annually. As a result of
using natural gas, the gas-fired MT produces the most GHG. When a thermal power plant
uses coal to generate the same amount of energy from DG sources, it releases 555,667.695 kg
of GHG emissions. This discrepancy is further demonstrated by the annual GHG emissions:
the coal-fired thermal power plant emits 555,668 kg/year, whereas the total emissions from
all DG sources are only 290,958 kg/year. By showing how low-carbon DG technologies can
lower the overall carbon footprint of power generation when compared to conventional
fossil-fuel-based plants, this comparison highlights the environmental rationale and benefit
of including them in microgrid systems. The GHG emissions of the modeled MG were
reduced by about 48% as compared to its coal-powered counterpart.

https://doi.org/10.3390/su18062763


https://doi.org/10.3390/su18062763

Sustainability 2026, 18, 2763 26 of 29
Table 8. Estimated GHG emissions for the DG sources.
Ratin GHG Energy Total GHG
DG Sources (kW)g Emission Generated per Year
(kg/kWh) (Units/Year) (kg)
Solar PV 35 0 33,388.375 0
WT 30 0 20,861.21 0
FC 35 0.59 230,778.92 136,159.563
MT 40 0.63 245,711.43 154,798.201
Total GHG 290,957.764
emission year
Coalfired power 100 1.98 280,640.25 555,667.695

plant [51]

7. Conclusions

This paper illustrates how to tackle MG scheduling issues under utility-induced DSM
programs using stochastic analysis and large multi-objective QPSO. Furthermore, this work
suggests a three-phase scenario to address the uncertainties related to RESs while utilizing
DSM to resolve the energy scheduling problem over 24 h. Five (5) case studies in all
were analyzed with real-time weather data. Four percentages of load participation—10%,
20%, 30%, and 40%—were employed to evaluate DSM’s impact on the MG. Out of all
the case studies, the best optimization result is achieved at a higher DSM participation
level of 40%. Cost reductions of 91.54%, 85.42%, 66.85%, and 48.90% are achieved when
comparing this scenario to others. This study concludes, based on simulation results, that
the QPSO approach significantly lowers costs, minimizes environmental impacts, improves
reliability in the face of fluctuating energy demands, and supports more sustainable energy
practices. The suggested QPSO-based optimization methodology is appropriate for larger
and more intricate microgrid systems because of its great scalability and adaptability.
Because of its quantum-behaved mechanism, which successfully strikes a balance between
local exploitation and global exploration, QPSO maintains great computational efficiency
as system complexity rises. In addition, it provides significant improvements in energy
distribution optimization and peak load demand management, and it successfully resolves
the MG scheduling issue.

8. Future Recommendation

With the development of quantum-inspired technologies, the energy industry stands
to gain new insights into the management and optimization of energy systems in a world
that is becoming more digital and linked. Future research should concentrate on investi-
gating bigger microgrid systems, integrating more intricate restrictions like cybersecurity
and sophisticated predictive analytics, and further improving the quantum algorithms’
scalability and efficiency. Furthermore, it's worthwhile to look into how advanced ana-
lytics techniques like deep learning and Al-driven optimization might improve energy
scheduling, power generation forecasts, and energy management models. These strategies
improve forecast accuracy and assist MG’s operators in making optimal energy scheduling
decisions by making it possible to extract complex patterns from complex energy data. Fur-
thermore, future studies could expand the suggested framework to take into consideration
real-world uncertainties such as communication delays, demand variations, and inaccura-
cies in renewable predictions. The resilience and dependability of the model for real-time
microgrid operation and large-scale smart grid applications will be further improved by
using stochastic or scenario-based optimization together with adaptive control methods.
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